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NOTICE 

 

 

Medicine is an ever-changing science. As new research and clinical experience broaden our 

knowledge, changes in treatment and drug therapy are required. The authors and the publishers 

of this work have checked with sources believed to be reliable in their efforts to provide 

information that is complete and generally in accord with the standards accepted at the time of 

publication. However, in view of the possibility of human error or changes in medical sciences, 

neither the authors nor the publisher nor any other party who has been involved in the 

preparation or publication of this work warrants that the information contained herein is in 

every respect accurate or complete, and they are not responsible for any errors or omissions or 

for the results obtained from use of such information. Readers are encouraged to confirm the 

information contained herein with other sources. For example and in particular, readers are 

advised to check the product information sheet included in the package of each drug they plan 

to administer to be certain that the information contained in this book is accurate and that 

changes have not been made in recommended dose or in the contraindication for 

administration. This recommendation is of particular importance in connection with new or 

infrequently used drugs. 
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Abstract 

EHR systems generate log data, which can be productively employed to improve the efficiency, quality, and safety of 
care processes and outcomes. There is growing consensus on the value of EHR log data and the need for consistent 
approaches to working with them, including methods and measures. Following highly successful AMIA panels – the 
first in 2018 that introduced audit log data and its potential uses, and the second in 2019 that described approaches 
to achieve consistent methods and measures, our panel will present an initial cohort of leading-edge, large-scale 
projects using audit log data to tackle timely health system performance challenges. Projects were selected to illustrate 
how audit log data can support a range of research topics and methods.  The panel will also feature a discussant-led 
conversation about the opportunities, limitations, and methodological challenges emerging from real-world 
applications of these data. The learning objectives for this panel include: increasing awareness of the value of EHR 
log data for answering various clinical informatics and clinical research questions, understanding new 
methodological guidance for how to use these data in a research setting, and understanding the remaining domains 
in which community-led work could improve the quality and efficiency of EHR log data research. 
  

Panel Description 

EHR systems generate log data by recording and time stamping events and actions occurring within the system. 
Traditionally utilized to detect security and compliance issues, EHR log data are increasingly used to address varied 
clinical informatics and clinical research questions, particularly in the domains of workflow, efficiency, and patient 
safety1-4. Because these data are not entered by humans and instead are an automatic byproduct of EHR use, there are 
fewer challenges with data quality and integrity when compared to self-reported or observer-record data. However, 
there are also unique but pervasive challenges when working with log data in a research context3-4. 

We selected a set of large-scale research projects that feature cutting-edge use of audit log data to examine care 
processes and/or outcomes. During the panel, each speaker will present the approach and results of their projects, 
emphasizing the role of audit log data as well as the methodology and measurement challenges they addressed. The 
presentation of results will be followed by a discussant-led conversation to stimulate reflection on the strengths and 
limitations of the projects, extensions of the project efforts that could increase their value, and future needs of 
researchers working with EHR log data. The panelists represent different institutions (UCSF, Stanford, and OHSU) 
and have diverse background and training. Specifically: 

Julia Adler-Milstein, PhD (moderator and organizer) will kick-off the panel by introducing the panelists and the 
topic. She will frame the current set of national efforts to advance use of audit log data and associated organizational 
and policy drivers.  She will present a framework for applications of audit log data to conduct novel research on care 
processes and outcomes within the NAM quality domains. She will then situate each of the panelist’s projects within 
that framework. 
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Jonathan Chen, MD PhD (panelist) will present the results from one of the first large-scale, multi-site studies using 
audit log data.  Funded by the Gordon and Betty Moore Foundation, the project leverages audit log data to capture 
contextual dimensions of diagnostic assessment. Specifically, the project assesses whether the granular nature of EHR 
audit log data can provide insight into the critical ‘context’ surrounding the diagnostic process, which can be as 
important as clinical factors, but is often hidden from informatics research. Complex concepts like “busyness” and 
“experience” may be inferred from audit log data at the hospital, department, team and individual levels during a 
diagnostic window. When combined with clinical data, audit log data may contextualize events by revealing who was 
involved in critical actions, their experience managing similar patients, and how the team has worked together in the 
past. Dr. Chen will present results elucidating 10 audit-log derived contextual features from a cohort of 265 acute 
stroke patients who received Tissue Plasminogen Activator (tPA) in a major medical center Emergency Department 
(ED). Notably, the results shows that an increased number of experiences between team members on similar cases is 
associated with improved time to tPA ordering in acute stroke patients (r(263) = -0.29, p < 10-6) – a key diagnostic 
performance outcome. By identifying key contextual factors that contribute to diagnostic performance, this work may 
ultimately improve the efficiency of diagnostic processes and reduce errors by illuminating heretofore hidden or 
difficult to obtain contextual factors that affect care in the clinical setting. 

Michael Wang, MD (panelist) will present the results from a study using audit log data to capture documentation and 
review of Social Determinants of Health (SDOH) data in the EHR. SDOH such as homelessness, food insecurity and 
employment status are an increasingly recognized contributor to patient morbidity and mortality. In response, EHR 
design is evolving to more systematically capture this information and present it to clinicians for decision making. At 
UCSF Health like many other places, our EHR currently allows for the capture of SDOH using structured data 
elements from a patient’s clinical history, diagnosis codes, and nursing assessments as well as unstructured data 
elements such as free text social documentation in the patient history and social work notes.  To evaluate how EHRs 
are used to document SDOH, we use audit log data from UCSF Health to characterize how often these SDOH data 
types are populated for patients with inpatient admissions between Feburary 1, 2019 and Janurary 31, 2020. Perhaps 
more importantly, we created an accompanying set of consumption metrics that describe how often SDOH data are 
viewed or indicated as reviewed. Consistent with other studies, we found that structured data entry for social needs 
was not frequently populated during the study period (<1% for fields such as diagnosis code and patient history) unless 
required by clinical workflows (88% for structured documentation of housing status in nursing flow sheet); 
unstructured fields fell in the middle (~49% for free text patient social history and social work notes).  When data was 
populated, there was reasonable consumption of the data (ranging from 63% for social work notes to 89% for free text 
patient social history). These results reveal that the current documentation environment that is predominantly 
voluntary is not conducive to structured SDOH data entry, but when available, SDOH is being reliably consumed.   

Michelle Hribar, PhD (panelist) will present results from the use of audit log data to measure and evaluate clinician 
work. Since audit log data contain timestamps recorded during clinical work, they can be used to calculate both timing 
of workflows as well as of EHR use.  Dr. Hribar’s work focuses on analysis of audit logs in outpatient ophthalmology 
clinics to measure multiple aspects of provider work both within the EHR and outside of it.  First, this data was used 
to model workflow for creating a new scheduling template in outpatient clinics; evaluation also using audit logs 
showed up to a 20% decrease in patient wait time while clinic volume was increased by 1-2 patients.  Second, ten-
years of audit log data was analyzed to identify trends in use, revealing that physicians spent about 2 more minutes 
per patient in 2016 compared to 2006.  Finally, her work discovered that scribe use did not significantly decrease EHR 
time needed to complete documentation after an outpatient office visit. Dr. Hribar will present how audit-log derived 
measures used in her work were calculated and applied in these large-scale studies. She will also discuss the challenges 
and limitations of using audit log data for measuring clinician work. 

Adam Rule, PhD (discussant) will leverage his substantial experience with audit log data, including performing a 
systematic review of literature on use of audit logs to study clinical activities3, to facilitate a participatory discussion 
with the panel and audience to address both opportunities and barriers to using audit logs to study care processes and 
outcomes. Questions to be considered include: 
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 How might the presented projects be extended? 

 What are other potential use cases for audit log data in operations, policy making, and research? 

 What are the needs of researchers using audit log data and how might we meet these needs? 

 What are the primary barriers to using audit log data and how can these barriers be overcome? 
 What should the role of EHR vendors be in setting audit log standards and supporting the conduct of audit-log 

based research? 

 
Topic Rationale  

EHR log data are a potentially powerful input for clinical informatics and outcomes research, but researchers are just 
beginning to use this data to answer a range of important clinical research questions. The AMIA community is a 
leader in use of EHR log files to advance this promising area. It is therefore critical to share current results from 
cutting-edge audit log projects to ensure broad awareness and solicit feedback about how ongoing work can be 
improved and extended for greater impact. The anticipated audience for this panel will be clinical informaticists at a 
broad range of institutions including universities, industry (in particular, EHR vendors), government, and healthcare 
delivery organizations, who are building EHR log data infrastructure or using EHR audit log data to answer clinical 
and operational research questions.   

Statement of Agreement to Participate 

All panelists have approved of this submission and agreed to participate.  
  

Panel Participant Details 
 
Julia Adler-Milstein, PhD. Director, Center for Clinical Informatics & Improvement Research. Associate 
Professor, Department of Medicine, University of California San Francisco 
Jonathan Chen, MD, PhD. Assistant Professor of Medicine (Biomedical Informatics) at the Stanford University 
Medical Center 
Michael Wang, MD. Assistant Professor of Medicine, University of California San Francisco 
Michelle Hribar, PhD. Assistant Professor, Department of Medical Informatics and Clinical Epidemiology, Oregon 
Health & Science University 
Adam Rule, PhD. Postdoctoral Scholar, Deparment of Medication Informatics and Clinical Epidemiology, Oregon 
Health & Science University 
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Abstract 
The turn of the decade has challenged all aspects of society with an unprecedented challenge of an emerging 
healthcare system crisis caused by a novel pathogen. Even before the first official case have been registered in the 
U.S., COVID-19 has stressed the administrations with concerns about strategies to avoid capacity overrun. At the 
same time informaticians have received the challenge as an opportunity to demonstrate the utility of solutions and 
expertise they have accumulated over preceding decades in facing and deflecting exactly this type of crisis. This panel 
brings together informatics experts at the Medical University of South Carolina to discuss how the COVID-19 
challenge has been met by their health system and exactly what steps amounted to a successful comprehensive 
response by these informatics practitioners. 

Introduction 
Barely noticed at first as an evolving threat at the end of 2019, the threats of the COVID-19 pandemic on the US 
society has increasingly penetrated all levels of society in the first months of 2020.  Specific challenges faced by health 
systems cascaded one on top of the other to create an avalanche of concerns for administration and operations. First, 
disruption of supply chains both on state and global level, which resulted in fear of potential lack of adequate personal 
protective equipment and other healthcare worker safety concerns. Second, the concern of capacity overrun as seen in 
Europe has elevated the need to procure and maintain adequate medical equipment and medications for the response. 
The uncertainty of the exact demands on the health systems was only minimally alleviated by the global national 
campaign to ‘flatten the curve’. Third, the information needed to project the supply requirements was limited in part 
by inadequate testing capacity nationally and locally to characterize full scope of COVID-19. This was further 
exacerbated by relative novelty of the pathogen, which resulted in a variety of doom’s day scenario models based on 
worst case estimates of the unknowns. Fourth, the nature of a pandemic required to extend adequate patient care to 
communities beyond beds in the health system. Fifth, large segments of clinical, operational, technical, research, and 
academic workforce had to be transitioned to remote working environments. Finally, the usual challenges of crisis 
communication and coordination of response needed to be addressed to enable solutions at all levels. 

Expertise of the panel:  
Dr. Lenert is a “health systems engineer” and a former founding Director of the National Center for Public Health 
Informatics at Centers for Disease Control and Prevention. As such, he works to create advanced social technical 
processes (including technology-based solutions) that address critical problems in translational and precision medicine 
and population health. When he was the Director of the National Center for Public Health Informatics at CDC, he 
worked to design information systems that met the USA’s need for rapid response to outbreaks and protection from 
bioterrorism. As Chief Research Information Officer, SmartState Endowed Chair in Medical Bioinformatics, and 
Professor of Internal Medicine at the Medical University of South Carolina (MUSC), he integrates research and 
clinical environments to create learning health systems at MUSC which in turn support the communities they serve. 
He also serves as the Vice President and Chief Medical Officer of Health Sciences South Carolina (HSSC), to extend 
this work statewide state-wide, creating a learning health system driven by technology enabled communities of 
practice. 
Dr. Ford is a Professor of Medicine in the Division of Pulmonary, Critical Care, Allergy, and Sleep. Dr. Ford earned 
her M.D. and completed her internal medicine training at Johns Hopkins University College of Medicine and Johns 
Hopkins Hospital. She completed a fellowship in pulmonary and critical care medicine at MUSC in 2005. She is board 
certified in pulmonary, critical care, and hospice/palliative medicine. Dr. Ford focuses her clinical and research efforts 
in different aspects of critical care including quality improvement, telemedicine, and community outreach.  She is the 
Program Director for MUSC’s federally designated Telehealth Center of Excellence and played an integral role in 
MUSC’s COVID-19 response including inpatient planning for patient surge related and MUSC’s telehealth response. 
Dr. McSwain is the Chief Medical Information Officer for the MUSC Health system. He is the Co-Founder of the 
SPROUT (Supporting Pediatric Research on Outcomes and Utilization of Telehealth) National Telehealth Research 
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Collaborative, Main Principal Investigator for the NIH-funded (NCATS) SPROUT-CTSA Collaborative Telehealth 
Research Network, and the Chair of the American Academy of Pediatrics (AAP) Section on Telehealth Care (SOTC). 
He is passionate about building collaborations of patient, family, and clinician-focused innovators to solve complex 
national and global healthcare problems. 
Dr. Welch is Assistant Professor of Biomedical Informatics. He has developed an award-winning telemedicine 
application called Doxy.me (https://doxy.me). Recognized for its simplicity, Doxy.me initial userbase of 25,000 
healthcare providers and organizations around the world has exploded in the wake of the COVID-19 crisis. He has 
received NIH funding to adapt Doxy.me to support ability of researchers to obtain research consent from participants 
remotely by video. He is also a recipient of a K award to evaluate if ItRunsInMyFamily, which uses social networking 
and artificial intelligence, is an easier and more effective way to collect FHx than current proband-centric tools.  
The panel will be moderated by Dr. Alekseyenko, Professor of Biomedical Informatics, Director of the Living 
µBiome Bank, and Graduate Director for the Joint Clemson University-Medical University of South Carolina PhD in 
Biomedical Data Science and Informatics. 

Brief description of panelists’ presentations: 
• Dr. McSwain, “Building in Adaptability: implementing technology and processes that invite the unexpected” 

Major health IT projects take months or years to design and deploy, so the key to building the capacity to respond 
to the unexpected lies in designing flexible systems that function well across contexts and are easy to understand 
and communicate across the organization. When the COVID-19 pandemic struck, MUSC had just opened the 
new Shawn Jenkins Children’s Hospital, including telehealth technology built into every inpatient room which 
functioned seamlessly through the Epic patient record. The medical and clinical informatics teams at MUSC 
Health had also spent many months developing change management, request intake, and educational processes 
that were simple, adaptable, and scalable. The end result of these efforts, and the relationship-building across the 
organization that they required, was a system and processes that were ideally suited to responding rapidly and 
efficiently to unprecedented and unanticipated demand in a high-tension environment requiring many balances 
and compromises (1). 

• Dr. Lenert, “Adapting chronic care home health systems for community-based care in the COVID-19 
Pandemic”.  
The COVID-19 pandemic presented overwhelming challenges to health care systems that may have been lessened 
by allow patients to remain in the community for care longer. Early in the COVID-19 pandemic many health 
systems implemented the screening of patients using telehealth technologies. To limit exposures to medical 
personnel, large numbers were subsequently screening in “drive-through” and other ad hoc settings for diagnosis. 
This left a gap on what to do with patients who were diagnosed and at high risk. This presentation describes our 
efforts to extend telehealth systems of care into community management of those high-risk patients with SARS-
COV-2 infection by adapting previously developed research infrastructure. The system combined our Epic EHRs 
population health tools with mobile devices, Azure cloud analytics and a custom gateway for reintegration of data 
into Epic. We began with developing registry functions to define critical populations. These fed systems for 
evaluation of the risks patients faced with the prescription of home health monitoring via a custom app. All Epic 
work was conducted by our Epic Research Team. Building upon prior apps for chronic health management, we 
created cross-platform app was linked to Epic via barcode scanning of an encrypted identifier. It supported 
telehealth video communications as well as monitoring via patient reported outcome measures and linked sensors 
(pulse oximeter, thermometer). Data were uploaded to an Azure cloud environment, where data were cleaned, 
summarized and trended, and predictive analyses were performed, before being returned to Epic via a custom 
gateway previously built for integration of research applications. Results were used to prioritize resource 
allocations and drive further telehealth evaluations and research studies for acute therapies. The project illustrates 
how MUSC’s CTSA research systems could be rapidly adapted to provide innovative clinical care in a crisis and 
gain useful insights about the pandemic (2). 

• Dr. Ford, “Re-engineering and deploying telehealth solutions in response to COVID-19” 
Telehealth modalities we re-engineered and deployed in response to Covid-19 included four key 
modalities/programs.  First, MUSC’s Virtual Urgent Care platform was re-engineered to screen and refer patients 
for respiratory virus and/or COVID-19 testing as indicated by evolving federal guidance.  Second, a remote patient 
monitoring program for patients testing positive for COVID-19, but not requiring hospitalization, was built 
combing patient reported outcomes measures and the option for home pulse oximetry.  Third, technology derived 
from MUSC’s continuous remote monitoring program (aka ‘tele-sitter’) was deployed to hospital inpatient rooms 
with patients known or suspected to have COVID-19 to reduce healthcare worker exposure and preserve personal 
protective equipment. Fourth, we transitioned our healthcare system’s ambulatory practices from overwhelmingly 
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face-to-face clinical interactions to virtual visits, either via a video visit or via a virtual check-in between the 
patient and provider (3). 

• Dr. Welch, “Telehealth comes of age”  
From the standpoint of the founder of Doxy.me this presentation describes the explosive growth of the company’s 
telehealth services during the COVID-19 pandemic and how they were able to adapt to the greatly increased 
demand. I will describe the unique architecture of Doxy.me that allowed clinicians to rapidly add HIPAA 
compliant telehealth services with new infrastructure requirements. As Doxy.me users grew by tens of thousands 
per day, the company has overcome struggles to maintain services that allowed thousands to be evaluated for 
telehealth. On March 24th, 2020, in a single day, the company delivered 10 million minutes of telemedicine over 
600,000 unique session. I also describe the formative work with other researchers on Teleconsent using Doxy.me 
and its use in clinical trials during the outbreak. Teleconsent, the use of telehealth technologies in the process of 
elicitation of informed consent for research studies, was deployed as the frontline method for elicitation of consent 
for studies involving COVID-19 at MUSC. 

As we are looking into the deepening of the pandemic in the US, the advocated approach at MUSC is focused on 
creating a flexible system that integrates remote/virtual approaches with in-person workflows as seamlessly as 
possible. Our expectation is that we will have to flex the balance between virtual and in-person services frequently 
depending on the circumstances. For this reason, we want the scheduling, documentation, billing, etc to be very similar 
regardless of how the encounters are performed. This will minimize the impact of shifting the delivery method.  
Similarly, the deployment of technology needs to be flexible to adjust to evolving needs and circumstance particularly 
around the use of mobile devices, laptops, webcams, etc. We are developing a pool of devices that are used in one 
clinical context during “normal operations,” which can be efficiently redeployed to emergency use during a COVID 
surge or other disaster situation. 
Relevance of topic and anticipated audience 
We anticipate the content of this panel to be broadly relevant to AMIA audience. The more junior members will 
learn about the breadth of institutional informatics involvement and discover potential areas of informatics 
specializations. The more experienced members will use the panel as an opportunity to discuss the challenges met at 
their institutions. Overall, we hope that the panel will result in broader understanding of the role of informatics in 
building of a health system resilient to challenges posed by crises. 
Discussion Questions:  
1. What components of informatics infrastructure allowed for rapid response to the COVID-19 in your institution? 
2. What infrastructure needed to be rapidly developed to overcome the challenges? 
3. If you were to re-live the crisis again what would you have done differently? 
4. What missed opportunities presented themselves during the crisis that could be taken advantage in the future? 
Learning Objectives: 
• Characterize the healthcare system challenges faced during COVID-19 crisis and the role that informatics plays 

in efficient and timely response to these challenges; 
• Identify the components of effective informatics infrastructure necessary for organizational resilience to novel 

public health challenges; 
• Describe the role of informatics standards in enabling rapid response and resilience against evolving stresses on 

a learning health system; 
• Specify the role of informatics in supporting healthcare delivery during the times of potential capacity overrun. 

The organizer members confirm that all participants have agreed to take part on the panel. All presenters agree that 
if their submission is accepted, they will register either for the full conference at the designated author registration 
rate or for the day they are presenting at the daily registration rate. 
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Abstract  

New federal regulations (HealthEData, part of the 21st Century Cures Act) put patients in control of their health 
records providing unprecedented access to health data. Yet poor health literacy, numeracy, and technological literacy 
pose barriers to turning data into actionable health knowledge. Informatics researchers have an obligation to apply 
findings about literacy, numeracy, and inclusive design to avoid perpetuating inequalities in health and the healthcare 
system. In this panel, we advocate a work system approach, in which the health information providers, resources, and 
contexts surrounding the patients are all considered in the presentation of health data. The panelists will share 
research aimed at promoting patient knowledge comprehension through visualizations created using a work system 
approach. After participating in this session, attendees should be able to describe the core constructs of a work system 
framework for inclusive design and apply different approaches for translating health data into knowledge.   

Keywords: Information visualization, personal health informatics, health communication, health literacy, social 
determinants of health 

Introduction  

Informatics interventions exist, by definition, to harness data and translate it into knowledge. Many patient-focused 
interventions assume that simply presenting health data to patients will result in them deriving knowledge. However, 
successful communication of knowledge involves a coordinated process between two or more people where they 
consider situational factors as well as the experience of each person that may affect their interpretation of information.1 
For example, some systems adapt patient education information based on the preferred language and literacy level of 
the patient. Identifying these constructs (language and literacy) involves a coordinated process between the healthcare 
professional and the patient. Unsurprisingly, ample evidence shows that the ways in which patients derive knowledge 
from medical concepts, terms, and data varies drastically between individuals.2,3 Because poor comprehension (i.e. 
knowledge derivation) is associated with negative health outcomes, poor design inclusivity can be dangerous to 
patients and can further perpetuate existing inequalities in the healthcare system.4  

The “HealthEData” initiative enacted in March 2020, 
part of the 21st Cures Act, gives all patients secure 
access to and control over their electronic health data.5 
However, access to data does not beget knowledge, and 
this access may disproportionately benefit patients with 
higher health literacy, health numeracy, and 
technological literacy. We assert that informatics 
providers have a responsibility to design solutions that 
meet the comprehension needs of all patients, 
particularly those who are underserved. We propose 
work system model (Figure 1) to facilitate inclusive 
design in creating information materials for patients. A 
work system recognizes work as influenced by the 
interactions between system dimensions including: the 
environmental, social, and organization contexts as 
well as the people and information.6,7 Information 
providers who develop informational materials, as well 
as policymakers and administrators who control the 

Figure 1: Work system model for creating inclusive health information.6,7  
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flow of resources within a system, all play a role in comprehension. In this panel we will discuss inclusive design from 
work system perspective and through distinct research applications. Each application presented uses different 
informatics methodologies and tools (patient design sessions, interactive web-based tutorials) to improve patient 
comprehension of health information.  

Discussion Questions:  
● Outside of those discussed in this panel, what additional informatics methodologies can be used to translate 

information to knowledge for patients? 
● What tools or resources may be developed to encourage use of a work system approach to inclusive 

information design, particularly in light of the new “HealthEData” initiative ruling? 
● What are the bounds of responsibility (if any) for informaticists within the patient work system as it pertains 

to designing information? 

The Panel 
Each panelist will share research that promotes patient comprehension using a work system approach, including the 
communication of risk (Drs. Ancker), medication instructions (Dr. Sharko), and patient reported outcomes (Dr. 
Masterson Creber). 

Dr. Benda is an expert in the work system approach (human factors) and the science of communication. She has been 
involved in multiple panels and book chapters discussing how a work system approach can advance health equity. Dr. 
Benda will introduce the concept of a work system and present the application of a patient work system for inclusive 
design in informatics research. This discussion will include identifying where social determinants of health fit into the 
work system and how different components of the work system must be considered in information design.8 Dr. Benda 
will identify areas of the system not addressed in the panel, which represent opportunities for future work. This will 
promote discussion related to the bounds of the responsibility of informatics and information design in a systems-
based approach to creating information.  

Dr. Masterson Creber’s research focuses on using mobile 
health to support patients with chronic disease management 
through NINR-funded mHealth for heart failure symptom 
monitoring. Throughout this project, she has applied a work 
system approach to develop a web-app for older, chronically-
ill adults with limited English proficiency, low health literacy 
and limited technology experience. Dr. Masterson Creber will 
discuss her research developing and evaluating patient-
centered visualizations to communicate Patient-Reported 
Outcomes Measurement Information System (PROMIS®) 
measure scores to patients (example in Figure 2). PROMIS® 

measures are a widely used, standardized system for 
collecting patient-reported outcomes (PROs).9 PROs are often reported as a standardized T-scores and standard 
deviations, statistical concepts with which many patients are unfamiliar. Findings related to comprehension and risk 
perception of visualizations in the setting of patients’ graph literacy, health literacy, and numeracy will be discussed.10 

Dr. Ancker is an expert in health numeracy and leads an NLM-funded Making Numbers Meaningful (MNM) study 
to improve how information providers communicate numbers to patients. She will demonstrate how the healthcare 
system has successfully made complex numerical health information meaningful and understandable to patients. 
Although patients are still encountering confusing medication instructions, information about medical risks, and 
uninterpretable lab results, research and best practices have demonstrated ways to make this information 
comprehensible and actionable. The MNM project has conducted a large systematic review to aggregate and 
synthesize this evidence about how to design numerical information for patients at all numeracy levels. The project is 
leveraging this review to build an interactive decision support system for patient information providers (Figure 3).  
Dr. Sharko Dr. Sharko is a pediatrician with a Master of Health Informatics who will discuss how to utilize different 
numerical formats to improve communication of medication instructions.  Patients frequently misunderstand 
medication instructions, particularly those with low health literacy.  This results in lower medication adherence and 
self-administration errors, especially in our most vulnerable populations. Fortunately, different formats can drastically 
improve comprehension.11,12 Dr. Sharko will discuss research on various numerical formats used to improve patient 
comprehension, and will present a novel conceptual model with which to parse medication instructions into relevant 
components and formats.  

Figure 2: Example PROMIS visualization.  
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Dr. Meghan Reading Turchioe’s work involves 
a work system approach and draws on her clinical 
nursing experience to design, develop, and 
implement technologies that improve chronic 
disease management. She will serve as the 
moderator. Following the panelists’ presentations, 
the moderator will facilitate discussion by first 
posing one to two questions to the panel to elicit 
greater understanding on using a work system 
approach to translate data into knowledge. The 
audience will then be invited to ask addition 
questions and engage in a discussion surrounding 
the role of informatics in promoting patient 
comprehension of health information.  

Learning Objectives 
After participating in the session, the attendant should be able to: 

● Describe the core constructs of a work system framework for inclusive design. 
● Apply different approaches and methods for translating health information into knowledge 
● Identify resources that guide informatics professionals on inclusive design to improve health equity 

Panel Organizer Statement 
All participants have agreed to participate in this panel. 
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Figure 3: Sample mockup of MNM decision support interface . 
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Abstract  

The AHRQ evidence-based Care Transformation Support (ACTS) initiative has developed a shared vision for health 

IT-enabled, evidence-informed care delivery and transformation, and a stakeholder-driven Roadmap for broadly 

achieving this vision. Over 150 individuals from 80+ organizations worked together to create this Roadmap for 

developing learning health systems that achieve the quadruple aim, including fully leveraging resources from AHRQ 

and others. This panel will outline AHRQ’s goals, context and process for the initiative, the Roadmap and future 

vision, as well as the perspectives of 3 participants on implications for their organization and stakeholder groups, 

and steps they are taking to execute it. Panelists represent CDS and health IT suppliers, federal agencies, standards 

initiatives, and care transformation experts. After panelist presentations, the second session half will be interactive 

discussion with attendees (likely including other ACTS participants) to surface opportunities to leverage Roadmap 

execution efforts to accelerate care transformation within and across organizations. 

 

Introduction 

In the U.S. healthcare system, the flow of data, evidence, knowledge, and tools to support critical decisions and actions 

is highly siloed and fragmented. This leads to preventable problems with care and patient outcomes, unnecessary 

expenditures, suboptimal patient experience, and overburdened clinicians.1 While there have been major investments 

in health information technology (IT),2 value from these investments,3 and efforts to standardize decision support 4,5 

there remains a chasm between the degree of transformation achieved in other industries and that seen in healthcare. 

There is growing consensus that evidence-informed, health IT-enabled care transformation delivered through a 

learning health system (LHS) is the solution to these deficiencies. Ultimately, the goal is to achieve the Quadruple 

Aim6 to simultaneously enhance patient experience, improve population health, reduce costs, and improve clinician 

experience in care delivery.  

 

Fostering collaboration among stakeholders and the many initiatives already focused on health IT-enabled care 

transformation can accelerate progress toward an effective LHS. The Agency for Healthcare Research and Quality 

(AHRQ) produces many valuable, evidence-informed resources to support care delivery and transformation and LHSs. 

However, AHRQ resources are not used as widely or effectively as they could be by those who could benefit 

significantly from them; the same is true for many other public and private resources. To promote broader value from 

carefully curated resources AHRQ and others provide, AHRQ has embraced the need to make resources more FAIR 

(Findable, Accessible, Interoperable, Reusable) and to increase attention and efforts to enable others to use these 

resources to produce better support for healthcare decisions and actions.  

 

In late 2018, AHRQ launched the AHRQ evidence-based Care Transformation Support (ACTS) Initiative7 to develop 

a Roadmap for how to improve access to and use of resources that AHRQ and others provide to improve care delivery 

and transformation toward the Quadruple Aim. The central goal for ACTS is to ensure that evidence, knowledge, and 

guidance resources from AHRQ and others are optimally accessible and useful to all who can benefit from them. To 

achieve this goal, ACTS established a Stakeholder Community to help outline the current state of evidence-informed 

care delivery and transformation, a shared desired future vision, and a recommended path to get there.  

 

Developing the ACTS Roadmap  

ACTS efforts were anchored by a diverse Stakeholder Community of over 150 members from 80+ organizations 

which met via teleconference 15 times from late January through October of 2019. Workgroups consisting of 

Stakeholder Community members were launched in March of 2019 and met weekly over six months to help define a 
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shared future vision for evidence-informed and health IT-enabled care. Three initial ACTS workgroups focused on 

the Future Vision, Infrastructure and Standards, and resource Marketplaces. A fourth Roadmap workgroup was later 

launched to bring the individual workgroup efforts into a unified roadmap; the Roadmap workgroup has continued to 

meet in 2020 to explore executing the ACTS Roadmap via pilots, concept demonstrations and other efforts. 

 

The ACTS workgroups defined a shared vision of what transformed care that fully leverages resources such as those 

AHRQ and others do (or could) produce looks like and provided a roadmap to broadly realize that vision. This 

Roadmap addresses issues such as collaboration and governance, standards, infrastructure, and implementation 

support to better address the needs of patients, care teams, and many other LHS stakeholders.  Although there are 

valuable LHS-related efforts underway, there had not previously been a shared vision across stakeholders that 

contextualized the individual efforts or ensured they are optimally synergistic in achieving the desired, broadly 

realized LHS goal. The ACTS future vision describes a virtuous cycle enabled by the LHS where resources and tools 

flow seamlessly - see Figure 1.  The ACTS Roadmap outlines how the roles, needs, and actions of critical stakeholders 

could be integrated to achieve individual and shared goals better.  

 
Figure 1: ACTS Roadmap Components for a National LHS cycle to achieve the Quadruple Aim 

Proposed Panel 

The goal of this panel is to build on the valuable dialogue, activities, and collaboration reflected in the ACTS Roadmap 

to benefit more organizations from this work and accelerate widespread progress toward the future vision. Annual 

Symposium attendees typically reflect many key LHS stakeholder groups, and this panel is aimed at such participants 

that have care transformation as a focus. 

 

Mr. Bernstein is the AHRQ project officer for ACTS and will describe AHRQ’s goals, context and process for the 

initiative. Dr. Osheroff chairs the Stakeholder Community and will briefly describe the consensus LHS future vision 

and the Roadmap for achieving it. Other panelists who helped develop the future vision and Roadmap will discuss 

how these relate to their organizations and priority initiatives, ACTS pilots, and broader implications for the audience.  

 

Government Agency, Maria Michaels, CDC:  Ms. Michaels will demonstrate how the ACTS LHS-related goals align 

with CDC’s goals of improving the public’s health. Through a CDC-led multi-stakeholder initiative on Adapting 

Clinical Guidelines for the Digital Age, AHRQ resources such as CDS Connect8 have been integral to delivering 

actionable knowledge, exemplified through a joint pilot (ACG & ACTS) with asthma guidelines. CDC’s Making EHR 

Data More Available for Research and Public Health (MedMorph) helps close the LHS feedback loop by developing 

a reference architecture that can help standardize how researchers/others are able to access data to advance evidence. 

                                                                                                                                                                                

Clinical Decision Support Supplier, Brian Alper, EBSCO: Dr. Alper will demonstrate how the ACTS initiative is 
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helping mobilize biomedical knowledge better by coordinating collaboration, standards, infrastructure, and 

implementation support. Specific examples will include: coordinating metadata expression for biomedical knowledge, 

CDS vendor use of AHRQ resources to develop and improve multiple knowledge products and services, and how the 

common nonproprietary elements and considerations for knowledge processing can be leveraged for these efforts. 

 

Health IT Supplier, Blackford Middleton, Apervita: Dr. Middleton will briefly recap the AHRQ-funded CDS 

Consortium experiments which demonstrated the feasibility of mobilizing computable biomedical knowledge and 

cloud delivery at scale - across disparate EHRs which informs the ACTS LHS vision and goals. This work continues 

at Apervita, which uses AHRQ and CMS knowledge resources and standards to implement a clinical computation 

engine for measurement, payment, and care transformation to enable a knowledge network. Progress on an ACTS 

LHS Pilot implementation of HTN guidelines to multiple EHRs in disparate settings will be described.    

 

The panel’s second half will be devoted to interactive discussion among panelists and audience members (likely to 

include other ACTS participants) to surface opportunities to further accelerate the ACTS Roadmap implementation 

within and across individual organizations. Prompts for this discussion include: 

● Does the Roadmap and future vision seem valuable for your efforts? If so, how? 

● Are there ways your organization can benefit from actions/collaborations the panelists pursued? If so, what/how?  

● How could any subsequent activities to execute the ACTS Roadmap most benefit your organization? Are there 

ways you or your organization could contribute to further Roadmap execution? 

All participants have agreed to take part in the panel. 

 

Conclusion 

Many resources and tools from AHRQ and other organizations are available to support care delivery and 

transformation, but these are not used as widely and effectively as they could be. In addition to making these and other 

LHS-related resources more FAIR and useful, new offerings are needed to optimally support decisions and actions in 

ways that will realize the quadruple aim.  A broad, multi-stakeholder initiative has outlined a shared future vision for 

virtuous, seamless LHS cycle where care actions produce valuable data which is converted into useful evidence that 

in turn drives helpful, workflow-friendly knowledge and tools that further optimize care actions, and so on. Initial 

Roadmap-driven steps toward realizing this future vision are already underway. This interactive panel will build on 

this work and leave attendees with valuable insights and opportunities to advance their efforts in this area in ways that 

further accelerate progress toward the future vision. 
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Abstract 

The increase in the adoption of Fast Health Interoperability Resources (FHIR) facilitated by new regulations creates 
opportunities for informatics innovations. To accelerate innovation, however, we need a trained workforce. In this 
panel, we will present four experiences with using FHIR to train clinicians, decision-makers in a global context, and 
nursing informatics and biomedical informatics students. After attending the panel, participants will be able to: a) 
describe how to train clinicians, students, and decision makers in a global context in the use of the FHIR standard, 
and b) incorporate active learning strategies related to standards and interoperability (using FHIR specifically) into 
their academic training programs.  

Description of the Panel: 

The current proprietary electronic health record (EHR) market tends to be architected monolithically, making 
modification difficult for healthcare organizations. The relatively new standard Fast Healthcare Interoperability 
Resources (FHIR), and the SMART on FHIR framework separate the core EHR systems from the apps, which opens 
a new world of opportunities for informatics innovations.[1, 2] But to accelerate innovation, we need a trained 
workforce. Different strategies can be used to provide training, from formal university-based training to professional 
educational activities.  

There are several reasons that FHIR is a useful topic for informatics training and professional development, and the 
panelist will reflect on these issues. First, the FHIR infrastructure is publically available which makes it a useful tool 
to use in curriculum and to provide exposure to real world resources.  Second, the topic of FHIR is valuable for 
teaching foundational principles about interoperability, semantic and syntactic standards, and the standards 
development process itself. Third, FHIR-related projects can engage multidisciplinary team members with varying 
levels of technical expertise. Finally, it is feasible to produce useful outputs from activities that can be done in the 
context of training and workshops.  

Many standards in use today were developed in collaboration with informatics professionals working at the University 
of Utah and Intermountain Healthcare. In this panel, four experts in health informatics from these organizations will 
describe how FHIR has been incorporated into different learning activities. The multi-disciplinary panelists each 
address different target audiences. They will describe target learners and the motivation and strategies used to 
incorporate FHIR into learning activities.  Each presenter has several years of experience with the topics they will 
discuss.  

Intended Audience 

This panel is intended for two audiences.  First, we are targeting health informatics educators who may be interested 
in using similar strategies in their settings.  Second, we are targeting potential FHIR-based project collaborators (e.g., 
with health system, software engineering, clinical or public health expertise) who may be inspired to engage 
learnees/trainees in similar activities that could lead to learning and system development to meet a real need.  

 

Panelist and Topics: 

Global trainees: Damian Borbolla, MD. MS:   

Dr. Borbolla will moderate the panel and will present the experience of teaching a FHIR workshop to an international 
audience, in Lima, Peru. In 2019, Dr. Borbolla together with the Institute of Health in Peru, received a WHO/PAHO 
grant to develop a Social Determinant of Health (SDH) SMART on FHIR application. As part of the project, an 
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educational activity was proposed. In October 2019, a three-day hands-on workshop was offered in Lima, Peru. Over 
40 participants from different healthcare organizations, insurers and military participated in the training sessions. As 
part of the workshop participants identified fundamental components of an SDH app that is relevant for Peru. 
Information gathering sessions were facilitated by the workshop leaders and site visits to healthcare organization and 
other relevant institutions were implemented. Specific FHIR topics included in the training included: FHIR resources, 
the use of clinfhir, SMART on FHIR, how to launch a SMART on FHIR app from a FHIR sandbox (e.g., Logica). 
After two months of collaborative work between developers in Peru and students in the Biomedical Informatics 
program at the University of Utah, an SDH app was developed. Dr. Borbolla will describe the process of teaching the 
workshop in Peru. 

Dr. Borbolla is the Director of the Master program and an Assistant Professor of Biomedical Informatics, at the 
Department of Biomedical Informatics at the University of Utah. He has over twenty years of experience designing, 
implementing, and evaluating Health Information Systems in complex health care organizations. Dr. Borbolla research 
interests center around biomedical informatics standards and the application of sociotechnical factors and cognitive 
principles to the design and implementation of systems and technology-based interventions to improve the quality of 
users’ decision-making. At the University of Utah, Damian teaches two courses related to the use of standards: 
“Standards in Biomedical Informatics” which was one of the AMIA topic-specific 10x10 courses and the “FHIR 
practicum”. Damian has also global experience in working collaboratively in medical informatics research and 
teaching projects.  

 

Nursing Informatics graduate trainees: Catherine Staes, PhD, MPH, RN 

Nursing Informatics masters-level graduate students are well-situated to contribute to the design, development and/or 
evaluation of FHIR-based clinical and population health apps.  Experience with FHIR-related projects and standards 
can be used to teach concepts and develop skills relevant for the nursing informatics scope of practice.[3, 4] In addition, 
working on FHIR-based projects can ‘foster interprofessional collaborative practice’ within ‘planned clinical practice 
experiences’ that are now required in the curriculum to meet new accreditation requirements defined by the 
Commission on Collegiate Nursing Education (CCNE) that were updated in January 2019.[5]   

During this session, Dr. Staes will describe two strategies used to meet required and desired learning goals within the 
masters of nursing informatics curriculum, and describe the strengths and limitations of using FHIR as a learning 
platform.  For example, strengths include the freely-available nature of the FHIR platform and the opportunity to 
present and visualize the standards development process given the variation in maturity levels of different resource. 
The strategies include: a) modules with didactic content, self-learning exercises, and a lab session (that is now 
performed synchronously online) as part of a required course co-taught with Biomedical Informatics; and b) practicum 
opportunities to engage with public health partners seeking to analyze feasibility and pilot test FHIR-based apps that 
meet a public/population health need.  Specifically, Dr. Staes will describe a practicum to assess the feasibility, 
workflow and cost-benefit of a ‘Death on FHIR’ app to enhance automated death reporting from within the EHR.   

Catherine Staes, PhD, MPH, RN, FAMIA, FACMI, is a Professor and Director of Nursing Informatics at the 
University of Utah College of Nursing. For the past 13 years, Dr Staes has been engaged in public health informatics-
related research focused on clinical decision support and interoperability to meet public health needs, particularly case 
reporting.  Dr. Staes has extensive experience teaching graduate level informatics courses focused on Standards & 
Terminology and Population and Public Health informatics.  

 

Multidisciplined Clinician trainees:  Laura Heermann Langford, PhD. RN 

FHIR is intended to support clinical care by exchanging healthcare information to be available, discoverable and 
understandable in the various locations a patient may receive care.  The exchanged data must also support automated 
clinical decision support and other machine based processing. [6] To achieve this goal, clinical input is imperative to 
the creation, refinement, implementation and testing of the foundational FHIR building blocks of FHIR resources and 
FHIR profiles.  For clinicians to adequately contribute to the FHIR standard development they need to have a basic 
understanding of the FHIR standard’s structure, principles and use.  Clinicians on FHIR is a special interest group at 
HL7 within the Patient Care Working Group that focuses on providing clinical input to the FHIR Management Group 
and development teams.  Clinicians on FHIR have focused in three areas which include education of clinicians of the 
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FHIR standard, providing direct clinical feedback to the FHIR specification developers and contributing clinical 
expertise to the FHIR Connectathons hosted at various times throughout the year at HL7 working group meetings.   

Laura Heermann Langford, PhD, RN is a member of the Clinicians on FHIR leadership and has been involved since 
the inception of Clinicians on FHIR at HL7.  She leads regular calls of the Clinician on FHIR team to meet the three 
aims of the interest group and co-hosts the Clinician on FHIR deep dives at each HL7 Working Group Meeting 
providing review and clinical validation of FHIR resources and profiles.  Dr. Heermann Langford, is a Nurse 
Informaticist at Intermountain Healthcare and the Chief Operating Officer for the non-profit Logica, Inc.  She is a co-
chair of three working groups at HL7 and also actively participates in AMIA NIWG and the IHE Patient Care 
Coordination working group.   
 

Biomedical Informatics and Computer Science graduate trainees: Viet Nguyen, MD 

Dr. Viet Nguyen will present the experience of teaching a “FHIR practicum” included in the curriculum of the 
Biomedical Informatics program, clinical track, at the University of Utah. Graduate students from Computer Science 
at the U. of Utah were also invited to participate. The practicum is a fully hands-on course where students combine 
skills acquired from previous courses in the program and integrate them in the class. During the course students are 
divided in teams, and a Subject Matter expert is assigned to each group. The practicum is organized as a semester-
long course, with 16 modules for each step of the app development, including requirements gathering, standards 
selection, database development, coding, user-centered design, and visualization. Students are incorporated into a 
project management platform to facilitate teamwork and imitate how a software development team would work. Every 
week teams presented updates on their projects and instructors provided feedback. At the end of the semester, students 
demonstrated the final products and pitched their ideas to industry and investment representatives. During his 
presentation Dr. Nguyen will describe how active learning principles can be incorporated into a class when teaching 
a standard like FHIR. Active and experiential learning is recommended in any adult learning activity and graduate-
level programs, since these techniques have a more significant effect on learning outcomes.[7, 8]  

Dr. Viet Nguyen is an internist, pediatrician, clinical informaticist and consultant to government and commercial 
organizations in developing interoperable workflows and technologies. He has over 15 years of experience in Health 
IT focused on interoperability standards and product development. Formerly the CMIO for Lockheed-Martin and 
Leidos Corporation, Dr. Nguyen is a nationally recognized FHIR educator, an HL7 Board Member, a FHIR 
Foundation Board Member, CMO for Logica, and Technical Director for the HL7 Da Vinci Project. 

 

All participants have agreed to take part on the panel. 
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Abstract 

Authoring of content for clinical decision-support involves translating clinical best practices including guideline 
narratives into a computer-executable format. This enables the delivery of recommendations to optimize quality and 
value at the point of care. The current state of practice involves time-consuming and iterative development amongst 
clinical subject matter experts (SMEs), informaticists and CDS developers. We propose a panel discussion exploring 
the role of a clinical SME in the design, construction and deployment of CDS Systems. 

Introduction 

Clinical Decision Support (CDS) affords a critical means for delivering high-quality care. Providers use CDS for 
increasing adherence to evidence-based and expert consensus best practices, to ultimately improve patient outcomes. 
Payers further leverage CDS-like functionality (e.g. prior-authorization) to promote medically appropriate and cost-
effective care. The panel will explore the role of the clinical SME in authoring CDS content for (but not limited to) 
support ordering optimal interventions or error prevention. 
 
Content authoring involves the translation of clinical guideline narratives into an executable form inserted into the 
clinical workflow. Currently, this is achieved via a time-consuming back and forth across clinical SMEs, informaticists 
and developers. A multi-layered knowledge representation framework1 that allows for progressive transformation of 
narrative guidelines into computer-executable clinical decision-support, defines four layers: L1 (for narrative text) to 
L4 (for CDS content implemented in a clinical setting). and identifies the roles of various participants at each layer. 
The clinical SME is responsible for creating semi-structured recommendations at the L2 layer; and support the 
informaticist in creating standard sharable L3 representations of executable recommendations. The developer is 
responsible for transforming and adapting the L3 format for implementation in local workflows and policies. 

Current approaches for development of CDS content are characterized by multiple inefficiencies – some of which are: 

• Clarifications of ambiguities and operationalizations of non-computable (e.g., patient is unstable) concepts – This 
includes underspecified and incomplete logic – leading to inconsistencies and redundancies.  Multiple rounds of 
conversation, artifact creation, and even pilot testing between all the stakeholders are required to resolve these. 

• Test cases for CDS logic are developed by Quality Assurance (QA) analysts in isolation from the clinical SME – 
This leads to specification of spurious test cases; and omission of important clinical scenarios. Missed scenarios 
are discovered later in integration testing and after deployment, and time and effort are wasted on clinically 
nonsensical scenarios. 

Test cases typically identify gaps and errors very late in the process – resulting in wasted time, effort and resources. 
In an agile Knowledge Engineering approach, the clinical SME  can collaborate with the QA analyst and informatician 
to develop cases as part of the specification as well as test-driven development. This would help address issues much 
earlier in the CDS lifecycle process.  

“Test Cases” in this context serve several purposes: (a) Accurately specifying the intent of the CDS for ‘typical cases’ 
as well as ‘edge cases’. (b) Testing the logic of L2 artifacts, checking for consistency and completeness in the logic, 
and structural integrity and conformity with respect to a given schema – e.g., GEM3, FHIR CPG Knowledge Artifacts2. 
(c) Testing the L3 artifacts (created in the L2-L3 translation process similar to  traditional software QA – where test 
cases and their expected results are compared to the results of the L3 interpretation and execution (using an L3 engine 
such as for CQL5) ideally using capabilities of an integrated development environment. The inefficient development 
lifecycle coupled with time pressures to develop and deploy CDS functionality – leads to errors creeping into deployed 
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CDS content. This compromises the accuracy and quality of the CDS content deployed into production.  A more Agile 
approach is warranted6. 

These observations lead us to the central hypothesis which this panel seeks to explore:  

The Clinical SME should lead the CDS development process – by adopting an iterative, test-driven authoring 
approach (Agile KE). This will result in dramatic efficiencies via reduction in cost and time to deployment for CDS 
applications. Furthermore, reduction in error rates will lead to development of better quality CDS content. 

Panel Description 

There is a critical need for increasing the rate of knowledge acquisition - a time-consuming process. The role of the 
clinical SME needs to be re-imagined in this process and of the many possibilities, two canonical scenarios arise: 

Clinical SME as the “prime mover”: Development of knowledge representation abstractions, patterns and profiles 
that mirror the ontology and decision flow of the clinical SME at the point of care in an authoring environment. 
Automated or facilitated translations can transform clinical knowledge expressed using these formalisms into logic 
statements that can be computed on representations of clinical data – e.g., FHIR and associated profiles2. The clinical 
SME here plays the role of a “prime mover” combining the personas of a SME, Informaticist and Developer to some 
extent with the aid of advanced authoring tooling. They are able to leverage the authoring tool set to iteratively create 
and test executable content and continually improve logic and/or ‘gold standard’ test cases. Authoring tools and 
paradigms have primarily focused on the informaticist4 – a methodical meta-analysis of guideline content together 
with that of these informatics capabilities could provide a good starting point. 

Clinical SME as a “Business User”: Rethinking the role of clinical SME content authoring workflow – imagine the 
clinical SME as the driver of iterative test and learn cycles across all levels or representation and roles. Here the 
clinical SME plays the role of a “business user” providing concrete “acceptance tests” to a high performing agile team 
consisting of informaticists, terminologists and developers. 

The panel consisting of SME’s, and CDS Practitioners of various skills and industry roles who have spent the better 
part of their careers working on CDS solutions and likely have differing ideas and views that lie at some point in the 
continuum between the scenarios described above. Some of the questions that the panel seek to answer are: 

• Can the responsibility of authoring L3 artifacts be moved from the Informatician to the clinical SME (via 
authoring tooling and/or domain specific [modeling] language? 

• Are current L3 tools and formalisms appropriate for SME’s or do we need to look at other intuitive abstractions, 
patterns, profiles or templates? What are these abstractions, patterns, concepts, profiles and/or templates?  And/or 
where/ how might they be identified? Can these intuitive abstractions and patterns be automatically translated to 
L3 or L4 constructs for implementation? 

• Can we leverage these abstractions to specify clinical scenarios for L1 specification (by example) and L2/L3 for 
test-driven content development? Is there a controlled natural language that could be used for L1 and translated 
for execution (L2/L3)? What is the role/ opportunity for “Real World Data” (de-identified)? If synthetic data is 
used/ generated, what is the relationship between the specification of data semantics and logic for the synthetic 
tooling and the CDS (e.g. shared data definitions and logic)? Is there a means to facilitate creation of expected 
results (CDS algorithm outputs) for all Levels? Are there L2 and L3 constructs for specifying test case from L1 
specifications? What tooling capabilities are needed to grade, refine, and/or expand the test cases? What tooling 
capabilities are needed to coevolve the test data together with the logic? Are there analogs for this type of tooling 
in other industries or adjacent use cases (e.g. abstraction)? 

• Are the scenarios listed above feasible? Would there be adoption or acceptance from clinical SMEs? Would they 
have time and interest for content authoring? Are there ways of incentivizing them to participate? What might the 
benefit(s) be for the SME’s? Is there an ROI for combining with adjacent use cases (e.g. registry abstraction, 
workflow optimization)? 

• How can we re-imagine a clinical SME as a part of an agile software development team? What role would he/she 
play?  How would he/she participate in the iterative development followed by the Agile software development 
methodology? 
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• How does AI impact this problem? The development of user-friendly Machine Learning tooling has 
commoditized some forms of Artificial Intelligence which, however, are not necessarily ‘explainable’ other than 
through their (testable) emergent behavior. Might AI play a role in the development of Test Cases (Patient-Like-
Me queries)? And/or Expected Results? Is there a means to use Semi-Supervised Learning for the SME to either 
identify pertinent inputs and/or expected results?  Perhaps even as part of routine care?  Or adjacent activities 
such as registry abstraction and/or clinical documentation improvement? Might the AI algorithms used to develop 
and evolve the test cases further be used to supplement the CDS algorithms (vs simply replacing them, given 
regulatory constraints)? 

• Can we develop an authoring assistant that will provide context specific instructions or step through a Turbo-Tax 
like wizard to help a clinical SME create and test executable CDS content? How will this assistant leverage 
previous efforts and tools and build upon their capabilities to provide support for the Clinical SME4,7? 

 
The participants of this panel are 

1. Hank Head, VP Clinical Decision Support, Optum Technology. He will describe his experience for test-driven 
authoring and development of CDS content and the use of lean hypotheses and user studies for designing CDS 
interventions and implementing CDS systems.  

2. Aziz Boxwala, MD, Ph.D., President, Elimu Informatics. He will describe the multi-layer knowledge 
representation framework. He also will present an overview of the current standards for clinical decision-support. 

3. Davide Sottara, Ph.D., Principal Knowledge Engineer, Mayo Clinic, and Assistant Professor, Arizona State 
University. Can discuss the differences between a ‘Knowledge Representation’ vs ‘Machine Learning’, vs Hybrid 
approach, relating his experience with SME-driven knowledge acquisition at Mayo Clinic. 

4. Matthew Burton, MD, VP Clinical Informatics and Data Analytics, Apervita, Inc. He will discuss approaches for 
creating content abstractions that reflect the clinical SME’s cognitive processes and mental models. Matt will also 
double up as the Clinical SME on the panel. 

5. Kevin Larsen, MD FACP, SVP Clinical Innovation and Transformation, Optum Labs. He will represent the 
clinical SME. He will also share his thoughts on the federal space - regulations, standards and facilitators. 

6. Moderator: Vipul Kashyap, Ph.D., Director, Clinical Decision Support Content, Optum Technology. He will 
introduce the main hypothesis for the panel discussion and introduce the panelists. 

Panel Organizer Statement 

All the participants listed above have agreed to participate in the panel discussion.  
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Abstract 

Electronic consent (e-consent) is increasingly being used as means to facilitate patient engagement in clinical 
research. Recent reports demonstrated significant potential of e-consent in catalyzing patient-oriented translational 
clinical research. However, adoption of e-consent for research remains low despite evidence of improved patient 
comprehension, usability, and workflow processes. To accelerate successful adoption of e-consent, the experience 
and lessons learned at existing e-consent sites must be organized and shared among institutions conducting clinical 
trials. Panelists from early adopter institutions will compare and contrast their experiences developing, assessing and 
implementing e-consent in their institutions for clinical trials and universal biobanking consents. Perspectives on the 
integration of e-consent platforms into commercial EHR, CTMS, IRB and biobanking platforms will be discussed. 
Key implementation issues that will be addressed include challenges and barriers to developing and implementing e-
consent. After participating in this session, participants will be able to formulate optimal approaches for successful 
adoption of e-consent. 
 
 
General description of the panel 
 
The goal of this panel is to accelerate successful adoption of electronic consenting for patient-oriented translational 
clinical research. To achieve this, the panel participants will engage representatives of medical informatics 
community in an open-ended discussion of successful e-consent use cases as well as review of barriers to 
development and implementation. The panel will cover a broad spectrum of relevant topics including (1) e-consent 
regulatory guidelines; (2) real-life implementation examples from two academic institutions; (3) application of e-
consent for engaging patients into universal biobanking consent; (4) interfacing e-consent with other IT platforms. 
The panel will employ an interactive format with at least third of the time devoted to soliciting open-ended input 
from the audience. 
 
 
The objectives of this panel are: 
 
- Describe current regulatory guidelines for implementing electronic consent 

- Compare and contrast two early adopters’ approach to develop, assess and implement electronic consent 

(Weill Cornell Medicine and Icahn School of Medicine at Mount Sinai) 

- Review the role of electronic consent platforms in implementing institution-wide universal consent for biobanking 

- Identify challenges and barriers to developing and implementing electronic consent 

- Describe strategies for linking electronic consent with EHR, IRB, biobanks, CTMS and other IT platforms 

- Formulate optimal approaches for successful adoption of electronic consenting 

 

52



Regulatory guidelines on implementation of electronic consent (e-consent). E-consent is the use of electronic 
systems and processes, whether in person or remotely, that employ multiple electronic media (e.g., text, graphics, 
audio, video, podcasts, websites, etc.) to convey information relating to a research study and to document informed 
consent of subjects who wish to participate in such study. E-consent is becoming increasingly common and has been 
sanctioned by both the Department of Health and Human Services (DHHS) Office of Human Research Protections 
(OHRP) and the Food and Drug Administration (FDA) [1]. Although there are a variety of settings and approaches 
that can be used in connection with EIC, the overall electronic consenting functionality should be fully compliant 
with the current CFR/FDA/HIPAA requirements which requires documentation and verification under IRB auspices. 
Dr. Shaya will review current guidelines for e-consent implementation. 
 
E-consent at Weill Cornell Medicine (WCM) using REDCap. WCM has successfully introduced REDCap on an 
iPad for electronic consent for research [2]. To date, the solution has supported more than 2,000 subject enrollments 
into a large-scale local repository protocol.  Success required integrating the REDCap-on-iPad workflow into 
research coordinator workflows with automated email generated when patients finish reading the consent; aligning 
with Institutional Review Board (IRB) requirements; and making the information technology (IT) department serve 
as the honest broker of IRB protocol versions, REDCap project changes, and research coordinator workflow 
adjustments.  Future work involves integration with the institution’s OnCore clinical trial management system 
(CTMS) and the EpicCare electronic health record (EHR), including automated population of patient demographics 
in REDCap using the dynamic data pull plugin [3].  The REDCap-based approach has enabled further support for 
institutional research coordinators and patients in the NIH All of Us Research Program [4] and PCORI 
ADAPTABLE study [5]. Dr. Campion will review lessons learnt from the implementation of this project. 
 
E-consent at Icahn School of Medicine at Mount Sinai (ISMMS) using an interactive multimedia platform. A 
major limitation of previous electronic consent platforms is that they are designed to support a particular consent 
form. Any change in a consent form or introduction of a consent form from another study requires reprogramming 
of the underlying software which significantly limits scalability and applicability of such platforms and greatly 
increases maintenance cost. A multipurpose scalable electronic informed consent platform has been implemented at 
ISMMS which can be reused for any informed consent in a multitude of settings [6]. This has been achieved by 
introduction of an abstract representation of patient engagement information and informed consent content in a 
generalizable relational database format. The platform allows research staff to easily upload multimedia information 
about a particular research protocol together with IRB-approved informed consent into the system which will 
execute this content interactively for prospective study candidates in a user-friendly way [7]. The resulting tool, 
called Interactive Online Patient Enrollment Network (iOPEN), provides support for (1) interactive patient-centered 
engagement in clinical research via a tailored multimedia patient empowerment app educating about the subject of 
research driven by adult learning theories; (2) in-person and remote consent that can be used in a variety of settings 
including hospital, outpatient care and community; (3) administration of patient surveys that are linked to 
institutional clinical trial management systems.   
 
Implementation of e-consent for institutional biorepository. Biorepositories are a key pillar in personalized 
medicine, from prevention, diagnosis, treatment, and monitoring closely the specific characteristics and responses of 
individual patients. The current and future power of biorepositories indirectly related to the quality and quantity of 
biospecimens and associated data. E-consent can facilitate engagement of patients in biobanking research [8]. Dr. 
Brody will discuss approaches for using e-consent in the context of institutional biorepositories. 
 
Interfacing e-consent with institutional IT infrastructure. Interfacing of e-consent with external platforms used 
in clinical research such as EHR, electronic IRB, clinical trial management systems, and donor and biospecimen 
management systems may represent an additional barrier to scaling e-consent for institution-wide adoption. Dr. 
Finkelstein will lead a discussion on addressing these challenges using current standards including FHIR. 
 
Panelists 
 
Thomas R. Campion, Jr., PhD is Associate Professor in the Department of Healthcare Policy and Research at the 
Weill Cornell Medicine where he serves as the Director of Research Informatics. Dr. Campion's service and research 
in clinical research informatics address the interaction of people, process, and technology for the administration and 
conduct of clinical research. Additional areas of research include health information exchange, clinical decision 
support, and organizational theory.  
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Fadia Shaya, MPH, PhD is Professor at the University of Maryland Schools of Pharmacy and Medicine, and 
Director of Informatics at Institute for Clinical and Translational Research, University of Maryland Baltimore. Dr. 
Shaya also serves as Director, Center on Drugs and Public Policy and Executive Director, Behavioral Health 
Research Program at the University of Maryland Baltimore. Dr. Shaya leads digital transformation in health services 
research, and has built research and training capacity to support all stages of translational research, from pre-clinical 
trials to post-marketing surveillance. 
 
Rachel Brody, MD, PhD is Associate Professor of Pathology, Molecular and Cell Based Medicine at the Icahn 
School of Medicine at Mount Sinai where she directs institutional biorepository. Dr. Brody is a professional 
biomedical scientist, accomplished in building multi-faceted biospecimen banks. She has demonstrated leadership 
and business management experience facilitating translational research. Dr. Brody possesses extensive experience 
guiding the planning, construction, and integration of laboratories and cross-functional teams, streamlining 
operations, workflow and process improvements, and revenue growth through achievement of strategic goals and 
initiatives. I excel at building relationships with stakeholders and business partners in academia and industry. 
 
Daniel Robins, MD is Associate Director for Informatics Implementation in the Office of Chief Research 
Informatics Officer at the Icahn School of Medicine at Mount Sinai. He also serves as a bioinformatician at the 
central biorepository of the Mount Sinai Health System. Dr. Robins is an expert in a user-centered system 
evaluation, implementation science and dissemination of best practices using clinical decision support. He has been 
working on implementing universal biorepository consent using an interactive multimedia e-consenting platform. 
 
Joseph Finkelstein, MD, PhD is Chief Research Informatics Officer, Senior Associate Dean for Information 
Technology, and Professor of Population Health and Science at the Icahn School of Medicine at Mount Sinai. Dr. 
Finkelstein is also the Director of the Center for Biomedical and Population Health informatics. Dr. Finkelstein has 
expertise experience in biomedical informatics with a particular emphasis on innovative health information 
technologies supporting collection and analysis of heterogeneous data streams, intelligent data aggregation, 
predictive analysis, and the conduct of clinical trials. He serves as Principal Investigator of several clinical trials. 
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Abstract 

The rise of interconnectivity between data applications and platforms, in both clinical and research contexts,               
provides an unprecedented opportunity for data sharing, re-use, and application. As increasingly large amounts of               
data are available for utilization by an ever expanding audience, the approaches and methodologies for data quality                 
and curation must evolve rapidly to meet the promise of translational and clinical impact. This panel will present                  
experiences from managing these processes in clinical systems and NIH research programs. Specifically, we will               
focus on experiences across the All of Us Research Program, NIH Common Fund-supported Kids First Data                
Resource Center, NHGRI AnVIL, the Children’s Hospital of Philadelphia (CHOP) Children’s Cancer Health             
Informatics Program, and other consortium-based initiatives. Across these initiatives there are similar data lifecycle              
challenges, encompassing data collection in study-specific and real-world contexts, processes and tooling for             
curation, and ways to distribute this information for highest utility. 

Learning Objectives 

After participating in this session, the learner should be able to: 

● Describe the challenges associated with representation, quality and curation of diverse data types 
● Evaluate datasets for compatibility with study objectives 
● Implement data sharing best practices 

Description of Panel 

Biomedical research around the world is generating an exponentially increasing amount of data, a trend that does not                  
seem to be slowing. Active large-scale efforts, such as the All of Us Research Program1, UK Biobank2 and the                   
Million Veterans Program3, seek to characterize large populations in order to accelerate discovery and improve care.                
Longstanding resources for sharing these data, such as NCBI dbGaP, are evolving and being joined with new                 
resources that provide rapid access to data via cloud-based platforms, e.g. NCI Cancer Research Data Commons4                
and the NHGRI AnVIL. This allows work to be done in central, secure environments. The increasing availability of                  
data resources and analysis platforms has the potential to empower a new generation of practitioners with                
data-driven research and clinical care, but also creates new challenges that require innovation and engagement               
across the informatics community.  

One absolutely critical challenge is making the data FAIR - Findable, Accessible, Interoperable, and Reusable5.               
While these principles are often agreed upon, the exact requirements for implementing them are not always well                 
established. Understanding whether a data resource is fitting for one’s purpose, for example, often requires more                
than just knowing whether a data type is technically interoperable. One instance of this is confounding based on                  
ascertainment within a single dataset or among datasets: data from a study that recruited an African American male                  
population with diabetes is unlikely well suited for analysis with data from cancer registries, whereas data from two                  
studies of similar enrollment criteria and target of study may be relatively easily analyzed together. This presents                 
opportunities for novel work in describing, curating and analyzing data. 

This panel will detail these challenges, identify ideals towards which we are working, and describe the practical,                 
real-world approaches that we and others have taken across a number of projects to address them. The discussion                  
will include data collection, representation, documentation, analysis, and sharing. Audience participation will be             
welcomed as we learn together what is working in the community currently and identify next steps and ways for all                    
to contribute. 
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Robert Carroll 

Dr. Carroll is an Assistant Professor of Biomedical Informatics at Vanderbilt University Medical Center. From a                
background in using EHR and linked biobank data for research, his recent work has been dedicated to enabling                  
research in NIH cloud projects in clinical and phenotypic data representation, including the All of Us Research                 
Program, NHGRI AnVIL, NHLBI BioData Catalyst, and the NIH cloud interoperability efforts. Robert Carroll will               
moderate the panel and work to specifically engage the audience to get questions and comments on current best                  
practices in the field for data representation and quality. He will present on two major topics: a brief, high-level                   
overview of some currently available NIH cloud resources and the strategy behind the All of Us Curated Data                  
Repository.  

Kristin Wuichet 

Dr. Wuichet is a Project Manager in the Department of Biomedical Informatics at Vanderbilt University Medical                
Center. She has worked to aggregate clinical and phenotypic data and help link it to data standards for the NHGRI                    
AnVIL and NHLBI BDC cloud-based data commons. More recently she has worked on developing processes to                
facilitate FHIR based data representations for research within and between these data commons. She will present on                 
the AnVIL phenotypic data collection process that seeks to ensure that data is internally consistent, maximally                
structured, and linked out to standard vocabularies/ontologies wherever possible. 

Charles Phillips 

Dr. Phillips is an Assistant Professor of Clinical Pediatrics at the Children’s Hospital of Philadelphia (CHOP) where                 
he is the medical director of the tumor registry and helps lead the Childhood Cancer Health Informatics Program.                  
His work has included phenotyping to identify pediatric cancer patients in learning health systems and employing                
informatics tools to better identify and treat malnutrition in pediatric cancer patients. Dr. Phillips will discuss data                 
quality concerns for niche patient populations and pipeline development to link registry and reporting data to                
clinical, operational, and research applications. 

Michelle Holko 

Dr. Holko is a Presidential Innovation Fellow detailed to NIH’s All of Us Research Program (AoURP). Michelle’s                 
technical background is in genomics and bioinformatics, and she is helping AoURP with Fitbit data curation and                 
data linkages in the Researcher Workbench. She has worked on creating custom biomedical data solutions for                
DARPA and HHS/BARDA programs, and has experience at the intersection of biosecurity and emerging              
technology. She will present on data quality and usability considerations, and developing curation pipelines for data                
from digital health technologies (wearables) data.  

Allison Heath 

Dr. Heath is the Director of Data Technology and Innovation at the Center for Data-Driven Discovery in                 
Biomedicine (D3b) at the Children’s Hospital of Philadelphia (CHOP). She has overseen the design and               
implementation of several large-scale data platforms and initiatives, including the NCI Genomic Data Commons              
(GDC) and more recently the Kids First Data Resource Center (KFDRC) and the Children’s Brain Tumor Network                 
(CBTN). She will present on the FHIR-based clinical data flow process for KFDRC and strategies for connecting                 
research and clinical data systems in the context of CBTN. 

Importance of this panel 

This panel is especially timely given the recent releases of several data platforms and with the growing acceptance                  
of standards like FHIR in the research community. We hope to engage AMIA members to think deeply about the                   
way they are characterizing, sharing, and using data from these repositories. The audience will likely cover that                 
spectrum from data generators to data consumers, which includes clinical systems interoperability experts to cloud               
research platform builders and users. 
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Discussion Questions 

1. What are the key elements of data quality documentation you look for when using a system or dataset? 
2. Is there a specific framework you use to handle new data types, or any specific considerations when adding                  

a new type of data into an existing data set? 
3. What “level” of data do you typically work with on the spectrum of raw source data to highly curated data?  
4. With regards to FAIR, how do you ensure your institution’s business, clinical, and research teams find,                

access, and in some cases, report to data collaboratives, the same patients for a given condition or                 
population? 

5. What types of metadata about study populations do you think are required, recommended, or useful for                
publishing datasets? 

Assertion of participation 

All participants have agreed to take part in this panel. 
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Improving Access to Interoperable Data for Research 

Kevin Chaney, MGS1, Teresa Zayas-Cabán, PhD1, P. Jon White, MD2  
1Office of the National Coordinator for Health Information Technology, Washington, DC; 

2Salt Lake City Veterans Affairs Medical Center, Salt Lake City, UT

 

Abstract 

Widespread adoption of electronic health record (EHR) systems and consumer electronics has resulted in large 
volumes of health-related data potentially available for research. However, realizing the value of these data for 
research has been slow due to challenges in both the data and the health information technology (IT) infrastructure 
that supports it. This panel will discuss efforts by the Office of the National Coordinator for Health Information 
Technology (ONC) to guide the development of a future health IT infrastructure that supports use of electronic health 
data for research. This work addresses three objectives: (1) articulate a vision for an ideal health information 
ecosystem that supports research; (2) identify stakeholders’ priorities needed to address challenges within the current 
ecosystem; and, (3) a Policy and Development Agenda that will contribute to realizing an ideal health information 
ecosystem in which both the health IT infrastructure and the data it supports are optimized.  

Introduction 

Ubiquitous electronic health record (EHR) adoption and use coupled with a sharp increase in consumer electronics 
that capture a wide variety of health data have the potential to shed new insights on health and healthcare.1,2 Leveraging 
these data will require a better understanding of the gaps and barriers for utilizing such data. The Office of the National 
Coordinator for Health Information Technology (ONC) Chief Scientist Division (CSD), responsible for developing 
and evaluating ONC’s overall scientific efforts and activities, recently completed an effort to understand and define 
the work needed to advance the nation’s health IT infrastructure over the next 3 to 5 years in support of innovative 
biomedical and health services research.   

ONC’s vision is for a health IT infrastructure that supports alignment between the clinical and research ecosystems 
enabling faster, better, and easier access to data for research. Future health IT infrastructure will: (1) facilitate capture 
of highly reliable and valid data; (2) ensure the data are standardized and interoperable; (3) make available tools to 
aggregate and configure data from multiple sources; (4) incorporate robust methods of identifying patients and 
matching them across systems to ensure adherence to the necessary privacy and security procedures, and (5) support 
the capability to return this information to the point of care for actionable use. 

ONC identified policy and development priorities to address health IT infrastructure gaps and challenges to achieve 
its vision supporting easier access to high-quality data and improving the health IT infrastructure for research.3 
Activities needed to address the gaps and challenges were compiled into an action agenda organized into the following 
areas: improve the health IT architecture, enhance standards development, advance governance, and support people 
and processes to advance biomedical and health services research through education and communications efforts.4,5 

Improving the Health IT Infrastructure for Research 

The health IT infrastructure – which encompasses technical architecture and standards, governance, and policies to 
enable interoperability – must also support researchers by providing appropriate access to data used to conduct 
research leading to better treatments and improved care.6,7 The health IT infrastructure must also support the 
translation of point-of-care health tools into improvements in patient and provider experiences.5 The policy and 
development agenda identifies nine priorities and associated calls to action to achieve two key areas of the vision: 

• Leveraging high-quality electronic health data for research: (1) Improve data quality at the point of capture, 
(2) Increase data harmonization to enable research uses, and (3) Improve access to interoperable electronic 
health data  

• Advancing a health IT infrastructure to support research: (4) Improve services for efficient data storage and 
discovery, (5) Integrate emerging health and health-related data sources, (6) Improve methods and tools to 
support data aggregation, (7) Develop tools and functions to support research, (8) Leverage health IT systems 
to increase education and participation, and (9) Accelerate integration of knowledge at the point of care 
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The panelists will discuss the action agenda, which includes activities advancing collaboration, demonstration and 
pilots, education and communications, policy levers, access to tools and services, research and evaluation, standards, 
and tool development. The panelists will discuss each action agenda component and describe the policy and/or 
development action(s) needed along with the activities, collaborators, and timeline that are critical to achieve each 
component of the action agenda. Panelists will also discuss barriers to achieving these priorities and provide examples 
of how institutional and infrastructure challenges are considered and addressed to facilitate research.   

Panel Objectives and Presenters 

Panelists will discuss the policy and development agenda including priorities for improved access and use of high-
quality data.  These include improving data quality at the point of capture, data federation and storage services, data 
aggregation tools, and access to interoperable data, knowledge sharing solutions. Panelists will present national 
priorities related to providing opportunities for research participation, such as increasing transparency and initiatives, 
improving patient recruitment, and improving consent management. 

Mr. Kevin Chaney, a Senior Program Manager at ONC within the Chief Scientist Division, will moderate the panel.  

Dr. Teresa Zayas-Cabán, is the Chief Scientist at ONC and her division leads ONC’s scientific and evaluation efforts 
including PCOR, precision medicine programs, and Leading Edge Acceleration Projects (LEAP) in Health IT. Dr. 
Zayas-Cabán will provide an overview of ONC’s research priorities. 

Dr. Jon White recently served as the Deputy National Coordinator for Health IT at ONC and provided leadership 
support for development of ONC’s research priorities. He is currently the Associate Chief of Staff of Research at the 
Salt Lake Veterans Affairs (VA) Medical Center and will offer national and VA perspectives on health IT data and 
infrastructure needs to support research.  

Panel Discussion Questions 

• What health IT architecture improvements are essential to make advance computational capacity and storage 
available to researchers? 

• What activities are needed to advance standards-based mechanisms to find and identify data or link research-
relevant data sources outside the patient care setting with EHR data? 

• What standards gaps should be prioritized and what barriers exist to resolving the widest gaps? 
• What governance and policy levers can help researchers better understand the data models within EHR and 

health IT systems? 
• How can research opportunities using EHR data be expanded beyond large health systems and ensure 

diversity of research study participants (such as organizations that serve underserved communities and 
vulnerable populations)?  

Panel Learning Objectives 

• Participants will gain a better understanding of industry stakeholder perspectives regarding national health 
IT priorities to support research. 

• Participants will learn the challenges within the current health IT data ecosystem that hinder the ability to 
effectively use health IT data for research. 

• Participants will learn the policy and development actions for specific stakeholders that can improve the 
ability of health IT to advance research. 

• Participants will be able to identify the activities relevant to them to participate and engage in to advance 
national health IT priorities to advance research. 

Conclusion 

Over the last decade, the health IT infrastructure has largely supported the capture, access, and exchange of standards-
based health information at the point of care. However, additional solutions, standards, and governance is needed to 
support the effective use of health information to improve care through clinical research and patient-reported outcomes 
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research. ONC has developed a forward-looking Policy and Development Agenda to enhance and expand the needed 
health IT infrastructure for effective research and improved care delivery. 

Statement of Participation  

Each of the panelists and the moderator have confirmed that they will participate if this submission is accepted, at the 
assigned timeslot during the Informatics Summit.  
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Abstract  

To address the leadership gap for women in informatics and digital health, the Women in AMIA 

Committee launched an intensive 6-month leadership program. Twenty-four women from across 

the U.S. participated in the hybrid program that included three in-person sessions. We performed 

evaluations throughout the program to assess effectiveness of the program as it was delivered and 

to compare confidence and skills before, during, and after the program. In this panel, we will 

report on the results of our evaluations and will discuss the program from several points of view: 

1) sponsors who financially supported women from their teams to attend the program, 2) the 

program developers and curriculum coaches, and 3) participants of the program.  

Panel Description 

Women are underrepresented in leadership, and it hurts our fields 

Women are extremely under-represented in leadership roles in fields of health and information 

technology. “…despite their influence as customers and the core workforce, [women] are notably 

under-represented in the industry's leadership – making up approximately 30 percent of C-suite 

teams and 13 percent of CEOs. Healthcare, unlike other industries, does not have a ‘women in 

healthcare’ problem, but a ‘women in healthcare leadership’ problem.”1  

Underrepresentation of women in leadership makes a difference in an organization’s success. 

Research in the corporate world has shown that boards that have a 30% or more representation of 

women lead to firms with better financial performance, more innovative ideas, and lower board 

volatility2. In informatics, where workforce is scarce and competition for talent is fierce, the gender 

diversity of the environment matters: 67% of job seekers look at workforce diversity, top female 

candidates care about a gender diverse work environment, and customers care about diversity in 

leadership. Imagine what our full innovation potential in informatics could be if we tapped into 

the talent, wisdom, perspectives, and critical thinking of the entire human experience. 

Leadership training is one ingredient in increasing women in leadership positions 

There are a number of reasons for this under-representation, and many of them are systemic 

problems due to bias and structures built to benefit men. The Women in AMIA Committee asked 

each other what we could do about this problem. We know that around the world, women 

consistently under-rate their skills and knowledge and that keeps them from applying for 

promotions, leadership positions, and awards. We also know that women have smaller networks 

 
1 Oliver Wyman 2019 Research Report 
2 https://hbr.org/2019/03/when-and-why-diversity-improves-your-boards-performance 
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than men. So we designed a leadership program to tackle one part of the problem with the goals 

of increasing women’s skills and confidence and expanding peer and mentoring networks. 

The Women in AMIA Leadership Program 

Many of us have access to leadership training at our organizations, so we wondered, “Do we really 

need another leadership program?” After talking with groups of women at the Fall Symposium in 

2018, researching existing programs, and investigating the latest research, we decided Yes – we 

do need a leadership program for women in our field. Studies suggest that the most impactful 

elements of successful leadership programs for women provide an organizing framework that 

includes formal and informal developmental practices consisting of assessment, training and 

education, coaching, mentoring, building social capital, and experiential learning.3  

We launched the leadership program at the AMIA Fall Symposium in November 2019, and 24 

women from across the US were accepted. The program was designed with three modules that 

spanned two months each, and each module included a 1.5-day in-person session. During a 

module, participants discussed case studies, read relevant articles and books, participated in role 

play, and worked on a capstone leadership project. We have evaluated the program at the transition 

to each new module. In this panel, we will report on the results of our evaluations and will discuss 

the program from several points of view: 1) sponsors who financially supported women from their 

teams to attend the program, 2) the program developers and curriculum coaches, and 3) participants 

of the program. 

Descriptions of Panelists and Presentations 

Wendy Chapman is Associate Dean for Digital Health and Informatics at the University of 

Melbourne, Australia. She leads the Centre for Digital Transformation of Health. Dr. Chapman 

was the founding chair of the Women in AMIA Committee (WIA) and is the Committee lead of 

the WIA Leadership Program. Dr. Chapman will be moderating the program and will describe the 

motivation for the program, the way the program was created and financed, and goals for 

sustainability and expansion to serve a larger group.  

Merida Johns is founder and director, The Monarch Center for Women’s Leadership 

Development. She is one of the two coaches of the program. She will describe the framework and 

format of the program. Research shows that being a leader who practices leadership is more than 

possessing a set of skills. To accomplish its goal of preparing leaders for leadership, the WIA 

Leadership Program takes a developmental—not training—approach. The developmental 

approach and program delivery focus on guiding participants in expanding and applying individual 

awareness and ethical practice to situations of social influence, interpersonal relationships, 

organizational context, and team dynamics so that individuals and organizations can flourish. 

Guergana Savova is Associate Professor at Harvard Medical School and Computational Health 

Informatics Program at Boston Children’s Hospital. She is a founding member of the Women in 

AMIA Committee and designed the evaluation for the leadership program. Dr. Savova will 

 
3 Hopkins, M., D. O’Neil, A. Passarelli, D. Bilimoria, D. 2008. Women’s Leadership Development Strategic Practices for Women 

and Organizations. Consulting Psychology Journal: Practice and Research. 60 (4): 348-365. 
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describe the evaluation methods, will report on the findings of program evaluation, and will relate 

lessons learned.  

Maia Hightower is the CMIO for University of Utah Health. She sponsored multiple women 

from her team to participate in the program. She will explain why 3M invested in the program, 

the return-on-investment they expected, the degree to which their expectations were met, and 

suggestions for improvement from a sponsor’s perspective.  

Maria Adela Grando is Assistant Professor at Arizona State University and Adjunct Assistant 

Clinical Professor of Medicine at the Mayo Clinic, College of Medicine. Her research focuses on 

building portable decision aids that support patient decision processes. For instance, mobile apps 

for in-home disease management control, and tablet-based electronic systems to educate patients 

on informed consent processes. Dr. Grando is a participant in the WIA program. She will explain 

why she applied for the program and will recount her experience. She will tell the audience what 

she gained from the program, what the most and least valuable aspects of the program were, and 

how the program has changed the way she approaches her career. She will also provide a summary 

of each team capstone project.  

 

Importance of the Panel 

We received an email from a participant in the early stage of her career: “I just want to say thank 

you … for persisting with the WIA leadership program. After just one session, I think it has already 

changed my life! I was about to settle for being a research associate for the rest of my life, but now 

I feel more energetic and self-confident and I have just started writing a career development grant! 

This is such an amazing feeling to know that someone believes in you professionally.” 

Informatics and health IT are abounding with talented women, and many of those women hold 

themselves back or are held back from reaching their potential—and our field suffers! This panel 

is timely, because the face of leadership in our field is vastly homogeneous. This panel is urgent, 

because we have known this for decades, but we haven’t made enough progress. We expect a 

diverse audience looking to be inspired by hearing from participants whose careers are being 

changed through this program. We also expect leaders looking for ways to support their 

employees’ leadership potential. We hope to engage the audience in thinking about how to expand 

the program to reach more women in the field and eventually to be inclusive without restriction on 

gender and enhance leadership diversity overall. 

Discussion Questions to Enhance Audience Participation 

1. How much interest would there be in running this program again? 

2. What are key leadership skills that would benefit from focused development? 

3. How could we disseminate the program more broadly beyond the small number of people able 

to participate in the program as currently designed?  

4. What can individuals do to help accelerate increased representation of women at senior 

leadership levels? 

5. What is the difference between leadership literacy and leadership competence? 
 

63



Mixed-Methods Approaches to Understanding, Measuring, and Reducing 

Clinical Documentation Burden 

 

Sarah Collins Rossetti, RN, PhDa,b,  Amanda J. Moy, MPHa, Min-Jeoung Kang RN, 

PhDc,d, Jessica M. Schwartz, RN, BSNb, Kenrick Cato, RN, PhDb,e 

 

aColumbia University Department of Biomedical Informatics; bColumbia University School 

of Nursing; cDivision of General Internal Medicine, Brigham and Women’s Hospital, Boston 

MA, USA; dHarvard Medical School, Boston, MA; eEmergency Department, Vagelos School 

of Physicians and Surgeons, Columbia University New York, NY. 
 

Abstract  

Recent national recommendations, calls to action, and federal strategic plans highlight that reducing EHR 

burden is a priority of government agencies, and aligned with the Quadruple Aim. Overall, there are a lack of 

measures and established approaches to systematically describe and quantify the problem or to support efforts 

to reduce documentation burden. This panel will present the state of the literature and a suite of potential 

approaches for leveraging mixed-methodologies to reduce documentation burden, including EHR data-driven 

analyses and engagement with end-users.  In addition to open discussion, the questions to stimulate discussion 

among attendees will relate to feasibility and scalability of measurement approaches, measurement limitations, 

and implications to inform interventions aimed at reducing documentation burden. 

Keywords: documentation burden,, measurement, mixed-methods 

Introduction 

Electronic Health Record (EHR) tasks add to clinician workload, resulting in burnout at unprecedented rates.[1] 

There are significant opportunity costs of using clinician time for EHR data entry versus direct patient care and 

knowledge generating activities. Administrative burden increases physician burnout and physicians who use 

computerized order entry are 29% more likely to report burnout.[5] Our team quantified that nurses manually 

enter one flowsheet data point every minute (not including additional types of nursing documentation).[2] 

Increased nurse workload is linked to missed care and poor quality outcomes, including risk of infection, 

readmissions, falls, pressure injuries, critical incidents and nurse burnout is an independent predictor of 

healthcare associated infections.[3,4] Reducing EHR burden is a priority of government agencies, as evidence of 

national recommendations[5], calls to action[8] and federal strategic plans[1] that are aligned with the 

Quadruple Aim. Implementation of these strategic plans and recommendations requires approaches to evaluate 

the impact of administrative burden and documentation requirements for impact on clinicians and outcomes 

from the local to national level to determine opportunities for reduction. The National Academy of Medicine has 

discussed that the high prevalence of burnout among clinicians – attributed in part to EHR burden - appears to 

be affecting quality, safety, and health system performance and is a growing problem requiring 

methodologically sounds studies.[5] 

Part of the current problem of documentation burden is the lack of measures to systematically describe and 

quantify the problem and to support efforts to reduce documentation burden.[5] Overall, data related to the 

concept of documentation burden still fall short of the evidence level to guide a targeted and successful EHR 

configuration intervention. Most studies in this area are cross-sectional and use self-reported measures rather 

than understanding and measuring the source of the problem by leveraging mixed-methodologies, including 

EHR data-driven analyses and engagement with end-users. 

Importantly, documentation activities are not ‘all good’ or ‘all bad’, and this complexity requires conceptually 

rigorous and mixed methods approaches to define documentation burden measures, and identify any 

associations with clinical processes and quality outcomes.  By establishing consistent measures of 

documentation burden we will be able to compare across EHR systems and settings to broadly understand 

impacts on care processes and outcomes and to deeply explore and change challenging EHR configurations and 

workflows under particular conditions. 

Panel description 

Each of the presenters will detail specific approaches for measuring documentation burden.  Dr. Rossetti will act 

as moderator for the panel and will provide a high-level summary of recent efforts at the national level for 
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reducing documentation burden, and a case example demonstrating the value of evaluating documentation 

policies for the purpose of reducing documentation burden at the local level.  The presentations will be brief but 

will synthesize research investigations conducted by each of the presenters highlighting the state of the literature 

and suite of potential mixed-methods approaches for measuring documentation burden and, discussing 

measurement limitations and implications to inform interventions aimed at reducing documentation burden. In 

addition to open discussion, the following questions will be used to stimulate discussion among attendees. The 

planned timing is as follows: 10 minutes for the introduction by Dr. Rossetti, 15 minutes for each panel topic, 

and 35 minutes for questions and transitions. 

• What is the scalability and feasibility of these measurement approaches? 

• What are the limitations and measurement issues related to documentation burden? 

• What strategies can be used to optimize these measurement approaches? 

• What methods can be used to optimize generalizability of these measurement approaches? 

• How could the proposed suite of measurement approaches inform efforts to reduce burden? 

• What additional measurement approaches could be used? 

Learning Objectives 

• The attendee will analyze a suite of mixed-methods approaches for measuring documentation burden. 

• The attendee will compare and contrast measurement issues related to documentation burden. 

• The attendee will be able to design an evaluation using the proposed suite of measurement approaches to 

inform efforts to reduce burden. 

Reducing Documentation Burden from the National to the Local Level 

Dr. Rossetti, as an introduction for the panel, will summarize strategies that are aligning at a national level to 

reduce administrative burden and will briefly present a case example evaluating the impact of a new 

documentation requirement on documentation redundancy and outcomes at a local level. As part of the National 

Institute for Nursing Research (NINR) CONCERN (Communicating Narrative Concerns Entered by RNs) 

study, a local documentation policy requiring nurses to document critical vital signs in an additional structured 

form was evaluated before and after implementation.  She will discuss the increase in redundancy of 

documentation in the 6 months after implementation of this documentation requirement and evaluation of 

outcomes.   

Measuring EHR documentation burden: A Review of the literature 

Amanda Moy will present on the results of a systematic review focused on measurement of clinical documentation 

burden among clinicians using electronic health records (EHRs). Extensive literature associates EHRs with 

increased clinical documentation burden resulting in burnout. While clear classifications and validated measures 

of burnout exist, burden remains ill-defined. We conducted a systematic review to assess the literature for 

standardized definitions and measures of burden among clinicians utilizing EHR systems in varied practice 

settings. Overall, there is an absence of comprehensive, validated measures of burden but there were prevailing 

themes in the literature, including proxy measures of burden and time. Burden remains significantly understudied 

and under-measured. Future research on the concept of burden and the operationalization of its measurement 

should build upon existing evidence, and extended to all health professionals who considerably engage with 

documentation in the EHR. 

Evaluation of Documentation Burden Signals Using Risk Stratification by Patients Concern Levels 

Dr. Cato will briefly describe his research focusing on representing the burden of clinical documentation as a 

patient's risk for deterioration changes. His presentation focuses on results from analyses that use the stratification 

of patients by the CONCERN deterioration prediction score to understand nursing EHR documentation better. 

Meaningful Interpretation of Variability in Nursing Assessment and Patient Education Documentation 

Dr. Jeoung Kang will present her research that uses multiple methods to identify and quantify documentation 

burden. Her presentation will include triangulation of quantitative data related to frequency of flowsheet 

documentation and qualitative data related to nurses’ perceptions of flowsheet documentation burden as well as 

their ideas for socio and technical solutions for minimizing flowsheet documentation burden. 

Jessica Schwartz will present a second use case focused on characterizing the variability with which nurses 

document unstructured flowsheet comments in the electronic health record (EHR). Evidence shows that the more 

flowsheet comments written in a patient’s record, the higher their likelihood of cardiac arrest and death.[10] In 

order to determine whether a nurse is expressing increased concern for a patient by documenting more flowsheet 

comments in the EHR, factors that contribute to the variability with which flowsheet comments are written need 

to be considered. Jessica will present results from her analysis of hospital nursing flowsheet comment 

documentation variability as it relates to patient length of stay, type of shift (day/night), unit acuity, time, and 

nurse’s experience with the EHR in use. The results presented have implications for characterizing documentation 
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burden among hospital nurses by illuminating factors that contribute to the distribution of nursing documentation 

patterns, particularly the distribution of required versus optional documentation. 

Panel organizer and participants bios 

Sarah Collins Rossetti, PhD, RN, FACMI, FAMIA. Sarah Rossetti is an Assistant Professor of Biomedical 

Informatics and Nursing at Columbia University.  Her research is focused on identifying and intervening on 

patient harm by applying computational tools to mine and extract value from EHR data and leveraging user-

centered design for patient-centered technologies.  She is an experienced critical care nurse.  Dr. Rossetti was 

selected as a 2019 PECASE recipient and serves on AMIA’s Board of Directors. 

Amanda J. Moy, MPH. Amanda Moy is a doctoral student in Department of Biomedical Informatics at 

Columbia University. She is conducting research and evaluation on the implementation and maintenance of 

health information technologies. Her interests focus on the operationalization and measurement of EHR 

documentation burden, as well as the secondary use of EHR data to address disparities in healthcare delivery. 

Kenrick Cato, PhD, RN, CPHIMS, FAAN. Kenrick Cato is an Assistant Professor of Nursing and Clinical 

Informatics at Columbia University. His research focuses on using electronic patient data to support clinical 

decision making. Dr. Cato is an oncology nurse and former EHR analyst.  He is also serves as a member at large 

on the AMIA NIWG board. 

Min-Jeoung Kang, PhD, RN Min-Jeoung Kang is a postdoctoral fellow in Harvard Medical School, and 

Brigham and Women’s Hospital. She was a former emergency room nurse and taught nursing student’s in 

college. Dr. Kang’s  research focuses on nursing informatics to improve patient safety based on decision support 

systems using EHR data. 

Jessica M. Schwartz, MPhil, BSN, RN. Jessica Schwartz is a doctoral student in Nursing Informatics at 

Columbia University School of Nursing. She has experience working as an oncology nurse and as an EHR 

analyst. Her research interests include strategies for reducing documentation burden and increasing transparency 

and clinician trust in machine learning based clinical decision support.  

Statement of the panel organizer 

All participants listed in this proposal have agreed to take part on the panel. 

Acknowledgements: This study was funded by the National Institute of Nursing Research (NINR): 

1R01NR016941-01, Communicating Narrative Concerns Entered by RNs (CONCERN): Clinical Decision 

Support Communication for Risky Patient States.  The content is solely the responsibility of the authors and 

does not necessarily represent the official views of the National Institutes of Health. 
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Abstract 
The panel members will chronicle the unique informatics needs, challenges, and approaches to health care demands 

during a pandemic, illustrated through the initial and current responses to the COVID-19 epidemic, in resource-

constrained environments. The ability to identify and address challenges and difficult clinical situations with 

bioinformatics is critical in the effective, rapid delivery of public health and clinical responses during pandemic 

conditions. Informatic tools need to support important functions, such as contact tracing, to limit the spread of new 

cases and trials of new diagnostic/therapeutic approaches. We will describe and compare the unique informatics needs, 

challenges, and solutions, such as analytics and clinical decision support, that have been developed and deployed 

during epidemic situations in LMIC. 

Learning Objectives 
After participating in this session, the learner should be better able to: 

• Understand the unique informatics needs, challenges, and approaches to health care demands during an epidemic, with 

particular emphasis on the initial and current responses to the COVID-19 pandemic, in resource-constrained 

environments throughout the globe. 

• Understand the importance of syndromic surveillance during an epidemic, how the resulting data is collected and 

shared, and common roadblocks during the process. 

• Leverage available technologies during epidemic conditions for the effective design, deployment, and support of 

information systems. 

Introduction and Background 
Previous epidemic situations, such as the 2014 Ebola outbreak in West Africa, 1,2 have provided instructive and 

revealing windows into the informatics challenges faced by public health partners in resource-constrained crisis 

conditions. These events have crystallized the necessity for organized and comprehensive public health informatics 

and surveillance with clear protocols and objectives. With the emergence of the COVID-19 outbreak in Wuhan, China, 

in December 2019, health care providers and institutions faced challenging demands in informatics support 

functionalities, such as surveillance, clinical workflows, and reporting -- all critical in the delivery of efficient, life-

saving health care interventions. Since then, the World Health Organization (WHO) has declared the COVID-19 

outbreak a pandemic Robust informatics systems have become more important than ever for efficient data and 

information management and real-time analytics. This panel will share their personal experiences with informatics 

during epidemics, including the COVID-19 pandemic, their lessons learned, and their recommendations for improving 

and enhancing the use of informatics during an infectious disease outbreak. 
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Panel Description 
Discussion Overview -- Informatics and Epidemic Responses 
Dr. Theresa Cullen will moderate a panel discussion on epidemic response in resource constrained countries, 

highlighted by the COVID-19 epidemic, with panelists sharing their experience, including in China,  during the 

phases of the epidemic, including early resource availability and resources needed. The experiences and lessons 

learned from this global health informatics initiative are applicable not only to the current situation but to other LMIC 

who are embracing a commitment to health system strengthening and resiliency with limited resources. The panel 

will include a review of the implementation activities that are critical in the crisis response. This discussion will be 

of value to those interested in enterprise-wide deployments of HIT to support public health and epidemic responses, 

public and population health providers, and AMIA members interested in understanding responses in resource 

constrained situations. 

Global Surveillance, Aggregated Data, and Geospatial Analyses 
Felix Holl will share how effective and beneficial prevention and surveillance during pandemic conditions requires 

that three conditions must be met -- the generated data must be shared in disaggregated form, the data must be 

interoperable, and the surveillance must be conducted ethically. At present, COVID-19 data collected by local 

authorities are provided only in aggregated form.3 The availability of this data in disaggregated form would expedite 

the global execution of statistical analysis and forecasting, such as geospatial epidemiology, and enable the rapid and 

accurate identification of new diseases cases and areas at high risk for infection. Mr. Holl will discuss how the 

European Union has taken a leading role in data sharing by promoting the following four FAIR data principles -- 

findable, accessible, interoperable and reusable.4 The interoperability of collected data during a pandemic is essential. 

Mr. Holl will propose the establishment of a global instance of an open source software platform, similar to the 

University of Oslo District Health Information Software 2 (DHIS2) website,5 for the analysis and dissemination of 

pandemic surveillance data with a focus on LMIC needs. Finally, Mr. Holl will address data sharing privacy concerns 

and ethical issues that must be considered when conducting global surveillance with disaggregated data. 

The Role of Informatics in Syndromic Surveillance and in Emergent Situations 
Dr. Gong Mengchun will discuss that the surveillance of an unknown disease is often time-constrained and 

challenging. When performing disease surveillance of a novel virus, it is often more effective to report presenting 

syndromes rather than disease occurrence. Dr. Mengchun will share the use of informatics during the 2014 Ebola 

outbreak as an illustrative example.1,2 Disease syndrome reporting requires best practice information dissemination, 

disease identification, and rapid contact tracing and screening for exposure management. Syndromic surveillance 

should be performed on a closed-loop management system, with informatics providing the basic tools and support, 

including cybersecurity and privacy protection. Clinicians, epidemiologists, statisticians, and informaticians should 

be consulted during system design and development. To guarantee 100% coverage, full government cooperation and 

coordination are paramount, which can be accomplished by establishing support and trust from local residents who 

are enlisted to report alert syndromes, share positive feedback, and promote the screening system with authorities. 

Informatics Response at the Point Of Care/Organizational Level 
Dr. Andrew S. Kanter will discuss health technology issues and requirements during a pandemic. A common 

problem during the eruption of new disease is that administrative and reference coding systems and terminologies are 

not updated with sufficient frequency to capture rapidly-changing conditions. Codes and terms must be available in 

existing health information systems. Legacy systems may not contain the required terminology, nor have the flexibility 

to quickly adapt to the new information-gathering requirements. Ironically, low-resource settings that are more reliant 

on reusable and interoperable technology often find the task of adapting to changing requirements easier than in more-

developed settings. Interventions for this situation include leveraging a common data dictionary using EHRs or other 

technology that can be remotely updated, or accessing new interface terminology via cloud APIs. Examples will 

include OpenMRS and MEDITECH. Some EHRs may require the creation of terminology packages or may need a 

manual download. The process of semantic terminology development in response to Ebola as well as COVID-19 will 

also be presented. 

China–Challenges and Solutions in Building a Full Population Real-time Monitoring 

System for COVID-19 

Dr. Polun Chang and Dr. Gong Mengchun will discuss the importance of informatics during the COVID-19 

epidemic in China. Since the outbreak of the COVID-19 epidemic, China has initiated an unprecedented battle against 

disease spread and progression. The presenters will share health technology experiences in Honghu, China, during the 
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COVID-19 outbreak and how health information technology can be modified to capture COVID-19-specific 

terminology. In Honghu, among nine hospitals providing clinical care for disease-identified patients, two of them were 

converted into specialized facilities within one week. The hospitals were without HIT or EMR technology, and four 

of the hospitals did not have LIS or PACS systems. Five of the hospitals were without local IT support. 

The doctors will discuss the strategies and solutions that were implemented in the city of Honghu, a county-level city 

in Hubei province, by the Guangdong medical aid team. A unique COVID-19 control model, the Honghu Model, was 

proven effective. The four components of the model include government coordination, design and direction by experts, 

public population involvement, and technical support. Clinical data from nine hospitals were centralized and updated 

daily. A social medium-based general population monitoring system, a centralized platform of all clinical information 

from the nine hospitals, and a clinical decision support system based on an early warning score6 for mortality were 

implemented. Data analytics was targeted at symptomatic residents and two high-risk population groups were 

identified--Wuhan residents who returned to Honghu prior to Wuhan city isolation and in-hospital patients at risk of 

death. The experiences of Dr. Chang and Dr. Mengchun can be generalized to support the prevention and management 

of COVID-19 in other county-level cities both within China and globally. 

The Role of AMIA Now and in the Future 
Dr. Terry Cullen will discuss how AMIA and bioinformatics has a critical role of working closely with the clinical, 

public, and population health communities to promote the incorporation of informatics, including clinical care, early 

surveillance, case reporting and novel terminology into clinical care as well as planning and response teams during 

epidemics. The clinical informatics community is essential in providing methodological guidance and direct and 

indirect assistance during global responses to novel disease patterns. 

Discussion Questions 
1. What is the role of informatics in epidemic responses in low-to-middle income countries? 

2. What are common challenges with existing informatics and resource-constrained clinical situations in providing 

solutions during pandemic conditions? 

3. What is syndromic surveillance and what are the best practices during its execution? Why is syndromic surveillance 

vital during an epidemic? What challenges are encountered during syndromic surveillance? 

4. Which informatics interventions have been successful in managing the COVID-19 pandemic, and which strategies 

have not proven effective? 

 

Panel Organizer Statement: All participants have agreed to take part in the panel and discuss the topics as outlined 

above. 
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Abstract 

The influence of social determinants on health outcomes is increasingly recognized in emerging payment reform 
programs, federal and state-based policies, and information technology initiatives. The growing awareness of how 
Social Determinants of Health (SDOH) shapes health has contributed to efforts to address actionable socioeconomic 
risk factors through the health care delivery system. However, the ability to document and address these social risk 
factors in clinical settings is hampered by the lack of standards available to code and exchange the data. This panel 
will introduce the Gravity Project, initiated in May 2019 by the Social Interventions Research and Evaluation Network 
(SIREN). The presentation will highlight the project’s approach to consensus-driven development of coded data 
elements needed for interoperability. Learning objectives included understanding the value proposition for 
standardizing SDOH data to support documentation activities within an EHR, interoperable electronic data exchange, 
and aggregation across clinical, community-based, research, and population-health systems.  

Introduction 

The influence of social determinants on health outcomes is increasingly recognized in emerging payment reform 
programs, federal and state-based policies, and information technology initiatives.1 However, the ability to document 
and address these social risk factors in clinical settings is hampered by the lack of standards available to code and 
exchange the data. 2, 3 Social determinants of health (SDOH) are defined by the World Health Organization as “the 
conditions in which people are born, live, work, and age. 4 The growing evidence demonstrating strong links between 
social risk, an individual's health, and health care utilization has led to recommendations to standardize SDOH data 
collection. 1, 3, 5, 6   

In May 2019 the Gravity Project was launched by the Social Interventions Research & Evaluation Network (SIREN) 
as a multi-stakeholder public collaborative to develop, test, and validate standardized SDOH data for use in patient 
care, care coordination between health and human services sectors, population health management, public health, 
value-based payment, and clinical research.  

Panel Description 

The Gravity Project is a direct response to recommendations and calls to action around creating national standards for 
representing SDOH data in EHRs. It is the first national standards initiative that addresses the interoperability gap 
between clinical and social risk factor documentation in clinical settings.1 The Gravity Project has convened over 900 
participants through a public collaborative process to develop the codable concepts needed for capturing SDOH data 
related to screening, diagnosis, goal setting, and interventions. The public collaborative started with three social 
domains; food insecurity, housing instability and quality, and transportation access. The Gravity Project will continue 
to identify other social domains to examine and augment coding standards. The Gravity Project's scope is as follows:  

● Develop use cases to support SDOH documentation within EHR and related systems 
● Identify common data elements and their associated value sets to support the use cases 
● Develop a consensus-based set of recommendations on how best to capture and group these data elements 

for interoperable electronic exchange and aggregation 
● Initiate development of an HL7® Fast Health Interoperability Resource (FHIR®) Implementation Guide 

based on the defined use cases and associated data sets that will be finalized in the next phase of work.  

This panel will introduce the Gravity Project and highlight the project’s approach to consensus-driven development 
of coded data elements needed for interoperability. It will also highlight U.S. federal initiatives and national standards-
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based initiatives that will help to advance work products developed through the Gravity Project. This panel includes 
experts in the areas of standards development, clinical informatics, and federal/state policies related to interoperability 
and health information exchange.  

 

Gravity Project Overview (Sarah DeSilvey)  

● Present the value proposition for standardizing SDOH data to support documentation across clinical 
screening, diagnosis, planning, and treatment activities within an EHR 

● Discuss the Gravity Project’s formal submission to the coding stewards (SNOMED International, 
Regenstrief, and World Health Organization) and the impact this work can have on health care delivery 

● Discuss how SDOH data standardization is critical for interoperable electronic data exchange and aggregation 
across clinical, community-based, research, and population-health systems 

● Examine how SDOH data can optimize the seamless exchange of electronic referrals 
● Show consensus-based datasets identified to date to represent SDOH concepts for three domains: food 

insecurity, housing instability and quality, and transportation barriers 

ONC SDOH Initiatives (Albert Taylor) 

● Discuss how the ONC works with public and private sector stakeholders to support the use of interoperable 
SDOH data in addition to their direct support for the Gravity Project. Key initiatives include: 

○ Development of the Federal Health IT Strategic Plan 
○ Developing HHS Department-wide SDOH strategy 
○ Informing efforts by CMS to integrate standardized SDOH data into post-acute care patient 

assessment instruments 
● Present ONC SDOH policy levers offered through the ONC 2015 Edition and Interoperability Standards 

Advisory 

ACL Health Care and Social Services Integration (Joseph Lugo) 

● Present how ACL works with Community-Based Organizations (CBO) leaders, states, philanthropies, and 
health care organizations to accelerate the development of a nationwide CBO network that will create a 
scalable approach to address both medical needs and social determinants of health 7 

● Provide an overview of ACL Challenge on Innovative Technology Solutions for Social Care Referrals and 
how ACL will use this challenge to help advance the use and implementation of closed-loop referral 
standards8 

National FHIR Acceleration Projects (Walter Suarez) 

● Introduce the HL7 FHIR Accelerator Program and value proposition of using FHIR-based Application 
Program Interfaces to support health and social service data exchange 

○ Introduce other HL7 FHIR Accelerator projects (DaVinci, Argonaut,  and CARIN) 
● Discuss how the standards development community (HL7, IHE, SNOMED International (SNOMED CT), 

Regenstrief (LOINC), World Health Organization (ICD-10) and American Medical Association (CPT)) is 
helping to advance and accelerate the use of FHIR-based data standards beyond those developed for clinical 
data exchange  

Discussion Questions 

The moderator will allow for audience questions. If there are no questions, the following can be used to continue the 
dialogue: 

● What is the key challenge with documenting SDOH data in EHRs? 
● What is the broader role that HIEs could play in connecting the clinical, social, and behavioral domains? 

What about Community Information Exchanges (CIEs)?  
● What are examples of payment model innovations that are focused on the strategic collection of SDOH 

data within clinical settings? 
● How has Gravity conceptualized key stakeholders? 

○ How has the model evolved? 
● What are some privacy and security challenges to consider as the data used in some models of social care 

information will move between health care entities and social services partners?  

71



 

● How do we continue the conversation on inequitable access to technology/broadband and begin to close the 
digital divide?  

Statement from the Panel Organizer 

I, Evelyn Gallego the moderator of this panel can confirm all participants have agreed to take part in the panel 

Conclusion 

Standardization and harmonization of SDOH concepts, regardless of the social risk assessment tool used, requires a 
consensus-based approach. Current tools merit further validation and testing across a variety of settings and clinical 
workflows. However, based on the growing collection of social risk data in health care systems, an immediate 
opportunity exists to support data collection, data aggregation, data sharing, quality measurement, benchmarking, 
and risk adjustment. Health IT plays a critical, untapped role in enabling the growing data infrastructure needed in 
this area. 
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Abstract 

Synthetic health data can reflect the characteristics of a population of interest and be a useful resource for 

researchers, health information technology (health IT) developers, and informaticists. Researchers and developers 

often depend on anonymized data to test theories, data models, algorithms, or prototype innovations but may be 

required to aggregate, de-identify, or analyze data before it can be used. Additionally, high quality health data can be 

difficult to access because of cost, patient privacy concerns, or legal restrictions. The risk of re-identification of 

anonymized data is high and impossible to eliminate, especially for rare medical conditions. Interoperability issues 

impede gathering data from different resources for robustly testing analysis models, algorithms, or developing 

software applications. Synthetic health data helps address these issues and speeds the initiation, refinement, and 

testing of innovative health and research approaches. Capitalizing on this opportunity, the Office of the National 

Coordinator for Health Information Technology (ONC) is leading an effort to enhance an open-source synthetic data 

engine to accelerate research. This panel will discuss ONC efforts to support the generation of synthetic health data 

for research. Additionally, panelists will share their experiences using various types of synthetic health data along 

with associated benefits and limitations.  

Introduction 

The Office of the National Coordinator for Health Information Technology (ONC) has led and collaborated on 

numerous projects that inform policy, standards, and services specific to the adoption and implementation of a patient-

centered outcomes research (PCOR) data infrastructure.1  Projects funded by the Patient-Centered Outcomes Research 

Trust Fund (PCORTF),2  which is administered by the Assistant Secretary for Planning and Evaluation (ASPE), support 

the development of data capacity and infrastructure that can engage patients in health care decision-making and 

incorporate their responses into research. This work supports the development of an integrated electronic environment 

that continuously supports evolving demands for health information and adapts to novel and promising technologies.  

Clinical data are critical for the conduct of PCOR, which focuses on the effectiveness of prevention and treatment 

options and care delivery models.3 Realistic patient data are often difficult to access because of cost, patient privacy 

concerns, or other legal restrictions.4,5 Researcher or health IT developers will typically need to aggregate, de-identify, 

and analyze data before testing the effectiveness of algorithms and modeling approaches used in matching and disease-

modeling techniques. Synthetic health data can help relieve some of this burden and be used to initiate, refine, or test 

innovative research approaches more rapidly. Synthetic health data can be generated using a variety of mechanisms, 

including algorithmic approaches that use real patient data and synthetic health data that is generated based upon rules 

that reflect real-world patient data. 

Synthea™, a synthetic health data engine developed by the MITRE Corporation, employs an open-source development 

model, uses publicly available data to generate synthetic health records, and can export information in multiple 

standardized formats. Synthea generates realistic patients, simulates their entire life, and outputs health record data.6 

Synthea generated data have also been used in academic institutions for educational and research purposes. This type 

of synthetic data engine can support the greater PCOR data infrastructure by providing researchers and health IT 

developers with a low risk, readily available synthetic data source to provide access to data until real clinical data is 

available. 

Synthetic Health Data Generation Engine to Accelerate PCOR 

ONC is conducting a project to enhance Synthea to increase the number and diversity of synthetic patient records in 

support of PCOR research needs, specifically in the areas of opioids, pediatrics, and complex care. These priority 
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areas stand to benefit from increased availability of synthetic data to help expedite testing of research algorithms and 

technology. The Synthetic Health Data Generation Engine to Accelerate Patient-Centered Outcomes Research 

(PCOR) project evaluated existing Synthea data modules to assess opportunities for development and enhancement. 

One area of focus is to enhance Synthea to produce synthetic data that simulates prescribing opioids for chronic pain 

and treatment of opioid use disorder to address recent developments in the opioid crisis, such as fentanyl use and 

evolving treatment options such as naloxone or buprenorphine.7 

The second phase of this project involves administering a prize competition (“challenge”) to allow the community to 

generate synthetic health data and support the community in fine-tuning the software, instructions for use, and other 

resources based upon feedback received. Since 2010, the US government has run nearly 1,000 challenges across more 

than 100 federal agencies, which include many different members of the community from students to IT developers 

to researchers to encourage creative ways to solve problems.8 Once Synthea can generate data for three priority use 

case areas, ONC plans to engage with the community via a challenge competition that will encourage researchers and 

developers to validate the realism of the generated synthetic health records in Synthea, develop new modules, and 

spur novel uses of synthetic health data.  

Panel Objectives and Presenters 

Panelists will discuss the types of synthetic data available for researchers and health IT developers and how this project 

is using Synthea to model patient data related to opioid use and chronic conditions. Panelists will also describe their 

experiences using synthetic data, including  benefits and limitations of using synthetic data for research.  

This panel will 1) present an overview of the project’s purpose and ONC’s efforts to increase the availability of 

synthetic health data for research and other uses; 2) describe synthetic health data and information about the challenge 

competition; 3) offer and discuss perspectives of informaticists and researchers regarding synthetic data within and 

outside of this project; 4) discuss generating synthetic data and its limitations (e.g., dependency on underlying models) 

and opportunities for future research in method development; and 5) engage the audience in providing feedback and 

insights for expanded use cases for synthetic data and Synthea. 

Ms. Stephanie Garcia (moderator) is the ONC PCOR Portfolio Manager. Ms. Garcia will moderate this session, 

provide an overview of ONC’s relevant portfolio of work, and describe the goals of the Synthetic Health Data 

Generation project.  

Ms. Casey Thompson (panelist) is a Clinical Informaticist at Clinovations Government + Health. She serves as a 

project lead and will provide an overview of the project objectives and synthetic data generation approach, solicit 

feedback on project resources for others to generate their own data, and discuss how to participate in the synthetic 

health data challenge competition.  

Dr. James Hellewell (panelist) is a family medicine physician with advanced training and board certification in clinical 

informatics. As one of the Care Transformation Medical Directors at Intermountain Healthcare, Dr. Hellewell has 

responsibility in the areas of clinical decision support, best practice implementation and opioid safety. He will discuss 

his perspectives on the value that Synthea-generated synthetic data may provide and inefficiencies in care delivery. 

He will also discuss his involvement in updating the existing Synthea opioid module as part of this project.   

Dr. Viet Nguyen (panelist) is an internist and pediatrician as well as a board-certified clinical informaticist with 

extensive inpatient and outpatient clinical experience as well as formal medical informatics training. His passion is to 

combine clinical and informatics expertise to improve patient care through the development and implementation of 

health information technology solutions. He uses Synthea to generate synthetic data for teaching/education activities 

to encourage students to learn how data works and perform specific tasks. He will discuss the value of synthetic data 

for clinical education initiatives.  

Dr. Thomas Kannampallil (panelist) is the Assistant Professor of Anesthesiology and Associate Chief Research 

Information Officer at Washington University School of Medicine. His research interests lie at the intersection of 

computer science, cognitive science, and predictive modeling. He will discuss his experience working with various 

forms of synthetic data, including algorithmic synthetic data based on real EHR data, and engage panelists and the 

audience to identify potential uses for synthetic data.  

Panel Learning Objectives 

74



  

1. Participants will learn about the different types of synthetic data and how researchers, educators, and health 

IT developers use synthetic data.   

2. Participants will understand how to generate synthetic data based upon project findings, including 

accomplishments to-date and opportunities for researchers and health IT developers to validate use cases for 

Synthea-generated synthetic health records. 

3. Participants will learn about the benefits and limitations of using synthetic data for research, hypothesis 

testing, and early testing of software and third-party applications.  

4. Participants will learn about tools and resources to generate their own synthetic health data using the open- 

source Synthea data generation engine. 

Panel Discussion Questions 

1. What types of synthetic data are available to researchers and how are they used? What are the benefits and 

limitations to each type?  

2. What Synthea data generation engine and synthetic data improvements are essential to support the use of 

synthetic data by researchers? 

3. How can publicly available data be used to generate synthetic health data? How does such synthetic data 

compare and contrast to synthetic data generated from real patient records? 

4. How can research and app development opportunities using synthetic data be expanded beyond this project? 

Statement of Participation 

Each of the panelists and the moderator have confirmed that they will participate if this submission is accepted, at the 

assigned timeslot during the AMIA Annual Symposium. 

Conclusion 

With the increased availability and exchange of synthetic data available for PCOR, researchers are able to complement 

their use of real clinical data and enhance their ability to conduct rigorous analyses, benchmark algorithms, and 

validate early hypotheses. Facilitating the use of synthetic data for hypothesis and technology testing also supports the 

HHS objective of protecting the privacy of personally identifiable information. By sharing ONC’s efforts to increase 

the availability of synthetic health records for research, this panel aims to stimulate a rich discussion and gather 

participant input that will inform this project and further the use of synthetic data for research purposes.  
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Topic 
Global research consortia and data harmonization projects drive the clinical interpretation of cancers 

Panel Speakers 
● Justin Guinney, Vice President of Computational Oncology, Sage Bionetworks, Seattle, WA 
● Ratna Thangudu, Lead Bioinformatics Scientist, ESAC Inc, Rockville, MD 
● Melissa Haendel, Director of the NCATS Center for Data to Health, OHSU, Portland, OR 
● Subha Madhavan*, Chief Data Scientist, Georgetown University Medical Center, Washington DC 
● Alex Wagner, Research Instructor, Washington University, St. Louis, MO 

 
*Moderator 

 
Abstract (150 words) 
 
Cancer research is on the precipice of transformational advancements in understanding tumor biology, disease 
etiology, risk stratification, and pathways to novel treatments. Yet this field has been stymied by siloed efforts 
to meaningfully collect, interpret and aggregate disparate data types from multiple high-throughput modalities 
to support clinical care. While individual data sources such as Proteomic Data Commons (PDC) and Human 
Tumor Atlas Network (HTAN) are organizing large-scale, patient-derived experimental and associated clinical 
data, the Cancer Research Data Commons (CRDC) is developing components such as the Center for Cancer 
Data Harmonization (CCDH) and Cancer Data Aggregator to harmonize datasets from individual nodes to 
bring analytical tools and computational power closer to the data. Once harmonized, these datasets have to be 
informed through interpretation efforts such as through ClinGen and the GA4GH. This timely panel will discuss 
efforts to harmonize novel data sets to drive cancer precision medicine through global data sharing. 
 
Brief description of each panelist’s presentation and the issue(s) that will be examined 

 
1. Human Tumor Atlas (HTAN) (Justin Guinney, PhD). Part of the National Cancer Institute (NCI) 

Cancer Moonshot Initiative, HTAN is designed to establish a clinical, experimental, computational and 
organizational framework to generate informative and accessible three-dimensional (3D) atlases of 
cancer transitions for a diverse set of tumor types. These tumor atlases should profoundly impact the 
understanding of cancer biology, with the potential to improve cancer detection, prevention, and 
therapeutic discovery for better precision medicine treatments of cancer patients. HTAN is committed to 
sharing experimental and computational methods as well as data and metadata with the biomedical 
research community. Dr Guinney, a co-PI of the data coordinating center (DCC) for HTAN, will describe 
their approach for ingesting, processing, curating, and disseminating HTAN data resources and data to 
the research community. A particular challenge for the HTAN DCC is the diverse and complex data 
types generated, which include single-cell sequencing data paired with spatially-resolved multiplexed 
assays for RNA and proteins, bulk sequencing (WES, RNA-seq, ATAC-seq), anatomical imaging, and 
longitudinal treatment and outcome data. As a future data node within the CRDC, HTAN has developed 
a robust and extensible data model for the capture of these diverse data types, and is developing tools 
for the visualization, exploration, and analyses of these tumor atlases. 
 

2. Proteomics Data Commons node in CRDC (Ratna Thangudu, PhD) 
The objective of the National Cancer Institute’s Proteomic Data Commons (PDC) is to make 
cancer-related proteomic datasets easily accessible to the public. As a domain-specific repository 
within the Cancer Research Data Commons (CRDC), the vision for the PDC is to provide researchers 
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the ability to find and analyze proteomic data across a wide variety of tumor types and facilitate 
multi-omic integration in support of precision medicine through interoperability with other resources. 
The PDC provides an intuitive interface for researchers to search, visualize and analyze  expression of 
proteins (through their mapped genes) across diverse studies, build and explore pan-cancer cohorts 
using highly curated, clinical metadata, and comprehensively view a study without needing to download 
the data. Through a robust and extensible data model, rich data dictionaries and an application 
programming interface (API), PDC also facilitates interoperability with NCI Cloud Resources for efficient 
use of computational tools. PDC will also leverage other emerging CRDC efforts such as the 
harmonized data models and components of commons framework to support cross-domain analysis of 
large datasets. 

 
3. Center for Cancer Data Harmonization (Melissa Haendel, PhD) 

The Center for Cancer Data Harmonization (CCDH) brings together experts in data modeling and 
semantic engineering. The goal is to create a harmonized data model that can support all data 
modalities in the Cancer Research Data Commons, as well as terminology services and data 
management tools to support harmonization, deposition, and querying. The approach being taken is 
multi-fold. First, all existing models are being reviewed, standardized in their representation, and their 
elements aligned. Simultaneously, standards such as FHIR, BRIDG, and Biolink-Model are being 
integrated. Part of the alignment on both components relies upon the value set and terminology 
mapping. We anticipate the outcome being a robust, harmonized model that prospectively can be 
utilized to standardize not only the CRDC nodes, but also other relevant data commons endeavors (for 
example, Gabriella Miller Kids First). Retrospectively, we will provide tools to aid integration of legacy 
data. Other resources such as the Cancer Data Aggregator will thereby be able to leverage these 
harmonized data across different platforms for querying and analytics - thus realizing the dream of the 
cancer data ecosystem first laid out in the Biden Cancer Moonshot. 
 

4. ClinGen Cancer Variant Expert Panels: Enhancing standardized interpretation of cancer genetic 
data for clinical use (Subha Madhavan, PhD) 
The Clinical Genome (ClinGen) Resource, is a US National Human Genome Research Institute 
(NHGRI)-funded program to facilitate interpretation, annotation and utilization of clinical genomic data. 
ClinGen assembles experts to engage in standardized curation within clinical domains. The ClinGen 
Cancer Clinical Domain Working Group (CDWG), consisting of >95 cancer experts worldwide with 
clinical (oncology, pathology), genomics and informatics expertise. Somatic CDWG members identify 
cancer candidate genes that require expert curation to achieve consensus in clinical interpretation. This 
CDWG  is currently creating Variant Curation Expert Panels (VCEPs) to perform standardized curation 
and clinical interpretation of cancer variants. The process is highly analogous to the FDA-recognized 
ClinGen VCEP process. Wherever necessary, VCEPs develop gene-disease specific modifications to 
address gaps in existing variant assessment guidelines such as the AMP/ASCO/CAP guidelines and 
minimum variant level data to report cancer somatic variants, published by the ClinGen Cancer CDWG. 
The following VCEPs are in development: NTRK fusions in cancer, FGFR in bladder cancers, FLT3 
mutations in hematologic cancers. The VCEPs use CIViC (Clinical Interpretation of Variants in Cancer), 
a distributed asynchronous curation platform. To date, the CDWG has curated 273 evidence items 
relating to cancer variants in CIViC, 8 assertions, and 47 evidence source suggestions. This work will 
enhance the usability and dissemination of clinically-relevant cancer variants, and create standardized 
expert-interpretations for cancer variants in the ClinGen resource and other Knowledgebases. In this 
talk, Dr. Madhavan will describe global expert panels for cancer genomics data curation and sharing 
and highlight challenges and opportunities to make this data available for broader use in research and 
clinics. 
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5. Global standards for variant evidence harmonization (Alex Wagner, PhD) 

The Variant Interpretation for Cancer Consortium (VICC), a driver project of the Global Alliance for 
Genomics and Health (GA4GH), is an open consortium of experts in the clinical interpretation of cancer 
variants. As a GA4GH driver project, our effort is primarily focused on the computable and 
interoperable data structures for clinical variant interpretation knowledge. In partnership with several 
established clinical variant knowledgebases including CIViC, OncoKB, and Jax-CKB, VICC has 
demonstrated the potential gains in clinical impact from harmonization of biomedical knowledgebases. 
In this panel, we will discuss our findings, as well as challenges with existing standards and tools for 
structuring clinical variant interpretations. We will discuss in-depth the challenges in representing 
ambiguous and categorical variation. We will cover new tools and standards to address these 
challenges, currently in development in partnership with the GA4GH and the ClinGen Somatic Working 
Group. We will describe how these research products enable us to precisely capture the representation 
of these forms of variation, and how they may be adapted for broad use in biomedical literature curation 
and search. We will also discuss our progress and plans to standardize existing knowledgebases with 
the developed tools, and how we are integrating the harmonized content through ongoing collaborative 
initiatives around the world. 

 
Discussion questions: 
 

1. How does cancer research data commons help an investigator in a relatively small academic university 
to conduct big data research? 

2. What are the current challenges with accessing patient derived cancer datasets for informatics 
research? 

3. What resources exist today to access evidence for associations between cancer variants, drugs and 
outcomes? 

4. How can federal agencies promote end-to-end standardization and the creation of an open resource to 
promote innovation in precision medicine research and delivery? 

  
Learning Objectives: 
  
On this panel, we will demonstrate how real-world resources (e.g. Clingen, GA4GH and cancer data commons) 
are developed by the community, how those resources can be used by researchers, curators, clinicians and to 
advance precision medicine.  Through the talks and following discussion, 
  

1. Attendees will learn about cancer data commons and cancer variant curation platforms 
2. Attendees will learn about data standards used to represent and share cancer experimental data 

and associated evidence for clinical utility 
3. Attendees will learn about various data nodes and how to query across these nodes to answer 

specific research questions 
4. Attendees will learn about resources and tools for searching clinical interpretations of variants in 

cancer. 
  

  
Organizer statement: All speakers have agreed to attend AMIA Annual Symposium in November, 2020 and 
participate on this panel assuming all COVID-19 related travel bans are lifted by then. 
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Standardizing Opioid Prescriptions across Systems: Challenges, Strengths, 
and Opportunities 

 
Tina Hernandez-Boussard, PhD1, Juan Antonio Lossio-Ventura, PhD1, Ania Syrowatka, 

PhD2,3, Wenyu Song, PhD2,3, Patricia C. Dykes, PhD, RN2,3 

 
1Department of Medicine, Stanford University, Stanford, CA 

2Department of Medicine, Brigham & Women’s Hospital, Boston, MA  3Harvard Medical 
School, Boston, MA 

 
 
Abstract 

Overprescribing opioids represents a public health crisis in the U.S. that challenges classic clinical decision making. 
Many opioid prescriptions for pain management progress to dependence or addiction. Several guidelines have been 
developed by national organizations to provide general strategies for opioid prescribing. These guidelines suggest the 
need to quantify and monitor opioid utilization through electronic clinical quality measures (eCQMs) and large-scale 
clinical data-based algorithms. However, it is difficult to pull accurate and comparable opioid information from real-
world data to develop reliable applications. Moreover, studies related to opioid standardization and quantification do 
not provide details about their processes and have not made code publicly available for reuse and/or comparison, 
which has not substantially improved current opioid prescribing practices. The objective of this panel is to: 1) 
introduce eCQMs for opioid prescriptions and their evaluation in real-world settings; 2) describe the development of 
a tool to systematically extract and convert opioid prescriptions to a morphine milligram equivalent (MME); and 3) 
introduce the process of testing the generalizability of the opioid eCQMs and dosage conversion tool across two 
medical systems: the Brigham and Women's Hospital and Stanford University. 
 
Introduction 

Pain management is a complicated process, which may or may not include opioid prescriptions1. The major steps 
include choosing between opioid vs. non-opioid treatment, followed by choice of opioid, dosage, duration, and 
tapering strategy2,3. Systematically, it is challenging to monitor and quantify opioid prescriptions and conduct 
comparative analyses. Recently, several nationwide institutions have started initiatives to address the opioid crisis, 
such as the Centers for Disease Control and Prevention (CDC), which updated opioid prescribing guidelines in 20164, 
in which a general prescription strategy is provided. However, to strictly follow this guideline in real-world settings, 
tools are required to accurately quantify prescriptions and standardize them across different medical systems. A 
commonly used method for opioid dosage standardization is the morphine milligram equivalent (MME), which uses 
a conversion factor or ratio that is relative to the potency of each opioid to compare doses from one opioid to another, 
using morphine as the standard. On the other hand, the increasing use of electronic health record (EHR)-based disease 
models and electronic clinical quality measures (eCQMs) are providing new opportunities for data-driven medical 
applications5. In the current panel, researchers from Harvard and Stanford health care systems will introduce multiple 
collaborative efforts on opioid prescribing evaluations and standardizations. The researchers from these two 
organizations have worked together on a series of steps to develop opioid quality measures and algorithms for opioid 
dosage conversion. Moreover, the developed algorithms were validated across these two sites using diverse patient 
populations. These efforts build a foundation for personalized opioid prescribing and could support the development 
of future clinical decision support applications. The panel will also discuss the value of collaborative research 
platforms among health care organizations and how to promote this experience in the community.  
 
Learning Objectives 

1. The attendee will gain information about current opioid prescription guidelines. 
2. The attendee will understand the development process of an opioid eCQM and its key value sets. 
3. The attendee will understand the significance and potential usage of opioid dosage standardization.  
4. The attendee will understand the need of reproducibility and external validity of methods and results associated  
    with opioid prescriptions by multi-site validation.  
5. The attendee will discuss the opportunities of collaborations among healthcare systems.  
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Moderator: Tina Hernandez-Boussard, PhD 
Dr. Hernandez-Boussard is an Associate Professor of Medicine (Biomedical Informatics), of Biomedical Data 
Science, and of Surgery at the Stanford University School of Medicine. Dr. Hernandez-Boussard's background and 
expertise are in the field of clinical informatics and health services research. In her current work, Dr. Hernandez-
Boussard utilizes electronic medical records and other high-volume digital data to accurately and efficiently monitor, 
measure, and predict quality healthcare delivery, including care for pain management and opioid prescribing.  
She will moderate this session and provide expertise on the challenges and barriers of using EHRs for quality 
measurement and for extracting prescription information as well as the challenges with model transportation and 
generalizability. 
 
Panelist: Patricia Dykes, PhD, MA, RN 
Dr. Dykes is research program director in the Center for Patient Safety Research and Practice at Brigham and Women’s 
Hospital and associate professor of medicine at Harvard Medical School where she has a program of informatics and 
patient safety research. She is past Chair of the AMIA Nursing Informatics Working Group and current AMIA Board 
Chair. Dr. Dykes is leading the development of eCQMs related to orthopedic surgery outcomes and medication safety 
to improve the accuracy of reporting while leveraging EHR data to decrease the burden of quality measurement. 
Through this work, in addition to developing de novo eCQMs, she and her team are retooling claims-based measures 
to consume EHR data to provide clinician access to performance data that can be used to improve practice and clinical 
outcomes in real time. 
Dr. Dykes will introduce the key principles of current opioid prescribing guidelines and the development of opioid 
prescription eCQMs at the Brigham and Women's Hospital. She will also discuss data sharing regulations and how to 
facilitate collaborations among organizations.   
 
Panelist: Ania Syrowatka, PhD, MSc 
Dr. Ania Syrowatka is a postdoctoral fellow at the Brigham and Women’s Hospital and Harvard Medical School. She 
completed her Doctorate at McGill University with the Clinical and Health Informatics Research Group. Dr. 
Syrowatka has worked as a Senior Researcher for a Canadian not-for-profit organization focused on the development, 
measurement and reporting of comparable and actionable healthcare quality indicators across the country, where she 
contributed to the development and reporting of indicators in the areas of mental health and addictions. Her current 
work at the Brigham and Women’s Hospital focuses on the design and development of novel eCQMs to report on 
opioid prescribing practices following orthopedic procedures.  
Dr. Syrowatka will provide context for opioid eCQM algorithm development at the Brigham and Women’s Hospital, 
including information about current data structures and calculation of key indexes.  
 
Panelist: Juan Antonio Lossio-Ventura, PhD 
Dr. Lossio-Ventura is a postdoctoral researcher in Biomedical Informatics at the Department of Medicine, Stanford 
University. He has expertise and research experience in the areas of biomedical natural language processing and 
machine learning applied to the biomedical domain. He led the project that sought to convert opioid prescriptions to 
MMEs from EHRs across different EHR systems. The team project has provided a publicly available framework based 
on Python and SQL for the MME conversion process. This conversion framework was also replicated at Brigham and 
Women’s Hospital.     
Dr. Lossio-Ventura will discuss the challenges associated with working with EHRs for this conversion. He will also 
discuss the importance of the framework with some use cases. 
   
Panelist: Wenyu Song, PhD, MBI 
Dr. Wenyu Song is a postdoctoral fellow at the Brigham and Women’s Hospital and Harvard Medical School. He 
has a training background in neurobiology, genetics, statistics and biomedical informatics. His research is focused 
on the integration of patient EHR and other biomedical data to improve clinical decision support systems. His 
current research interest is in the creation of accurate opioid use disorder phenotypes and development of predictive 
models for addiction using EHR-derived clinical features and machine learning methods.    
Dr. Song will introduce the challenges of portability and generalizability of the developed opioid algorithms. He will 
walk through local model optimization steps and metrics for algorithm generalizability. 
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Discussion Question List  

• What are the major decision steps when prescribing opioids? 
• What is the current status of opioid prescribing guidelines and designed goals? 
• What are the useful data sources and data structures for opioid prescription algorithm development? 
• What is the clinical impact of the opioid prescription conversion to MME across medical systems? 
• What is the process for developing and cross-validating opioid prescription algorithms using multiple EHR-

derived datasets? 
• How can eCQMs facilitate the opioid prescription decision-making process? 
• What are the major steps and bottlenecks to standardize opioid prescribing? 
• What is the major design of internal and external validations for opioid prescription algorithms? 
• What are major challenges in data sharing and multi-site validation for opioid clinical research?  

 

Summary 

In summary, this interactive panel will introduce opioid clinical monitoring and standardization tools from both 
Brigham and Women's Hospital and Stanford University. As part of the development, multiple layers of collaborations 
are formed between these two institutions, including 1) mutual sharing of de-identified clinical data; 2) cross-
validation of opioid clinical applications; and 3) initiation and expanding of a collaborative platform for opioid clinical 
research. The panelists will discuss how these eCQM tools and algorithms could potentially inform personalized 
guidelines and quality improvement. Another main goal of the panel is to set up an example for collaborations among 
large health care systems and discuss how other researchers can benefit from this experience. The panelists will discuss 
lessons learned during these collaborative steps and how this can help advance current opioid collaborative research 
programs.  

 

Statement of the panel organizer 

All panelists have agreed to take part in this important panel. 
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Translational Research of Machine Learning and Artificial Intelligence 
Advances in Clinical Settings – Experiences and Challenges 

William R. Hersh, MD1; Gretchen Purcell Jackson, MD, PhD2,4; Marc S. Williams, MD3; 
David A. Dorr, MD, MS1; Colin G. Walsh, MD, MA4 

1Oregon Health & Science University, Portland, OR; 2IBM Watson Health, Nashville, TN; 
3Geisinger Health, Danville, PA; 4Vanderbilt University Medical Center, Nashville, TN 

Abstract 

Applications of machine learning and artificial intelligence have the ability to transform health and healthcare 
delivery, yet most systems have been evaluated only with small data sets in artificial settings. This panel reports on 
the experiences of informatics researchers seeking to test such applications in real-world clinical settings. Each 
panelist will describe efforts to conduct evaluations in healthcare environments, including the challenges they faced 
from organizational leadership, clinical workflows, and regulatory boards. 

Introduction 

Scarcely a week goes by without another new paper purportedly demonstrating the value of machine learning (ML) 
and artificial intelligence (AI) when applied to clinical medicine. Early work started with the ability to interpret images 
from high-quality, well-curated data sets, followed by the ability to predict diagnoses and outcomes from electronic 
health records (EHRs) and other clinical data. So many applications have been developed and tested that recent 
systematic reviews have taken inventory in a number of areas such as imaging [1] and user-generated content [2]. 

Yet many have lamented that while such “basic science” accomplishments are impressive, they must be able to 
generate evidence relevant to clinicians and be implemented in clinical environments for their value to be realized by 
healthcare systems [3, 4]. There are far fewer studies of ML/AI that have assessed the value of such systems in real 
clinical settings with actual patients [5]. Testing and implementing systems in the clinical setting has a number of 
barriers including clinician acceptance, assessments of patient safety and confidentiality, administrative burdens 
associated with compliance, IT and data governance, clinical workflow disruptions, and, in the case of clinical 
research, institutional review board (IRBs). 

This panel presents the experiences, challenges, and successes of informatics researchers who have tried to conduct 
clinical research in the translation of ML/AI systems into clinical practice. Four researchers will describe their 
experiences in carrying out such clinical studies. Each panelist will talk for 10-12 minutes and cover the following: 

1. Briefly describe their work that makes use of machine learning, artificial intelligence, or other data analytics 
to demonstrate potential clinical value 

2. Discuss the challenges they faced and solutions, including navigating the IRB, data sharing committees, 
collaborations (public, private, and industry), and clinical settings 

3. Describe the results to date of their research 

4. Provide advice for others, from researchers to clinicians to policy leaders, in planning to carry out such 
research 

The moderator and panelists include: 

William Hersh, MD, FACMI, FAMIA, Professor and Chair, Department of Medical Informatics & Clinical 
Epidemiology, Oregon Health & Science University (Moderator) 

Dr. Hersh will moderate the panel and describe his efforts in rare disease surveillance. He and his research 
collaborators developed a machine learning algorithm based on an extract of the EHR data from 200,000 patients to 
identify the rare disease acute intermittent porphyria (AIP), for which a highly effective new treatment had become 
available. The research team aimed to validate the algorithm for real patients whom it identified. This led to a great 
deal of dialogue and negotiation with both the IRB as well as the primary care leadership of his institution who 
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expressed concerns such as the potential disruption of clinical workflow and the cost of treatment for patients 
identified, not all of whom had health insurance. 

Gretchen Purcell Jackson, MD, PhD, FACS, FACMI, FAMIA, Vice President and Chief Science Officer, IBM 
Watson Health, and Associate Professor of Surgery, Pediatrics, and Biomedical Informatics, Vanderbilt 
University Medical Center 

Dr. Jackson will provide perspectives on the challenges and benefits of industry/academic collaboration, including the 
specific challenges of AI evaluation and dissemination of research results as an industry scientist. As Chief Science 
Officer at IBM Watson Health, Dr. Jackson oversees a scientific team devoted designing, conducting, and publishing 
rigorous scientific studies that demonstrate the performance and impact of IBM Watson Health Solutions. This 
research portfolio includes evaluation of a wide variety of AI solutions that affect all stakeholders in the healthcare 
ecosystem, including providers, payers, researchers, patients, administrators, and policy makers. Many evaluation 
studies have been done in collaboration with academic and client partners.  

Marc S. Williams, MD, FAAP, FACMG, FACMI, Director of the Geisinger Genomic Medicine Institute 

Dr. Williams will describe his efforts to study the impact of implementing a population-based precision health program 
in a large integrated delivery system. Areas that will be discussed will be development and implementation of 
standardized automated phenotyping approaches to more rapidly assess the outcomes of return of genomic results, 
and a novel approach to dynamic diagnostic decision support combining clinical data with genomic data in real time. 

David Dorr, MD, MS, FACMI, FAMIA, Professor, Department of Medical Informatics & Clinical 
Epidemiology; Chief Research Information Officer, Oregon Health & Science University 

Dr. Dorr will discuss other efforts at OHSU and elaborate his role as Chief Research Information Officer at OHSU. 
As part of this role, he has created a state on the use of AI at OHSU. This statement, largely intended for vendors and 
for those proposing to put ML algorithms into health care, focuses on the key aspects of when ML algorithms are 
ready for operations. Based in part on ethical guidelines, the algorithms must fill a current, known gap; must have 
evidence to support their use; must have a workflow and training plan; and must be additionally validated, including 
on vulnerable populations, prior to insertion into operations. 

Colin G. Walsh, MD, MA, Assistant Professor of Biomedical Informatics, Medicine, and Psychiatry, Vanderbilt 
University Medical Center 

Dr. Walsh will discuss active research and operational efforts at Vanderbilt to improve suicide prevention with applied 
predictive modeling. He will describe their multidisciplinary collaboration including lessons learned in 1) translating 
published algorithms to production clinical systems; 2) designing and evaluating novel interfaces for providers in 
multiple clinical settings; and 3) scoping a pragmatic trial to study the impact of these interventions in a high-stakes, 
real-world domain made more difficult by ethical challenges, potential for stigma and unintended consequences, and 
rarity of the outcome(s). 

Some discussion questions to enhance audience participation include: 

1. What challenges have you experienced in trying to carry out evaluation of ML/AI applications in real-world 
settings? 

2. What challenges have you encountered translating predictive models from research to clinical settings? 

3. How can these challenges be overcome? 

4. What scientific, policy, and other changes are necessary to facilitate translational research of ML/AI 
applications? 

5. What are the benefits and challenge of collaborative evaluations across academic institutions, industry, and 
public research groups? 

The panel organizer (WRH) notes that all participants have agreed to take part on the panel. 

Conclusion 

Machine learning and artificial intelligence will only achieve adoption in clinical settings if they can be shown to 
improve patient care, health care operations, or other real-world benefits. Implementing studies of them in clinical 
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settings provide a number of barriers, but the informatics community must overcome these to insure they are 
appropriately evaluated and implemented for maximal benefit. 
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Abstract 

COVID-19 is a highly contagious respiratory pandemic that started in China and migrated to the US in 2020. During 
the outbreak, telehealth services have gained prominence as mechanisms for delivering patient care in an effort to 
minimize community spread of illness and potential exposure in health care environments. The panel will describe the 
various settings where telemedicine has been implemented and lead a discussion of the progress as well as the 
challenges and lessons learned from these implementations. The benefits and limitations of the expansion of 
telemedicine will be presented. 

Introduction 

Coronavirus disease 2019 (COVID-19) is a respiratory illness that spreads easily and sustainably from person to 
person. The novel COVID-19 was first identified during an investigation into an outbreak in Wuhan, China. ). In 
preparation for the widespread pandemic of the viral illness, nationwide efforts to utilize telemedicine for the diagnosis 
and containment of patients with suspected illness have started1. The Centers for Disease Control and Prevention has 
encouraged the expansion of telehealth2 to help slow and contain the spread of the virus and protect vulnerable 
populations. The president-elect of the American Telemedicine Association has encouraged the use of telemedicine 
for “non-virus-related appointments that couldn’t happen in person due to precautions” in addition to COVID 
diagnosis and management3. Major academic medical centers around the country, in preparation for COVID-19 
outbreaks, have implemented different strategies to handle COVID-19, utilizing telemedicine services in the 
screening, assessment and diversion of non-COVID-19 related medical issues away from the medical facility. This 
panel will describe various models implemented over time related to the outbreak. 

Panelist Pamela Hoffman, MD: 

Pamela Hoffman, MD is the current medical director for telehealth services at Yale Medicine and Yale New Haven 
Health Services in New Haven, CT. She started in the role with plans to continue to expand telemedicine to various 
departments and programs. When the COVID-19 outbreak started, there was already effective telemedicine “live” in 
some ambulatory departments (with varying degrees of participation), some inpatient settings (including telestroke 
and tele-ICU) but very little active telemedicine for pediatric populations due to restrictions put in place for teen 
privacy due to proxy access issues. She will discuss the health system and medical programs strategies and plans that 
were implemented to make all ambulatory department run video visits by March 18, 2020. She will discuss strengths 
and challenges within the organization and how the telehealth team overcame obstacles to care (especially as it relates 
to pediatric visits, emergency video consultation, interpreter services, etc). 

Panelist Emily Webber, MD:  

Emily Webber, MD is the current chief medical information officer for Riley Children’s Health and associate CMIO 
for Indiana University Health. She has a long history of implementation efforts, physician optimization and patient-
center data. Prior to February 2020, Dr. Webber played a mostly supportive role in physicians providing direct to 
patient care; however, with the COVID-19 outbreak, she was able to participate in IU Health’s massive deployment 
of telehealth, including a virtual screening hub which triaged the state’s second case of the disease, a patient-facing 
engagement tool, and in-hospital telemedicine. Dr. Webber will discuss the challenges of quickly training clinical staff 
as telemedicine facilitators, adapting to rapidly changing clinical protocols, and examples of overcoming the digital 
divide and limitations during an unprecedented public health outbreak. Dr. Webber will also focus on the ongoing 
post COVID role of telehealth and will discuss: 1. how the health system has set an expectation to create telehealth as 
an ongoing expectation for operations – so there is dire need for more widespread research on the outcomes on the 
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types of visits, diagnoses etc that are best suited, versus what we ‘had’ to do during COVID; 2.  The need to sustain 
this is driving clinical partnerships we hadn’t previously had to a large scale (remote monitoring with schools and 
universities, for example); and 3.  Finally, this speaks strongly to underserved populations – how do we ensure that 
access to behavioral health reach our rural communities, where wifi and the digital divide might be widest, or even 
for a person who doesn’t have a smart phone.  We’ve looked at kiosks, in-home visits with devices, and other options. 

Panelist John Scott, MD, MSc: 

John Scott, MD, MSc is the medical director for digital health at UW Medicine. Dr. Scott's research focuses on viral 
hepatitis and the use of telehealth technologies to improve care of patients with Infectious Disease issues. In 2009, he 
launched Project ECHO in Washington State. This innovative telehealth program helps clinicians serving in rural and 
underserved areas with the evaluation and treatment of hepatitis C, HIV/AIDS and tuberculosis. In 2013, he became 
the first medical director for telehealth at the UW. Research has focused on creating innovative learning platforms, in 
partnership with Dr. David Spach and Dr. Nina Kim through HCV Online. He will describe the organization's strategy, 
priorities and effectiveness of using telehealth for the COVID-19 response in Washington.  He also intends to discuss 
the challenges and mistakes made.  

Panelist Jonathan Hron, MD: 

Jonathan Hron, MD is the physician lead for inpatient informatics at Boston Children’s Hospital in Boston, MA. Prior 
to the COVID-19 pandemic Boston Children’s Hospital had a vendor telehealth system in place primarily focused on 
outpatient visits for second opinions and subspecialty care, especially psychiatry.  In February 2020 the hospital began 
preparations for expanding the telehealth program to meet the needs of clinicians and patients during the COVID-19 
pandemic.  This included a more than tenfold increase in the number of telehealth visits using our existing platform 
as well as expansion of telehealth to an additional video conferencing system in place at the hospital, previously used 
exclusively for operations.  Dr. Hron will discuss the decision to utilize video conferencing on the inpatient wards to 
preserve personal protective equipment and promote social distancing while still providing excellent patient centered 
care.  He will review use cases for inpatient telehealth, implementation challenges and share data on the success of 
the program. 

Moderator Theresa Cullen, MD, MS:  

Theresa Cullen M.D., M.S., is the associate director of the Global Health Informatics program at Regenstrief Institute, 
and an associate professor of clinical family medicine at Indiana University School of Medicine She also is the interim 
director of strategic planning and communications for LOINC. Dr. Cullen is a family physician retired from the US 
Public Health Service as Rear Admiral in 2012 after being the CIO for the Indian Health Service. Between 2012 and 
2015, Dr. Cullen worked as the chief medical information officer for the Veterans Health Administration. She is 
committed to using HIT to achieve health equity throughout the globe as well as ensuring the utilization of appropriate 
technology to meet identified clinical needs and improve health outcomes. 

Why the topic of this panel is timely, urgent, needed, or attention grabbing is required with a discussion of 
anticipated audience 

This topic is timely because the crisis that required people to not be able to visit, even local facilities for medical care 
occurred very abruptly in 2020. It is urgent and most certainly attention grabbing as it has been on the news 24/7 with 
little information regarding inner working of health systems to make this happen.  

List of potential Discussion questions:  

1. Were other technologies considered besides telemedicine for your program? 
2. What steps, if any, did you take to protect patient privacy/HIPAA? 
3. Were there any unexpected challenges in the implementation phase of rolling out telemedicine for each of 

your programs? 
4. Do you think that any national guidelines could have changed the way in which telemedicine was 

implemented?  Should there have been different guidelines offered? 
5. What are the unique considerations in a rapid telehealth deployment which differ from traditional 

implementations? 
6. What were the downstream effects on nursing, administrative assistants and other support staff when 

physicians and advanced practice providers moved to Telehealth visits? 
7. Was patient satisfaction monitored during the crisis in any way?  What was the patient's reaction to the 

changes? 
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8. Were there any “surprising heroes/gems” found while implementing telehealth?  
9. Please discuss any unfinished business: workflows that could not get resolved, issues that could not be 

answered, problems with no solutions. 
10. Please discuss unique considerations for special populations, and access issues for traditional underserved 

communities 
11. What does this mean for telehealth in the future, especially long term following the public health emergency? 

Panel Organizer statement:  

At the time of this submission, each presenter individually agreed to take part in this panel presentation.  

Conclusion 

This panel will facilitate a discussion of various telehealth solutions that were attempted within the context of the 
COVID-19 outbreak across the country.  
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Abstract  

There is a resurgence of interest in artificial intelligence (AI) applications in biomedical domains.  There is a 
concomitant interest in how such applications reach a conclusion, such as a prediction or classification. Given that 
AI systems in biomedicine can affect a user’s decision about providing patient care or choosing a particular algorithm 
for mining data, it is critically important for informaticians and computer scientists to create explainable AI systems 
to address this. This panel will review the history of explainablity in AI, and introduce four areas in which AI is 
developed, used, and evaluated. 

Description and explanation of why the topic is timely and of interest to AMIA attendees 

There is considerable discussion in the biomedical informatics and computer science communities about the “un-
explainable” nature of artificial intelligence, in that much is made of so-called black-box algorithms and systems that 
leave users, and even developers, in the dark to how results were obtained. As a result, there is growing skepticism, 
even in the face of burgeoning interest that at times reflects over-optimism in AI, about the potential limits of AI. At 
the same time, there is a growing community of researchers who are working to address this skepticism through their 
work in making AI explainable, and thus useful and potentially usable to those who employ AI in their work. This is 
especially welcome in the domain of biomedicine, where explainable AI is critically important for clinicians in their 
daily practice.  We are proposing a panel for the 2020 AMIA Symposium where we will present and discuss the 
emerging trends in explainable artificial intelligence, known as XAI.  

Participants 

• Riccardo Bellazzi, PhD, is Professor and Chair of the Department of Electrical, Computer and Biomedical 
Engineering at the University of Pavia, Pavia, Italy. He specializes in machine learning and knowledge 
discovery in large-scale environmental and biomedical data, data integration, clinical research informatics, 
clinical decision support, and systems for telemedicine. 

• Carlo Combi, PhD, is a Professor in the Department of Computer Science at the University of Verona, 
Verona, Italy. He is Editor in Chief of journal Artificial Intelligence in Medicine (Elsevier). He specializes 
in temporal information systems in Medicine, with a focus on healthcare and medical process modeling, 
temporal data mining and knowledge discovery, and data visualization.  

• John H. Holmes, PhD, is Professor of Medical Informatics in Epidemiology in the Department of 
Biostatistics, Epidemiology, and Informatics and Associate Director of the Institute for Biomedical 
Informatics at the University of Pennsylvania Perelman School of Medicine. He specializes in novel machine 
learning approaches to mining biomedical data and in agent-based simulations of temporal phenomena.  

• Jason H. Moore, PhD, is Edward Rose Professor of Informatics, Director of the Institute for Biomedical 
Informatics and the Division of Informatics in the Department of Biostatistics, Epidemiology, and 
Informatics, and is the Senior Associate Dean for Informatics at the University of Pennsylvania Perelman 
School of Medicine. He specializes in developing systems for interpretable and usable artificial intelligence 
in biomedical applications. 

• Niels Peek, MSc, PhD, is Professor of Health Informatics and Strategic Research Domain Director for Digital 
Health at the University of Manchester, Manchester, UK, and a fellow of the Alan Turing Institute. He 
specializes in user-centered artificial intelligence, clinical prediction algorithms, and clinical decision 
support.  
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Issues and topics that will be presented  

Timing Topic 
:00-:10 Introductions of the panelists (moderator) 

Background: what are the challenges of AI as it currently exists (moderator) 
:10-:55 Making AI more explainable (four of us presenting possible approaches, including visualization, 

user-centered design, data-driven explainability, and trust, about 10 minutes each) 
:55-1:00 Introduction of questions for discussion with the panel and audience (moderator) 
1:00-1:30 Q&A with the audience and wrap-up (moderator) 

 
Panel participant contributions 

• Riccardo Bellazzi, PhD, will present on two aspects related to XAI. On the one hand, the need of exploiting 
background knowledge in ML and AI is more than ever crucial to support clinical decisions. Nowadays, not 
only Bayesian methods are able to do that, but also joint matrix factorization approaches are providing ways 
to couple large scale data analysis with knowledge repositories. On the other hand, another important 
component is the assessment of the reliability of a prediction model on a new case. This investigates if an AI 
model, which has been properly trained and tested on a data set, can be reliably applied to a new unseen case, 
looking at the attribute values of the new case when compared with the attribute space used to train the model. 

• Carlo Combi, PhD, will present on a data-centric perspective on XAI. He will discuss about explainability 
and interpretability, considering how metadata, specific data constraints, conceptual representations of (even 
partial) data schemata, and queries could help understand and evaluate black-box machine learning results in 
medical domains. As an example, it is often the case that clinical features considered in machine learning 
algorithms are extracted from medical records, without any further consideration of clinical database schema. 
But it could be that the knowledge derived from the schema and from queries on data, could integrate and 
allow the right interpretation of ML results. 

• John H. Holmes, PhD, will moderate the panel. He will introduce the topic and the panel presenters, and he 
will facilitate attendee participation at the end by introducing the questions for discussion. He will ensure 
that the last 30 minutes of the session will address questions raised by the panelists and that attendees have 
the opportunity to ask their own questions of the panelists. Finally, he will present a brief summary at the 
end of the session. 

• Jason H. Moore, PhD, will present on accessible and open AI for enhancing explainability”. Explainability 
starts with trust and transparency. In order to explain an AI-generate model, the user must be able to answer 
why the algorithm selected that results as the best answer. Further, the user must trust that the algorithm is 
accurate and unbiased. We have developed an open-source artificial intelligence algorithm and software for 
automating machine learning analysis of data. The open-source components of this system include the sci-
kit learn machine learning library, a controller for launching analyses and tracking results, a MongoDB 
document store database that serves as the memory of the system, an AI algorithm that learns from experience 
and can automatically launch new analyses, and a web-based graphic-user interface. We document how this 
system learns with experience and discuss how its open-source components improve explainability. 

• Niels Peek, PhD, will present on citizen’s juries. Citizens’ juries are a form of deliberative democracy which 
seek to elicit an informed judgment from a representative cross-section of the general public. They can help 
policymakers understand what members of the public think once they become better informed about a policy 
problem. They have been employed across a variety of sectors: local government, health authorities, schools, 
and research organizations. We commissioned two citizens’ juries to understand public perception around 
the extent to which AI should be explainable. Thirty-six participants (18 per jury) spent five days with domain 
experts, learning about AI and the various system types that are currently in use and being developed. They 
considered the use of AI in two health-related and two non-health related scenarios, considered acceptability 
of systems with different levels of accuracy and explainability. We observed participants learning, recorded 
the issues they sought clarification on from expert witnesses, and captured deliberations of the pros and cons 
of each system. Data were analyzed qualitatively to understand when participants felt explanations were 
necessary and when they were not, and to get insight into the reasons for their choices. Our results suggest 
that in health-related scenarios, accuracy of decisions was considered more important than explainability, 
particularly where a rapid diagnosis is required to initiate the correct treatment or to preserve limited 
resources. In non-health scenarios, those with greater potential impact on the individual require more 
explainability, especially when individuals may be able to utilize information provided for self-improvement. 
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Discussion questions 

1. What is “Explainable AI” and why it any different from the explanation features of the older expert systems?  
2. How can we integrate fairness and accuracy into AI systems to enhance explainability and subsequently, user 

trust?  
3. How can we get users -from any community- to help us as we develop explainable AI? 
4. What explainability do clinicians (physicians, nurses, therapists) and researchers need from AI systems that 

could help them in their practice?  
How could deep knowledge and integration of database schemata benefit the development of an explainable 
AI system? 
 

All panelists have agreed to be present for the panel presentation. 
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Abstract 

Observational healthcare data, such as administrative claims and electronic health records (EHRs), are promising 
data sources for determining treatment effects and discovering causal relationships between treatments and clinical 
features. However, systematic errors (e.g. confounding and selection bias) inherent in the data generation process 
can introduce unwanted correlations and lead to invalid causal estimates if not handled properly. Besides the 
challenges residing in the data, the lack of reproducibility among studies further raises the concerns over the validity 
of results from observational studies. Our panel of informatics leaders, statisticians and computer scientists, including 
several who are world-famous for their work in casual inference, will jointly discuss how the rigor of observational 
studies can be improved through recent advances in method development across scientific fields. We will 1) introduce 
methods for handling confounding and selection bias on large-scale health data, 2) demonstrate how to evaluate the 
performance of causal methods across the Observational Health Data Sciences and Informatics (OHDSI) network, 3) 
introduce pioneering works in causal inference for handling unobserved confounding and discovering causal 
structure from observational data.  

Timeliness of Panel  

Existing healthcare data, such as EHRs and administrative data, hold the promise of offering real-world evidence to 
improve the quality of patient care. Even though an increasing amount of work focuses on generating evidence from 
large-scale observational databases in the past three decades, the acceptance of results from such studies remains 
limited. The skepticism on observational studies partly lies in the systematic errors (e.g., confounding and selection 
bias) from nonrandomized data. Failing to adjust for systematic errors can lead to invalid causal assessment and 
irreproducible results across studies. How we can address the issues in observational data to obtain reproducible 
causal assessment is a critical step towards improving the rigor of observational studies and unleashing the full 
potential of observational data to guide clinical practices. Large healthcare data networks (e.g. OHDSI) present an 
unprecedented opportunity to validate causal inference methods across multiple data sources. 

On the other hand, recent work at the intersection of computer science and statistics have brought illuminating ideas 
to perform causal inference on large-scale observational data. There are several distinct approaches to causal 
inference in observational data. Structural causal models take a deep approach to the question, explicitly modeling 
the causal structure and sources of bias, often combining observational evidence with experimental evidence6 (e.g., 
work of Bareinboim). Epidemiologic methods like propensity score adjustment control bias under the assumption 
that all confounders are measured, although subsequent work on a larger-scale approach suggests empirically that it 
may be possible to pull in unmeasured confounders1,2,3 (e.g., work of Schuemie). Recent work on confounders with 
shared causes allows us to formally weaken our assumptions about unmeasured confounding4,5 (e.g., work of Blei). 

This panel will raise the awareness of importance of causal inference in observational studies, introduce causal 
methods for generating evidences from large-scale observational data, and expose the audience to the most cutting-
edge work on causal inference from other closely related fields. 
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Learning Objectives 

• Understand the importance and challenges in conducting causal analysis from a combination of observational and 
experimental healthcare data; 

• Learn about methods for handling confounding and selection bias that are necessary to perform valid causal 
inference; 

• Appreciate current efforts in methods development and comparisons for population-level effect estimation 
across large-scale data network OHDSI; 

• Learn about advances in machine learning specifically graphical models and causal bayesian network for handling 
unobserved confounding and discovery of causal graph. 

Panel Participants 

Martijn Schuemie, PhD is a Research Fellow at Janssen Research and Development. He received his PhD in 
Computer Science. He is heading the OHDSI Population-Level Methods workgroup. Dr. Schuemie co-developed and 
implemented the OHDSI open-source large-scale propensity score (LSPS) method for causal inference, ran a series 
of studies to validate its performance, and applied it to the largest observational hypertension trial ever done 
(“LEGEND-HTN”). 

Dr. Schuemie will present the OHDSI LEGEND study and the OHDSI methods benchmark that evaluates its causal 
inference methods on real data. 

David Blei, PhD is a professor of Statistics and Computer Science at Columbia University. He earned his Bachelor’s 
degree in Computer Science and Mathematics from Brown University and his PhD in Computer Science from the 
University of California, Berkeley. Before Columbia, he was an Associate Professor of Computer Science at Princeton 
University. His research is in statistical machine learning, involving probabilistic topic models, Bayesian 
nonparametric methods, and approximate posterior inference. He is the creator of latent dirichlet allocation (LDA) 
and recently the developer of the deconfounder, an algorithm for estimating causes in the setting of unmeasured 
confounding by exploiting the correlation among multiple causes, combining unsupervised machine learning and 
predictive model checking. 

Dr. Blei will introduce the deconfounder, and describe first tests on health care data. 

Elias Bareinboim, PhD is an associate professor in the Department of Computer Science and the director of the 
Causal Artificial Intelligence Lab at Columbia University. Prior to joining Columbia, he was an assistant professor at 
Purdue University. He obtained his Ph.D. in Computer Science at the University of California, Los Angeles, advised 
by Judea Pearl. His research focuses on causal and counterfactual inference and their applications to data-driven fields 
in the health and social sciences as well as artificial intelligence and machine learning. He was the first to propose a 
general solution to the problem of “data-fusion,” providing practical methods for combining datasets generated under 
different experimental conditions and plagued with various biases. He has been exploring the intersection of causal 
inference with decision-making (including reinforcement learning) and explainability (including fairness analysis). 

Dr. Bareinboim will introduce the data-fusion problem and discuss how to integrate evidence from heterogeneous and 
biased data collections, including due to issues of confounding bias, selection bias, and external validity 
(transportability).  

George Hripcsak, MD, MS is a Professor and Chair of Columbia University’s Department of Biomedical Informatics 
and Director of Medical Informatics Services for NewYork-Presbyterian Hospital/Columbia Campus. He is a board-
certified internist with degrees in chemistry, medicine, and biostatistics. He leads the Observational Health Data 
Sciences and Informatics (OHDSI) coordinating center. His research focuses on using electronic health record data to 
conduct biomedical research. He is currently running causal inference studies in OHDSI using Dr. Schuemie’s large-
scale propensity scores, applying Dr. Blei’s deconfounder to medical data, and using data assimilation to incorporate 
physiologic models. 

Dr. Hripcsak will describe bridging seemingly conflicting approaches to casual inference and applying them to 
medical data. 

Linying Zhang, MS is a doctoral student at Department of Biomedical Informatics at Columbia University. She has 
a master’s degree in computational biology from Harvard T.H.Chan School of Public Health. Her doctoral research 
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focuses on developing machine learning models to conduct causal inference from large-scale observational healthcare 
data. 

Linying will be the moderator of this panel. 

Target Audiences 

There are several audience members who might find this panel of relevance: (1) clinical researchers interested in 
deriving reliable knowledge from large healthcare datasets; (2) data scientists and practitioners who experiment with 
statistical and machine learning models; (3) informatics and data science trainees interested in learning more about 
current efforts in causal inference methods and machine learning for healthcare. 

Statement of the panel organizer 

All panel participants have agreed to participate in the panel and have contributed to this proposal. 
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Abstract  

Under the Office of the Secretary Patient-Centered Outcomes Research Trust Fund (OS-PCORTF) portfolio, the 

Assistant Secretary for Planning and Evaluation (ASPE) supports and coordinates collaborative projects intended to 

build data capacity and infrastructure for patient-centered outcomes research (PCOR). This panel features three OS-

PCORTF projects that have developed innovative technology to optimize researchers’ access to patient data from 

various sources including registries, electronic health records, and patient-reported outcomes. In addition, an 

extramural PCOR researcher will highlight work that has been developed using an OS-PCORTF project’s technology. 

Innovative tools and technologies produced by these projects include a surveillance network to capture timely data 

for maternal, infant, and child health outcomes; mobile applications to capture patient-provided information; and a 

registry network for women’s health technologies. These projects demonstrate the value in creating, testing, and 

disseminating emerging technologies to make data more accessible for clinical decision-making and research.  

Learning Objectives 

1. Identify contributions by the federal government on the use of informatics to support patient-centered 

clinical research. 

2. Learn best practices for the development and implementation of clinical research informatics tools and 

technologies. 

Panel Description 

This panel will highlight three OS-PCORTF funded, U.S. Department of Health and Human Services (HHS) 

projects that are developing innovative technology to optimize researchers’ access to patient data from various 

sources, including registries, electronic health records (EHRs), and patient self-reported outcomes, to enable and 

inform clinical decision making and secondary research. Specifically, the projects focus on (1) developing user-

friendly applications and technical infrastructure to better collect and integrate standardized patient-reported 

outcomes (PROs) data into the EHR; (2) a surveillance network to capture timely data for maternal, infant, and child 

health outcomes; and (3) a registry network for women’s health technologies. Additionally, this panel features an 

end-user from the Crohn’s & Colitis Foundation whose work is building off the effort funded by the OS-PCORTF to 

link patient-generated data to clinical and molecular data to catalyze and augment research.  

Dr. Chun-Ju (Janey) Hsiao from the Agency for Healthcare Research and Quality (AHRQ), will present her work on 

a joint project with the Office of the National Coordination for Health Information Technology (ONC), titled 

“Advancing the Collection and Use of PROs through Health IT.” PROs are any reports of the status of a patient’s 

health condition that comes directly from the patient, without interpretation of the patient’s response by a clinician 

or anyone else. PROs provide complementary perspectives that can provide insights into many healthcare facets, 

such as health status, symptom burden, health behaviors, and quality of life.1 This project aims to develop a solution 

to better collect and integrate standardized PRO data into the EHR by 1) developing the PRO Fast Healthcare 

Interoperability Resources (FHIR) Implementation Guide (IG), which outlines the specifications needed to help 

standardize PRO data and increase the usability of the PRO data for research; and 2) developing and pilot testing 

user-friendly PRO collection applications based on the PRO FHIR IG.2  
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Ms. Shin Y. Kim, from the Centers for Disease Control and Prevention (CDC), works in areas related to data quality 

and linkages for surveillance and research related to pregnancy and postpartum. She will offer her perspective on a 

CDC OS-PCORTF project called MAT-LINK aimed at developing a data platform that collects clinical data 

(including EHRs, laboratory data, prescription, claims, and vital records) to generate new knowledge related to care 

for pregnant women on treatment for opioid use disorder (OUD) and their infants and children. MAT-LINK is an 

innovative surveillance approach to address information gaps related to OUD treatment in pregnant women and their 

infants across four clinical sites.3,4 Ms. Kim will discuss the process for the development of data collection 

approaches, analytic priorities, and the data platform.  

Dr. Danica Marinac-Dabic, from the Food and Drug Administration (FDA) oversees the Center for Devices and 

Radiological Health’s (CDRH) Coordinated Registry Network (CRN) Program charged with advancing the 

infrastructure and novel methodologies for evidence development and appraisal with application to medical device 

regulatory science. Dr. Marinac-Dabic will describe her work in establishing the Women’s Health Technologies 

Coordinated Registry Network (WHT-CRN), a national infrastructure to collect clinical data for studying women’s 

health technology.5 Coordinated Registry Networks (CRNs) are data infrastructures that aggregate and leverage the 

clinical data from multiple data sources such as claims data, clinical registries, EHRs, and PROs. Specifically, the 

WHT-CRN worked to link data from across four domains (registry, EHR data, claims, and patient-generated data) 

related to four distinct women’s health interventions (by creating standardized common data elements [CDEs] for 

uterine fibroid treatments, pelvic organ prolapse treatments, stress urinary incontinence treatments, and elective 

female sterilization therapies). Through this process the WHT-CRN collects detailed clinical data for evaluating 

women’s health technology; this provides a formal, integrated method of answering queries related to patient care 

and outcomes specific to women receiving treatment involving medical devices. The WHT-CRN now has access to 

over 550,000 records across the four CRN domains that can provide real-world evidence to support the FDA’s 

CDRH and other stakeholders in making better-informed decisions more quickly to impact women’s health. 6 The 

lessons learned from WHT-CRN are now being leveraged in the develop of CRNs in other clinical areas.  

The OS-PCORTF has funded the development of the open-source FDA MyStudies Mobile App, which allows 

patient-generated data to be linked with other electronic health data sources in support of clinical trials and real 

world evidence studies.7 The Crohn’s & Colitis Foundation (Foundation) has built upon the FDA MyStudies Mobile 

App through investments in integration that enables their research information exchange platform, IBD Plexus, to 

transfer information to the app to trigger patient surveys to fill in important patient-generated data at critical 

timepoints such as endoscopy to advance research.8 Angela Dobes, M.P.H., from the Foundation, will present her 

work on IBD Plexus, an initiative that aims to accelerate research in high impact areas through the creation of a 

research information exchange system to increase collaboration and sharing of data and ultimately improve the care 

of patients living with inflammatory bowel disease (IBD).9 She will explain how the MyStudies Mobile App has 

enhanced the ability to capture patient experience data beyond the clinical care system to establish a comprehensive 

picture of patients’ disease journeys. The Foundation’s work highlights the non-profit sector directly investing in 

open source technology originally funded by the public sector. 

Following the presentation, Ms. Susan Lumsden will moderate a Q&A between the panelists and audience members.  

Timeliness of Topic 

Patient-centered outcomes research (PCOR) is designed to produce new scientific evidence that informs and 

supports the healthcare decisions of patients, families, and healthcare providers by accounting for the preferences, 

values, and questions patients face when making healthcare choices. Clinical research informatics improves PCOR 

by bridging the information gap of patient-centered and clinical data necessary for research. A robust data 

infrastructure is essential to improve the capture, quality, and value of data used for rigorous analyses and to 

strengthen the validity of PCOR findings.10 The projects featured on the panel have resulted in informatics 

advancements in HHS priority areas and solutions to PCOR challenges, such as addressing the opioid crisis and 

contributing to the evidence base for women’s health research. The Office of the Secretary PCOR Trust Fund (OS-

PCORTF) portfolio aims to provide support in its coordination for innovative clinical research informatics tools and 

technologies. The panelists hope their contributions and advancements to innovative technology directly benefits 

PCOR researchers and spurs the conversation about next steps for the field.  

Discussion Questions 

1. What opportunities and challenges exist for public and private sector collaboration?  
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2. Why is it important to think about innovative technological approaches when it comes to clinical data and 

future research? 

3. What type of data are considered innovative or robust, and what resources/effort does it take to develop 

such technology? 

4. How are these types of innovations sustained and evolving over time as technology improves? 

5. How can technology enhance the integration of the patient voice/perspective in clinical data for more 

robust research? 

6. What were the major challenges in capturing and integrating patient data with other data sources? 

All participants have agreed to take part in the proposed panel. 
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Abstract 

With continued focus on the impetus to move from fee-for-service to value-based care payment 
models, one major challenge is to enable effective critical response for patient-centered care 
delivery in the care settings, which commonly limit patient-provider interactions to short visits 
separated by long time intervals. Recently, a number of alternative care delivery models have 
emerged to support asynchronous, non-traditional communication modalities between patients 
and providers beyond in-person clinical visits. This is pertinent not only to chronic and preventive 
care, but also to other care scenarios that require critical responses, such as the situation we are 
currently experiencing during the COVID-19 pandemic. The overarching goal of this panel is to 
bring the informatics community together to work on best practices for studying patient-provider 
communications that consider these issues, as well as the different contexts where communication 
takes place. The panelists will draw on international case studies to share lessons learned in the 
patient-centered design process of care delivery models. The panelists are leading researchers in 
the field and will not only provide global case studies to illustrate the untapped potential of patient-
provider communication, but also specify the research methods and protocols used in the case 
studies, including the pros and cons of them. In particular, the adoption and evaluation in current 
practice to handle critical responses such as COVID-19 pandemic will be discussed. 
Introduction 

In the global healthcare arena, our aim has been to improve care experiences, improve population health, and reduce 
costs. An equally important initiative coming into focus is the emphasis on patient-centered care enabled by a 
combination of technologies, innovative care design, and incentives. This has deep implications on care scenarios that 
require critical responses, such as the situation we are currently experiencing during the COVID-19 pandemic1. Past 
research studies have shown the key to effective management for patients to handle critical responses is to maintain 
regular communication between patients and health care providers not only during in-person clinical visits, but also, 
critically, between visits2,3. However, in practice, traditional care delivery models do not support patient-provider 
communication outside clinical visits effectively.  
To remedy this, alternative care delivery models via asynchronous, non-traditional communication modalities have 
emerged. Take behavioral health services for example. Globally, we have observed adoption of integrated behavioral 
health services using various e-enabled communication modalities, which enable regular provider-patient 
communication, better patient understanding, and adherence to health goals. However, to bring out the full potential 
of patient-provider communication beyond clinical visits, we need further investigation on the gaps in the use of 
different communication modalities to influence patient behavior. Moreover, electronic and mobile communication 
technologies can further facilitate patient-provider relationships between clinical visits. Yet the adoption rate has been 
low to date4, due to barriers such as physician time and compensation. While novel delivery models (e.g., bundled 
care) can potentially remove such barriers to improve physician adoption, the caveat is that providers need to overcome 
technology-related adoption barriers, such as integrating communication technologies with EHRs.  
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Explanation of Topic Timeliness & Learning Objectives  

It is imperative for this panel to work on best practices for designing and implementing technology-enabled novel care 
delivery models to handle critical responses. This is a topic that is still under-investigated. There are many ways to 
facilitate effective patient-provider communication by leveraging different communication modalities (e.g., face-to-
face, email, text messages, telephone, patient portal, video chat). We need to have conversations around what can we 
learn from current practices about technology-enabled care delivery models: What works well for both patients and 
physicians? How do patients’ technology preferences influence communication? This goes beyond the usual social 
determinants of health to include communication-related factors such as e-health literacy, regional and individual 
differences in communication preferences, ethics and regulatory issues, motivational issues, etc. Exploring these 
questions could inform the design to support the many contexts of Patient-Provider Communication.  

After participating in the session, the audience should be able to: 
• Describe case studies in using asynchronous, non-traditional communication modalities between patients and 

providers beyond in-person clinical visits. 
• Understanding the benefits and limitations of technology-enabled care and the best practices for different 

modalities to serve patient needs. 
• Discuss adoption and evaluation in current practice to handle critical responses in COVID-19 pandemic. 

Panel Organization and Description of Speaker Topics 

The panel will be organized as a series of 15-minutes presentations of case studies, followed by a 30-minute panel 
discussion and question answering with all panel attendees (including a 10-minute discussant summary).  
Case Study 1 (Cognitive models of integrated behavioral mental health services in primary care settings): Dr. Patel 
will provide a cognitive perspective on patient-provider communication in the integrated behavioral health services in 
mental health outpatient settings in South Pacific islands. Questions she will explore include: (a) What are the 
challenges in providing e-health care via mobile technology by frontline health care providers, (b) How to determine 
best communication modality for patients with mental health issues who may otherwise not get adequately screened 
and treated, and (c) Can this model of care be transported to the US? 
Case Study 2 (E-health enabled collaborative care delivery): Dr. Kuziemsky will first introduce how E-health 
technologies are playing a substantial role in supporting collaboration across settings, care teams and patients. He will 
then describe an approach for characterizing and modeling collaboration based on structures and behaviors. Finally, 
he will draw on his research on collaborative care delivery to present a set of principles for the design and evaluation 
of E-Health tools for supporting collaboration. 
Case Study 3 (E-enabled telehealth): Dr. Nøhr will describe the steps towards the care model that enable effective 
communication between clinicians and citizens in the telehealth setting. This is related to a Danish telecare project, 
PreCare, whose vision is to realize a sustainable health system that offers citizens care for chronic diseases in their 
home to avoid hospitalization. The project has a disruptive approach to redesign the structure of the health system to 
achieve a more accessible, coherent and efficient service by means of virtualizations of selected functionalities 
regarding the chronically ill person. The PreCare project runs in Region Zealand in Denmark.  

Case Study 4 (Enabling mobile technologies for care team): Dr. Florez-Arango will introduce persuasive technologies 
and their applications for mobile apps development targeted for caregivers (community health workers) and patients. 

The final segment of the Question-Answer session comes with a focus on questions covering the opportunities and 
challenges from a whole spectrum of patient, provider, and technology-provider perspectives. We expect this panel to 
reflect on the lessons learned from not just the literature, but also from the frontline of this research field regarding 
effective adoption and evaluation of e-enabled provider-patient communication technologies in care delivery.   

List of Discussion Questions for Increasing Participation  

During the panel discussion, the panelists will further help address the following questions: 
• 1.  What is the novel care delivery model in the case study? What works well for both patients and 

physicians? How do patients’ technology preferences influence communication?  
• 2.  What are the benefits and limitations of technology-enabled care in this care model? (e.g., What are 

the gaps in the use of different communication modalities to influence patient behavior?) 
• 3.   What are the best practices for different patient-provider modalities to serve patient needs?  
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• 4.  What is the adoption rate before and during the pandemic, and what are your observations for the 
effectiveness of the care delivery model during COVID-19? 

• 5.   How lay caregivers may be active participants in these models?  
• 6.   If you could only name one major challenge going forward, what would that be?  

Organizer and Speaker Bio  

Dr. Patel, PhD, DSc, FRSC is a Senior Research Scientist and Director of Center for Cognitive Studies in Medicine 
and Public Health at the New York Academy of Medicine. She is an elected fellow of the Royal Society of Canada 
(Academy of Social Sciences), ACMI, and the IAHIS. Her research intersects biomedical informatics with cognitive 
psychology and application in care settings, especially in the area of the translation of evidence into practice. She 
published over 300 scholarly peer-reviewed articles. She is an associate editor of the Journal of Biomedical Informatics 
and is on the editorial board of AI-Med. She is the editor of Springer book series on Cognitive Informatics and 
Biomedicine and Healthcare. 

Dr. Florez-Arango, MD, PhD earned his MD and MSc in biomedical sciences from Universidad de Antioquia, and 
his PhD in health informatics from The University of Texas Health Science Center at Houston. Dr. Florez-Arango has 
broad experience in innovation in prehospital care and emergency management, telemedicine, clinical decision 
support systems, development of health information systems based-on international standards, interoperability and 
controlled vocabularies.  

Dr. Zhu, MD, PhD is the Executive Director of the Center for Biomedical Data Science at Yale University. She is the 
Co-Chair of the AMIA Global Health Informatics Working Group, VP of Membership for the Consumer and Pervasive 
Health Informatics Workgroup, and Co-Chair of the Organizational and Social Issues in Healthcare Working Group 
at the International Medical Informatics Association.  

Dr. Kuziemsky, PhD is Associate Vice-President, Research at MacEwan University in Edmonton, Alberta. His 
research focuses on developing innovative approaches for modeling collaborative healthcare delivery for better design 
information and communication technology to support different contexts of collaborative delivery.    

Dr. Nøhr, M.Sc. Ph.D. FACMI, FIAHIS, Professor of health informatics at Maersk McKinney Møller Institute, 
University of Southern Denmark, Adjunct Professor at University of Tasmania, Australia and University of Victoria, 
BC, Canada. His 30 years’ experience of health informatics focus on technology assessment and evaluation studies, 
organizational change, participatory design, and implementation of health information systems. He is currently a lead 
member of the E-health Observatory that monitors E-Health systems in Denmark.  

Dr. Hsueh, PhD, FAMIA is the Director of Health Informatics at Viome Inc. She also chairs the AMIA Consumer and 
Pervasive Health Informatics Workgroup and serves on the ACM Practitioner Board. She previously co-chaired the 
Health Informatics Professional Interest Community at IBM Research. She edited the book of Machine Learning for 
Medicine and Healthcare and special issues in Sensors Journal and JAMIA OPEN, served as the chair of workshops 
for AMIA, MEDINFO, MIE, pHealth and KDD, and has been selected as European Google Anita Borg Scholar. 

Statement of Participation 

Each panelist/organizer has confirmed via email that they agree to take part in the proposed panel, and the views and 
opinions expressed in this panel do not represent their institutions and the financial interest. This proposal is endorsed 
by AMIA Consumer and Pervasive Health Informatics (CPHI) and Global Health Informatics (GHI) Work Group. 
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Abstract 

Commercial electronic health record (EHR) systems are continuing to expand support for standards-based clinical 
decision support (CDS) frameworks in their general-release software. Adoption of the HL7 Clinical Decision 
Support (CDS) Hooks standard, as well as the HL7 Clinical Quality Language (CQL) standard for both local and 
remote decision support. The US Core Fast Healthcare Interoperability Resources (FHIR) profiles for data access 
continues to serve as a foundation for this interoperability. This panel will describe the next phase of the work of a 
Centers for Disease Control and Prevention (CDC) and Office of the National Coordinator for Health IT (ONC)-
sponsored effort to pilot the use of opioid CDS knowledge resources using these EHR-supported CDS 
interoperability frameworks. This includes broadening existing pilot implementations; new pilot sites and 
technology environments; and collaboration with related decision support and quality measurement projects.   

 

Description 

The overall learning objective of the panel is for the learner to be able to understand the current state of standards-
based CDS frameworks as well as their degree of support in commercial EHR systems. The panelists will pursue 
achievement of this learning objective by describing their experiences attempting to leverage these EHR vendor-
supported frameworks to address the opioid epidemic. 

The panel will be organized as follows: 

Time Speaker Topic 

10 min Kawamoto Need for interoperable CDS 

Overview of HL7 CDS Hooks, CQL, and US Core FHIR standards 

Initiative to develop and disseminate standards-based CDS for opioid use 

10 min Rhodes Details of relevant standards and state of EHR vendor support 

Description of standards-based knowledge artifacts for chronic pain management with 
opioids 

10 min McPeek 
Hinz 

Lessons learned from pilot with Epic EHR and CDS Hooks at Duke University 

10 min Malinowski Lessons learned from pilot with Cerner CQL Compiler at Indiana University 

10 min Hurwitz Lessons learned from development and pilot of a generic Morphine Milligram 
Equivalent (MME) Calculator API 

30 min All Panel discussion with audience 

 

Kawamoto: Dr. Kawamoto is Associate Chief Medical Information Officer of University of Utah Health, as well as 
Associate Professor and Vice Chair for Clinical Informatics in the University of Utah Department of Biomedical 
Informatics. Dr. Kawamoto is also co-chair of the HL7 CDS Work Group, a Board Member of HL7, a member of 
the U.S. Health IT Advisory Committee (HITAC), and co-chair of the HITAC Interoperability Standards Priorities 
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Task Force.  Dr. Kawamoto leads the University of Utah’s ReImagine EHR initiative, which is a multi-stakeholder 
effort to improve patient care and the provider experience through standards-based, interoperable extensions to the 
EHR.  For his work in this area, in 2019, Modern Healthcare named him a Top 25 Innovator in the nation.  

Dr. Kawamoto will serve as the moderator and introduce each of the panel members and their organizations. He will 
then describe the continued need for shareable, interoperable decision support at scale, providing an overview of the 
relevant standards for integrating CDS at the point of care, with a focus on the HL7 CDS Hooks, CQL, and US Core 
FHIR standards. He will then note that commercial EHR vendors are beginning to support these standards, and that 
the panel will present real-life implementation experience with these EHR-supported frameworks to help advance 
their use and continued maturation. Finally, Dr. Kawamoto will introduce the case study, which is a project 
sponsored by the Centers for Disease Control and Prevention (CDC) and the Office of the National Coordinator for 
Health IT (ONC) to facilitate the standards-based implementation of the 2016 CDC Guideline for Prescribing 
Opioids for Chronic Pain (CDC Guideline).  

Rhodes: Bryn Rhodes is Principal of Dynamic Content Group. Mr. Rhodes is also co-chair of the HL7 CDS Work 
Group, the lead author of the HL7 CQL standard, editor of the HL7 FHIR Clinical Reasoning module, and a co-
author of the HL7 CDS Hooks standard. He is also a core subject matter expert on the CDC-ONC standards-based 
opioid CDS initiative. Mr. Rhodes will provide details on the relevant standards for which Dr. Kawamoto has 
provided an overview. 

Specifically, the project has developed CDS knowledge artifacts for the 12 recommendations in the CDC Guideline, 
which have been implemented as CDS Hooks services using CQL as the underlying knowledge representation 
formalism. The Table outlines the 12 knowledge artifacts that have been developed by this project, with each 
knowledge artifact corresponding to one of the 12 recommendations in the CDC Guideline. This panel will describe 
experiences implementing recommendations #4, #10, #11, and #12, as well as collaboration with other decision 
support and quality measurement projects using these artifacts. 
 

Table. CDC Recommendations Supported via Standards-Based CDS Knowledge Artifacts 

# Recommendation 
1 Selection of non-pharmacologic therapy, nonopioid pharmacologic therapy, opioid therapy 
2 Establishment of treatment goals 
3 Discussion of risks and benefits of therapy with patients 
4* Selection of immediate-release or extended-release and long-acting opioids 
5 Dosage considerations 
6 Duration of treatment 
7 Considerations for follow-up and discontinuation of opioid therapy 
8 Evaluation of risk factors for opioid-related harms and ways to mitigate patient risk 
9 Review of prescription drug monitoring program (PDMP) data 
10* Use of urine drug testing 
11* Considerations for co-prescribing benzodiazepines 
12* Arrangement of treatment for opioid use disorder 
*Recommendations being piloted. 
 

McPeek Hinz:  Eugenia McPeek Hinz is the Associate Chief Medical Information Officer for Duke University 
Health System since 2012.  As a Physician Informatician, she has provided leadership and oversight of the Physician 
Champions and the Provider Concierge groups in the implementation and optimizing our electronic health record 
(EHR).  Her own research interests include EHR data visualizations for clinical care, effective clinical decision 
support and physician well-being.   

Dr. McPeek Hinz will describe Duke University’s experiences piloting the standards-based opioid CDS knowledge 
artifacts using the Epic EHR and its native support for the CDS Hooks “patient-view” hook, which was introduced 
in its August 2018 software version. This piloting began in December 2019, and includes demonstration of 
Recommendations #10 and #11 at an additional Epic site, building on the previous experience with these same 
recommendations at other Epic sites. 
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Malinowski: Jana Malinowski is a Solution Lead, Quality Measurement for Cerner who brings more than 25 years 
of experience in healthcare technology, consulting, and strategy. With her rich background in regulatory, quality, 
and population health management, Ms. Malinowski brings a holistic view to the challenges of measure 
development, industry standards, and analytics.  Jana works with quality measures across industry programs and 
leads development and EHR certification of CMS eCQMs.  Ms. Malinowski is active in the industry, chairing the 
EHRA Quality Workgroup as well as participating in a variety of informatics workgroups, technical expert panels, 
FHIR pilots and connectathon participation. Ms Malinowski will describe efforts using the Cerner CQL compiler to 
apply recommendations #4 and #12 at the population level by direct translation of the CQL logic from the opioid 
decision support artifacts into an Apache Spark data pipeline, evaluating the decision support for the relevant 
population to create appropriate recommendations.  

Hurwitz: Dr. Hurwitz is Associate Chief Medical Information Office at Allscripts. He is a general internist with 
primary care and hospitalist experience and led implementation of an enterprise electronic health record prior to 
joining Allscripts. He is board certified in Clinical Informatics and served on AMIA's Practice Analysis Task Force 
in 2018, which updated the domains, tasks and knowledge of the clinical informatics subspecialty. He is a member 
of the Electronic Health Record Association (EHRA) Opioid Task Force 2018, which produced the EHRA CDC 
Opioid Guideline Implementation Guide for EHR’s. More recently he co-authored a book chapter in Introduction to 
Biomedical Data Science. 

Dr. Hurwitz will describe development of a standards-based generic morphine milligram equivalent (MME) 
calculator API. The MME calculator is tentatively planned to be integrated within one, possibly two EHR’s, and will 
be available as an open source API to the development community.  Discussion will highlight the importance of 
clinician, developer collaboration, the use of RxNorm and the challenges encountered in parsing free text medication 
instructions to determine the maximum daily dose of long and short acting opioids. 

Following these panelist presentations, Dr. Kawamoto will lead a moderated discussion with the audience.  The 
objectives of this discussion will be to answer questions from the audience, engage in a stimulating exchange of 
ideas, and identify key steps that the informatics community can take to achieve more effective and comprehensive 
CDS leveraging standards-based interoperability. The questions listed below will be presented to stimulate this 
discussion, and the audience will be encouraged to engage in discussion in areas that are most important to them. 
 

Significance of panel topic and anticipated audience 

No single organization has the resources or expertise required to meet all of the CDS needs of health care on its 
own. The emergence of native EHR support for CDS Hooks, CQL, and US Core FHIR profiles provides a highly 
promising avenue for healthcare systems, EHR vendors, government agencies, and various other organizations to 
come together to improve health and health care. At the same time, our initial experiences indicate that there are 
important challenges that still must be overcome. Thus, it is imperative for biomedical informaticists to understand 
not only the promise of standards-based CDS interoperability but also the current state of the field and the 
challenges that must be overcome to achieve this promise. 
 

Discussion questions 

What experiences have you had with using standards-based CDS at your organization, and what lessons have you 
learned? 

What is your vision for the future of interoperable CDS? 

What challenges do you see to achieving this vision? 

What steps can you take to help us overcome these challenges? 
 

Participation statement 

All proposed panelists have agreed to participate in the panel if the proposal is accepted. 
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Sharing Clinical Documentation with Patients in Oncology Settings 

Gilad J. Kuperman, MD, PhD [1], Everett Weiss, MD [2], Andrew J. Wagner, MD, PhD 

[3], Catherine DesRoches, DrPH [4] 
1Memorial Sloan Kettering Cancer Center, NY, NY; 2Roswell Park Comprehensive Cancer 

Center, Buffalo, NY; 3Dana-Farber Cancer Institute, Boston, MA; 4OpenNotes.org, Boston, 

MA 

Abstract (149 words) 

Sharing notes with patients is becoming increasingly prevalent and much is being learned.  Patients report several 

benefits when sharing notes is implemented and only a small minority report increased anxiety or worry.  Providers 

are apprehensive at the prospect of sharing notes but anticipated fears almost never materialize. Implementing the 

sharing of notes in the oncology setting requires special considerations to be taken into account.  For example, the 

prevalence of serious illness is much higher in oncology and the technical aspects of the care may be more complicated. 

This panel will include representatives from three cancer centers that have implemented the sharing of notes at their 

organization.  These panelists will relate their experiences and lessons learned.  The panel will also a representative 

from OpenNotes.org, an organization dedicated to the advancing patients’ access to their notes.  She will speak on the 

differences between implementing shared notes in oncology vs. non-oncology settings. 

 

Introduction 

Sharing clinical documentation with patients, often referred to as OpenNotes, is an international movement dedicated 

to making health care more open and transparent by giving patients easy access to their doctor’s notes.  Efforts in the 

US began in 2010 at three institutions with more than 100 primary care physicians and 20,000 patients.  The attention 

on sharing notes continues to increase as consumer expectations for digital interactions are increasing across all 

industries, including health care.  Today, programs to share notes are in place in hundreds of institutions nationally 

serving millions of patients. 

 

The implementation of sharing notes at an organization involves technical issues – assuring that notes can be viewed 

dependably and with accuracy via the organization’s patient portal -- as well as operational and change management 

issues.  The new capabilities therefore need to be explained to both patients and providers, and there are processes that 

need to be amended to accommodate the volume of notes that would consequently be immediately available to 

patients.  These may include, for example, processes to streamline patient request to amend records or address 

questions if patients find errors or have concerns about something they read.   

 

Sharing notes is an active area of research, with dozens of publications over the last decade.  Focus areas of research 

include patient perceptions, provider perceptions, impact of sharing notes on the provider-patient relationship and 

impact on quality, safety, and outcomes.  Patient perceptions are almost uniformly positive; the vast majority of 

patients report increased trust in their provider, improved opinions of their providers, more value from appointments, 

decreased anxiety, and a sense of greater control of their care, although this has not been well-studied in oncology.  

Only a small minority of patients have found that notes are emotionally challenging or increase their worry.  Providers 

report, however, that while they are aware patients are reading notes, they still believe the audience for notes is 

themselves or their colleagues.  Providers do not report significant changes to the way they document but do report 

paying more attention to ensure accuracy; some report using fewer abbreviations.  Providers have significant 

apprehension prior to an implementation expressing concerns that visits will take longer, more time will be spent 

outside of clinic answering questions, notes will take longer to write and notes will be less candid.  After 

implementation, however, these fears either do not manifest at all or at much lower rates than anticipated.  Of 

significant importance, studies have found that patients can identify mistakes in the record that have safety 

implications in their care. 
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Several cancer centers in the US have implemented sharing notes.  Although many of the challenges related to sharing 

notes at a cancer center are similar to those in non-oncologic settings, there are some aspects that require special 

attention in an oncology setting.  Examples include:  (i) visits involving the diagnosis and management of cancer result 

in complex emotional conversations that are difficult to document as patients and families grapple with differential 

diagnostic and prognostic information that may create anxiety, especially as “worst case” scenarios are considered, 

(ii) the volume of complex or difficult notes generated at a cancer center are far greater than at a similar size multi-

specialty or primary care healthcare organization, (iii) treatment is complex and difficult to understand – for example, 

chemotherapeutic regimens, novel therapies, implications and risk/benefit of clinical trials, references to genomic 

data, etc., and (iv) documentation may include statistical values (such as median survival) that do not apply to 

individual patients and may be difficult concepts to understand. 

 

The goals of this panel are to describe the experiences with implementing the sharing of notes at three cancer centers, 

to highlight some key challenges in sharing notes that are specific to oncology, and to compare and contrast 

implementation and adoption experiences between oncologic and non-oncologic settings. 

 

Structure of the panel. 

 

There will be 4 panelists: 

1. Gilad J. Kuperman, MD, PhD – Associate Chief Health Informatics Officer, Memorial Sloan Kettering Cancer 

Center, NY, NY 

2. Andrew J. Wagner, MD, PhD -- Associate Chief Medical Officer and Medical Director of Ambulatory Oncology, 

Dana-Farber Cancer Institute, Boston, MA 

3. Everett Weiss, MD -- Chief Medical Information Officer, Roswell Park Comprehensive Cancer Center, Buffalo, 

NY 

4. Catherine DesRoches DrPH -- Associate professor of Medicine, Harvard Medical School, Executive Director 

OpenNotes, Beth Israel Deaconess Medical Center. 

 

Drs. Kuperman, Wagner and Weiss have implemented (or are implementing) a sharing notes program at their 

respective cancer centers.  Dr. DesRoches is from OpenNotes.org, an organization that is dedicated to helping health 

care organizations (both oncologic and non-oncologic) implement sharing notes.  Drs. Kuperman, Wagner and Weiss 

will describe (i) their experiences implementing shared notes at their organization, (ii) current state of their program, 

(iii) future directions and plans in advancing share notes, (iv) lessons learned, and (v) reflections on oncology-specific 

issues that have manifested in their program.  Dr. DesRoches will offer perspective on the different challenges in 

implementing shared notes in both oncologic and non-oncologic settings.   

 

Each panelist will speak for approximately 12 minutes.  With introductions, we expect the formal remarks to be 

completed in just under an hour allowing 30 minutes for discussion with the audience.  Gil Kuperman will serve as 

moderator as well as a panelist and will therefore moderate the Q&A session. 

 

Specifically: 

 

Gil Kuperman will focus on:  Brief review of literature on sharing notes in both oncology and non-oncology settings; 

methods for a staged enterprise-wide implementation, including engagement of senior leadership; preparation of 

orientation materials for providers and patients; methods to notify patients about the presence of notes.  
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Everett Weiss will focus on: Key elements in leading change at one’s organization, reconciling provider and patient 

assessment of the impact in sharing notes, and how to further increase patient engagement beyond sharing notes. 

   

 

Andrew Wagner will focus on:  Pre-implementation concerns of oncologists compared to other specialists, variable 

interest in oncology patients, potential strategies to increase acceptance/adoption. 

 

Catherine DesRoches will focus on:  From the perspectives of OpenNotes.org, the distinctions between the challenges 

of implementing shared notes in an oncology environment and implementing in general medical environments. 

 

 

Why is this panel urgent, needed or of high value at the AMIA Symposium.  Include description of anticipated 

audience. 

It has been said that patients are the greatest under-used resource in the health care system.  As many studies have 

documented, enabling patient to have easy access to their notes is a satisfier and gives patients an increased sense of 

control over their health.  The recently enacted 21st Century Cures rules point to the focus on enabling patients to have 

access to their data.  As the prevalence of sharing notes increases, there are many lessons to be learned about the 

potential value and lessons to be learned about how best to implement this capability.  Having a panel that focuses on 

sharing notes in oncology will enable AMIA members interested in clinical informatics to have an insight into an 

important capability in a complex domain. 

 

List of discussion questions 

- To what extent do difficult facts -- e.g., that the patient has a poor prognosis -- create documentation challenges 

when notes are being shared with patients? 

- To what extent is it difficult for patients to understand complex concepts, such as genomic results? 

- Are there any circumstances when documents should not be made available via a portal, even if they would be 

released on a HIPAA-based release of information request? 

- How are special circumstances, such as pediatrics, psychiatry, inpatient and nursing notes handled? 

- To what extent does sharing notes with patients have the possibility of improving clinical documentation? 

 

Statement from panel organizer 

All listed participants have agreed to participate in the panel if accepted. 
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Building Actionable Rare Disease Registries in the age of EHRs to Power 
Personalized Medicine: Lessons Learned in Standards, Data Models, Data 

Engineering, Patient Inclusion, and Regulatory Challenges 

Steven E Labkoff, MD, FACP, FACMI, FAMIA1, Leon Rozenblit, JD, PhD2, 
Alex Elbert, PhD3, Rimma Belenkaya, MS, MA4 

1The Multiple Myeloma Research Foundation, Norwalk, CT, 2Prometheus Research (an 
IQVIA business), New Haven, CT, 3The Cystic Fibrosis Foundation, Bethesda, MD, 

4Memorial Sloan Kettering Cancer Center, New York, NY 
 
Abstract 

The cornerstone of personalized medicine approaches to rare diseases study is aggregating enough data to study. 
For diseases with limited populations, identifying sufficient patients at scale is just one major challenge. Given the 
advancements in personalized medicine, the need for well-curated data sets is critical. Though there is wide 
adoption and use of EHRs, challenges remain in aggregating enough of the right, aligned data to create study 
cohorts. There remain challenges from many perspectives, including standards implementations, legal constraints 
due to antiquated laws, and a lack of common data models. This panel will discuss many of the obstacles and 
solutions found in creating registries from an informatics, regulatory, legal and standards perspective. Each 
speaker will provide their perspectives on aggregating data sets (EHR, genomics, immunologic, patient reported 
outcomes, and claims), how the health information technology infrastructure created for the EHR world helps or 
hinders these efforts, and the ramifications from the use of standard data models and terminologies. This panel will 
discuss the challenges of creating registries for rare diseases to enable personalized medicine clinical research in 
the context of a post-adoption EHR world. Each speaker has real-world experience in building or managing major 
aspects of such registries. 

Introduction 

The last 10 years has seen tremendous advances in personalized medicine approaches to care with the advent 
of biomarker-driven therapies and patient specific therapies such as CAR-T. Personalized medicine approaches 
are often embraced when studying rare cancers or diseases (a condition that affects fewer than 200,000 patients 
in the USA1). It can be challenging to aggregate enough data about a given collection of patients with that 
disease to power research in many studies2. Registries are often a critical means of generating specific data sets 
to assist in hypothesis generation and studying clinical effects. However, in the post-adoption EHR world, 
there exist significant challenges that can challenge or obstruct the ability to create and use these critical 
resources. 

A myriad of obstacles arises during the planning, construction and implementation of standing up a registry. 
As an example, laws enacted in the 1950’s and earlier that govern how laboratory tests are run across state 
lines - especially as it relates to returning data to patients, can vex even the most well intended organization2,4. 
Today, in the post-adoption EHR world, there are new challenges in how to obtain, integrate and use EHR data 
across institutions. These challenges include how to get coded information from multiple, different EHRs 
across the country (vs from one individual integrated delivery system or academic medical center), a lack of 
agreement on allowing and respecting digital signatures on release of information requests and ways to codify 
specialty laboratory results needed in the care of many rare diseases. 

Identifying, agreeing and using common data models (CDM) with appropriate coded clinical vocabularies 
around genomics, immunomics and other novel data sets can also create obstacles to registries3. This is 
because many of the CDMs and vocabularies that do exist (such as the Observational Medical Outcomes 
Partnership - OMOP) are generally used in more common use cases vs. that of a rare disease or rare cancer. 
Indeed, though observational data set standards have evolved and spread from organizations like OMOP for 
common diseases, there remain limits on how to use these standards in specialty domains such as (rare) 
oncology.  

A new wrinkle to registries is how to return data to patients who donate their tissue for genetic analysis for 
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inclusion in the registry. Due to the patient being in one state, the ordering physician in a second and the lab 
potentially in a third, the issue of the practice of medicine across state lines arises2, 4. 

And lastly, ensuring that data is linked between individual data set components (eg: EHR and genomic data) 
can create challenges in patient privacy and confidentiality. All of these issues caused by a lack of 
interoperability, aligned state and federal laws and common data models can contribute to major challenges in 
aggregating and maintaining registries, especially in rare disease population. 

Each of the panelists will discuss their perspectives on these challenges, how they addressed or solved them, 
and other issues based upon their work on registries for rare diseases and rare cancers. 

Steven Labkoff, MD is the Chief Data Officer of the Multiple Myeloma Research Foundation in Norwalk, 
Connecticut. He is the program sponsor and chief architect and manager of the Multiple Myeloma Research 
Foundation’s (MMRF) CureCloud Direct-to-Patient Registry (CC-DTP). This registry is working to create a 
longitudinal, linked data set comprising (at launch) of four different data types – including patient donated data 
(surveys), EHR clinical data (abstracted into a 175-field data dictionary), a 70-gene multiple myeloma-specific 
genomic panel, and nurses encounter notes. Eventually the registry will also include patient reported outcomes, 
immune profiling and medical claims – all linked to a unifying patient identifier. The CC-DTP has run up 
against a myriad of challenges including legal, privacy, regulatory, and data governance issues. However, the 
most complex and daunting challenge for this registry is the fact that it is direct-to patient – with a goal of 
returning data to patients. Because of this constraint, all lab tests run on behalf of the registry (the 70-gene 
MM-specific panel) must be run on a CLIA-validated genomics and informatics pipeline. Some of the issues 
that arose in building out the CC-DTP included dealing with regulations and laws as they related to the CLIA 
pipeline in a direct-to-patient registry vs practicing medicine across state lines.. 

Leon Rozenblit, JD, PhD, is the Head of the Registry Practice Center of Excellence at Prometheus Research 
(an IQVIA business), a registry-focused informatics company in New Haven, Connecticut. Leon has been 
directly involved in a leading role in designing and building dozens of registries across the US. On a day-to-
day basis, his organization builds and manages agile patient registries and integrated data hubs for multiple 
medical specialty societies and patient advocacy groups, and is the principal technology partner on the 
CureCloud Direct-to-Patient registry. Having to take into account varying data standards and data models is a 
daily concern for his organization and his clients. He will speak to the myriad of issues that comprise the 
successful implementation of such repositories, from a standards, processes, and data modeling perspective. 

Rimma Belenkaya is the Head of Knowledge Management at Memorial Sloan Kettering (MSK) and co-lead of 
the Oncology Group at the Observational Health Data Science and Informatics (OHDSI) organization. Ms. 
Belenkaya works at the formalization of medical knowledge and data to make knowledge usable and 
analyzable by both humans and computer systems. She is responsible for constructing data models specifically 
for representation of cancers. OHDSI is tasked with coming up with the most relevant data models that will 
facilitate research while providing adequate scientific rigor. The Observational Medical Outcomes Partnership 
(OMOP), precursor to OHDSI, constructed some of the first widely accepted real-world evidence common 
data models (CDM). Taking lessons from the OMOP experience, Ms. Belenkaya and her team are creating the 
structural and semantic model standards needed to create a usable data set – and leverage the dozens of tools 
that are part of the OHDSI environment. To do this, she and her colleagues must ensure that all stakeholders’ 
needs are identified and taken  into account. She is testing feasibility of these models on individual 
longitudinal cancer registries at MSK and by converting MSK EHR data to the OMOP CDM. She will speak 
about the state of the OMOP CDM Oncology Module, OHDSI network studies based on this Module, and 
MSK experience and challenges in standardizing to the common data model. 

Alex Elbert is the Senior Director of Cystic Fibrosis Foundation and the Head of the CF Registry team. He led 
multiple registry projects, from designing and building the current CF Registry with input from the subject 
matter experts in areas such as genotyping, newborn screening, and microbiology to architecting the CF data 
warehouse that serves as a data source for the registry research projects, annual data reports and a custom-built 
reporting tool that delivers the registry data to the CF point-of-care. The registry is one of the key components 
of the CF Care model. Over the recent years, faster data processing cycles, better data quality and reporting 
resulted in the remarkable increase of the registry data uses. Alex will share his professional experience in 
developing and maintaining the registry whose data are being used in research, to monitor disease trends and to 
help the CF clinical teams in population management, pre-visit planning and co-production of care. projects, 
annual data reports and a custom-built reporting tool that delivers the registry data to the CF point-of-care. The 

107



registry is one of the key components of the CF Care model. Over the recent years, faster data processing 
cycles, better data quality and reporting resulted in the remarkable increase of the registry data uses. Alex will 
share his professional experience in developing and maintaining the registry whose data are being used in 
research, to monitor disease trends and to help the CF clinical teams in population management, pre-visit 
planning and co-production of care. 
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Abstract 

Writing letters of support in academia is a vital skill to sponsor protégés, advance the careers of mentees and 
colleagues, and promote diversity, equity, and inclusion in informatics and science in general. Letters are an essential 
part of communicating the value and qualifications of an informatician, and the traits of that individual must be 
highlighted in a way that focuses on their abilities as a leader, awardee, and deserving candidate – and avoid language 
about gendered or stereotyped characteristics that can be harmful for their achievement. 

In this panel, the speakers will introduce the art of letter writing, drawing from evidence-based practices and 
individual experiences with writing and reviewing letters of recommendation for colleagues’ promotion, career 
advancement, award conferral, job applications, and more. The objectives of this panel are to: (1) learn about the art 
of letter writing (2) reflect on one’s own letter writing; (3) learn how to write a stellar letter of support; and (4) begin 
writing the next letter of support. Participants are strongly encouraged to bring a one-page sample or excerpt of a 
prior letter of support they have written (with removal of any identifiable personal or institutional information of the 
individual for whom the letter is written). 

Introduction 

Diversity, equity, and inclusion are increasingly vital in science. In recent years, worldwide efforts have accelerated 
to ensure appropriate representation in organizational and society leadership positions, editorial boards, grant and 
award conferrals, and more. The proportion of women receiving STEM awards and recognition is low and influenced 
by a host of contributing factors, including different self-assessments of ability, different perceptions of award criteria, 
gendered nomination letters, and demographically homogeneous selection committees (Lincoln 2012). Similarly, lack 
of diversity among hiring committees, stereotyped negative perceptions of names typical of different racial, ethnic, or 
language groups, and other factors can perpetuate lack of racial, ethnic, and religious diversity in STEM. 

Letter writing can be an essential tool to promote core principles in the development of the scientific and informatics 
workforce. Letters can be among high-priority selection criteria when candidates are selected for graduate programs 
and medical schools, for example (Madera 2009). Furthermore, gendered language in recommendation letters has 
been studied in a variety of applications for jobs in chemistry and biochemistry (Schmader 2007), medical specialty 
programs (Lin 2019), medical faculty positions (Trix 2003), and more. However, this has never been done for the field 
of informatics, although as a blended discipline these findings may also be applicable in our field. Consequently, letter 
writing should be done with intention to overcome biases that disfavor individuals based on ethnicity, race, gender 
orientation, health or disability status, age, beliefs, religion, and other characteristics.  

In this interactive panel, sponsored by the Women in AMIA Subcommittee on Awards & Leadership, the speakers 
will introduce the art of letter writing in informatics and related scientific fields offering rationale, reflection, and tips 
for writing letters of support or recommendation that avoid bias. The objectives of this panel are to: (1) learn about 
the art of letter writing and its importance in promoting diversity, equity, and inclusion in informatics; (2) reflect on 
personal experiences of letter writing and acknowledge one’s own bias in the process, (3) learn how write a stellar 
letter of support, including general tips and starter phrases; and (4) begin brainstorming and writing your next letter 
of support, recommendation, or nomination for a colleague. 

Session Agenda 

The session agenda includes a combination of didactic and interactive components. The moderator (Leung) introduces 
the rationale and importance of being intentional when writing letters of support, with an emphasis on promoting 
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diversity, equity, and inclusion. Additionally, an overview of existing research on biased language in letter writing 
will be presented. Each panelist presents on a series of topics, with interspersed reflective activities for participants.  

First, implicit an explicit bias in letter writing are described in detail (Ancker). We may be dismayed to find that we 
ourselves suffer from implicit biases, which might even include bias against our own gender or ethnic/racial group. 
Dr. Ancker will discuss research on how bias may manifest in written language in letters of support or letters of 
recommendation, even through seemingly innocuous choices such as emphasizing the candidate’s ‘hard work’ rather 
than their ‘talent.’ She will also review some evidence about how letter recipients may try to draw negative inferences 
about the candidate’s age, race, religion, or other characteristics on the basis of the candidate’s name, volunteer 
activities, or other items on the resume. Dr. Ancker will also provide general guidance about letter-writing on the basis 
of her service on a federal study section that reviews K awards. 

Second, dedicated personal reflection can increase awareness of how bias may influence letter writing (Cimino). Dr. 
Cimino has been practicing, teaching and conducting research in biomedical informatics and medicine for over three 
decades and over the course of this time has written hundreds of recommendation letters. He believes that he writes 
them without influence of gender, race, ethnicity, disability, sexual orientation, or socioeconomic status. However, he 
also recognizes that unconscious bias is a very real phenomenon and is interested in testing his beliefs about his letter-
writing. We are conducting an analysis of his body of letters to determine if there are variations in topic and word 
usage that correlate with letter subject attributes commonly related to bias or prejudice. He will present the results of 
the analysis and discuss changes he plans to make, if any, to adjust for unconscious bias. 

Third, we offer specific tips on avoiding bias in letters written (Wu). Over the last fifteen years, Dr. Wu has written 
numerous letters for different scenarios, including evaluating faculty promotion dossiers, nominating faculty and 
students for awards, promoting students for scholarships, recommending job applications, and supporting faculty for 
grant applications. Dr. Wu has also reviewed hundreds of letters in the above five categories. In the panel, Dr. Wu 
will share tips on avoiding implicit bias in letters from both perspectives as a letter writer and a letter reviewer.   

Finally, we examine how candidates for whom letters of support are written may be viewed and evaluated to ensure 
diversity, equity, and inclusion in the hiring process for informaticians (Ross). In selecting candidates to promote 
diversity, equity, and inclusion, key questions we address include: How do these core principles factor into businesses’ 
recruitment decisions? Why are DE&I important? How do recruiters assist their clients in identification and selection 
of diverse candidates with excellent qualifications for leadership positions? 

Interactive components that will be weaved in between didactic components described above include the following: 

Pair & Share Reflection: (1) If you brought a sample letter with you, exchange with your partner to read their letter 
and comment. (2) If you did not bring a sample letter, then a sample will be provided for you to read/comment on 
together. (3) As you read the letter samples, consider areas for improvement: Do you have a clear and specific 
picture of the individual described? Summarize what are their standout features. What kinds of adjectives are used? 

Large Group Discussion: What did you notice and learn during the Pair & Share reflection? 

Self-reflection and Planning: What kind of letter do you need to write soon? What non-biased adjectives can you 
use to describe the person you are supporting?How will you be intentional in addressing possible bias in your letter? 

Additional Potential Discussion Questions 
● How influential are letters in selection of candidates for awards, jobs, promotion, etc? How could their language

promote or hinder diversity, equity, and inclusion in informatics?
● How do I recognize biased or gendered language in letters? What are examples of biased or gendered language,

including gender stereotypes, used in written letters?
● How can I as a letter writer reduce the influence of bias when I write letters of support/recommendation?

Participation Statement: All participants have agreed to take part on the panel. 

Moderator/Panelist Biographies 

Tiffany I. Leung, MD, MPH, FACP, FAMIA is a U.S.-trained Internal Medicine physician-informatician, Assistant 
Professor and also a PhD candidate at Maastricht University in the Netherlands. Her current work focuses on 
implementing value-based health care at Maastricht University Medical Center+; her research examines healthcare 
redesign and its effects on healthcare workers’ job distress and work engagement. In her work, she aims to design 
interventions to overcome knowledge and skill boundaries between healthcare workers. Furthermore, she is leading a 
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grant-funded qualitative study of the experiences of women physicians as they transition from early to mid-career. 
She is currently Chair of the Women in AMIA Subcommittee on Awards & Leadership. 

Jessica S. Ancker, MPH, PhD, FACMI is Associate Professor of Healthcare Policy and Research, Healthcare Policy 
and Research, Weill Cornell Medical College. Dr. Ancker’s research centers on using health information technology 
(IT) to improve decisions and healthcare quality, especially through optimal design and behavioral science. She is 
committed to using this work to make the healthcare system more patient-centered, to reduce healthcare disparities, 
and to improve the fit between information technology and the work done by both providers and patients. Her earliest 
area of focus in health informatics was the relationship between IT design and cognition/decision-making. She draws 
from research traditions in health literacy, human factors, and psychological decision science (behavioral economics) 
to examine how information design can improve comprehension and decisions. More recently, she has applied her 
crosstraining in health services research to conduct large-scale retrospective cohort studies leveraging EHR data to 
study healthcare quality. Dr. Ancker is also the director of Weill Cornell's master's program in health informatics. 

James J. Cimino, MD, FACMI, FACP, FAMIA is Professor of Medicine and Director of the Informatics Institute 
at the University of Alabama-Birmingham (UAB) School of Medicine. His first informatics paper was presented at 
the 1981 SCAMC, and he completed a three-year research fellowship in medical informatics at Massachusetts General 
Hospital and Harvard. After 20 years as a professor of medicine and biomedical informatics at Columbia University, 
he moved to the NIH in 2008 and then to UAB in 2015. Research interests include medical concept representation, 
clinical decision support and electronic health records. He is known for biomedical terminology “desiderata”, 
infobuttons, and the NIH’s Biomedical Translational Research Information System (BTRIS). Fellowships include the 
American College of Medical Informatics, the American College of Physicians and the New York Academy of 
Medicine, and he is a member of the National Academy of Medicine. AMIA awards include the President's Award 
and the Morris Collen Award. He continues medical practice. 

Hillary Ross, JD, managing partner and leader of WittKieffer’s Information Technology Practice, operates at the 
cross-section of disruptive technology and healthcare innovation. A frequent speaker at national events and thought 
leader in IT executive talent, Hillary is well connected nationally to visionary leaders, who are collectively designing 
the way we deliver and experience health and wellbeing services. Hillary focuses on identifying CIOs, CISOs, chief 
digital officers and other information technology leaders for hospitals, healthcare delivery systems, academic medical 
centers, colleges and universities, start-ups, vendors and consulting firms across the country. She also leads the 
executive search industry in recruiting senior-level physicians and other clinicians for innovative technology 
leadership roles. She routinely leads searches for chief medical information officers (CMIOs) and chief health 
informatics officers (CHIOs) as well as IT leaders in the areas of data analytics, personalized medicine, informatics 
and biomedical informatics research. She is leading the practice toward emerging areas such as blockchain technology 
and artificial intelligence in healthcare. 

Huanmei Wu, PhD, is the Professor and Chair at the Department of Health Services Administration and Policy 
(HSAP) and the Assistant Dean for Global Engagement, Temple University College of Public Health. Dr. Wu’s 
background has served her well in multidisciplinary research, leading to projects that explore the role of data 
management and analytics in medical and life science research. Her research features interdisciplinary collaborators 
from academia, community health centers, research institutes, industrial partners, and various communities. For 
example, in biomedical research, Dr. Wu has worked on multi-omics (genomics, proteomics, and others) data mining, 
integrative prediction, image-guided cancer radiation treatment, and radiation-induced toxicities for precision 
radiotherapy based on radiomics data analysis and biomarker prediction. Her lab has also developed various 
information systems for big data analytics, decision support, health service research, bioinformatics, and visualization. 
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1Stanford University Medical Center, Stanford, CA; 2University of Pennsylvania Perelman School 
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Abstract 
 

Artificial Intelligence (AI), and in particular Machine Learning (ML), has generated much excitement, but has yet to 
produce significant improvements in healthcare delivery.  While the emergence of increasingly accurate ML models 
has indicated the potential for tasks in healthcare to be supported or even replaced by AI, this shift in the nature 
work has not yet occurred at scale.  This panel will discuss current state barriers to improving healthcare with ML, 
for implementing ML enabled solutions informed by the socio-technical model for health information technology 
(HIT), and present two case studies of active ML implementation efforts at two health systems that incorporate 
perspectives  from  clinical  informatics,  data  and  computer  science,  process  improvement, and human factors 
engineering.   The panel includes a diverse set of viewpoints with expertise in informatics implementation (R.L.), 
cognitive informatics (N.M.), human factors (S.K.), process improvement (M.S.) and data science (J.C.). 

 

Introduction 
 

Artificial  Intelligence  (AI)  in  healthcare  has  garnered  much  excitement,  mostly  driven by the emergence of 
increasingly accurate machine learning (ML) models.  Despite substantial efforts invested in training and validating 
ML models, they are rarely implemented into clinical care1. These barriers to implementation are sometimes framed 
as the “last mile” problem, which implies that it is part of a final step in a linear process that starts with ML model 
training and ends with implementation.  We propose a different framework for bringing ML into healthcare delivery. 
Rather than thinking about how to “implement a ML model,” we should instead be thinking about how to develop 
more intelligent systems of care delivery that are enabled by ML models.   The development of these systems 
requires an iterative, cyclical process that involves pre-implementation design and testing phases, with stakeholder 
input driving design, usability testing and then small implementation studies, all while continuously engaging with 
data science teams to build and iterate on the ML models needed to enable the system2. This AMIA panel will 
explain  how  the  sociotechnical  models  that  have  been validated in explaining health information technology 
outcomes suggest that this late involvement of human factors and process improvement is one of the key reasons for 
the failed translation of ML models into clinical care. The panelists will discuss two implementation efforts of ML 
enabled systems for healthcare delivery and describe how early process improvement and human factors expertise 
affected the understanding of the prediction problem, model development and implementation.   
 
Framing the Opportunity for AI to Enable Complex Adaptive Systems to Improve Healthcare Delivery 
 

While current paradigms for implementing ML do acknowledge the roles of process improvement and human 
factors (Figure 1),1,2  there persists a gap in understanding how ML models fit into the complex environment of 
healthcare delivery.  Many failed ML implementation efforts center on the ML model as the key active ingredient 
with insufficient understanding of the people, processes, and structures that make up the complex systems involved 
in the healthcare problems that the ML implementation effort is intended to solve.  We will introduce how concepts 
from systems science can be applied to ML implementation.  Rather than “implementing a ML model,” the goal is 
instead  to  build  complex  adaptive  systems  for  delivering  care  that  could  be  enabled  by  ML  prediction  or 
classification tasks.  We will discuss how ML tasks integrated into these systems can enable new team structures, 
workflows, empower new roles, and change culture, which are all potential mediators for how ML can change the 
nature of work in order to improve care delivery.  The sociotechnical, process improvement, human factors, and data 
science approaches needed to develop and implement these complex adaptive systems enabled by ML will be 
discussed in the subsequent sections. 
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Opportunities Identified by a Sociotechnical Approach for Health Information Technology  
 

A sociotechnical understanding of outcomes has been well established in understanding patient safety, HIT safety, 
and diagnostic errors among other outcomes3,4. A key insight from the sociotechnical approach is the 
interrelated and interdependent nature of technology, people and processes. The implication from this for ML/AI 
development in the complex adaptive systems for healthcare are threefold: 1) human factors and process 
improvement expertise are needed from the initial phases of problem definition through model deployment, 2) 
understanding of the clinical problem and prediction need will evolve as new data is made available and 
interpretable, necessitating an iterative infrastructure for AI development and 3) pre-implementation human 
factors evaluations of ML/AI systems need to move beyond typical usability testing to more human-systems 
simulation assessments for usability and safety. 
 

Process Improvement, Human Factors and Data Science Partnership 

Unlike traditional research, quality improvement methods do not seek to control for variation, but rather contend 
with it in order to understand how an intervention (technology & workflow) will work in usual practice. To close 
the gaps in current approaches to ML implementations, the work should be organized into two main categories: 
work to be done prior to model development and work to be done concurrently with model  development.  
Prior  to  model  development  the key bodies of work are problem identification, current system analysis, and 
key feature development. Concurrently with model design and development there are several process 
improvement methods that are meant to foster iterative design for technology + workflow interventions. These 
concepts include future state journey mapping, prototyping, bodystorming, dry-lab simulation, and perhaps the 
most important, PDSA or Plan, Do, Study, Adjust. Each of these process improvement methods, when leveraged 
for ML implementation, expands the possibilities for design and increases the likelihood of successful and 
sustained uptake. 

 
Human Factors 
 
Frameworks have been developed based on lessons from unintended consequences of EHR implementation. We 
can apply these frameworks and ensure consideration of key questions for designing ML systems and its 
implementation. For example when automation is introduced it transforms the tasks people do.[]. So it is critical 
we understand users and their tasks and this can be addressed through task analysis and simulations. Examples of 
other questions include how implementing AI models is going to change social systems? ;how social systems are 
going to change use of AI? Etc. Integrating AI system can be considered successful when we have high appropriate 
use, lower disuse, misuse and abuse of AI. At the center of all this we need Calibrated Trust with AI. Human 
Factors principles based on literature was consolidated to develop HMT framework. By adopting this we can guide 
design. For example models should be designed and implemented for appropriate trust, not greater trust. This can 
be achieved with improved transparency, predictability by providing insight into how AI performs calculations, 
make predictions, or recommendations. Also AI system should convey the assumptions used in model or algorithm 
in a way that is (1) noticeable to clinicians and (2) understandable i.e words, terms that are familiar to them not 
just model developers. Each of these principle and considerations when implementing AI can improve appropriate 
use of the system and decrease unintended consequences. 
 

Data Science: Viable Applications and Communicating Results  
 

Actionable,  arbitrary,  and  ascertainable are the qualities that define problems amenable to prediction models. 
Outside of fully automated tasks, appropriate applications are those where humans must make an important 
decision (actionable) that depends on their ability to make a prediction (arbitrary) of a future event that can be 
confirmed (ascertainable). For example, deciding admission for a patient with a pulmonary embolism based on risk 
assessment.  Analogies to diagnostic tests and clinical risk scores can be an effective communication framework 
for clinical end users. Machine learning model metrics such as area under the receiver operating characteristic 
curve (c-statistic), precision, recall, and lift are generally unfamiliar to clinicians, whereas diagnostic metrics such 
as sensitivity, specificity, positive predictive value, absolute and relative risks are more likely to resonate with 
clinical users. 
 

Case Studies  
 

113



The first case study, presented by Ron Li, describes a project to implement an ML enabled system for delivering 
advance care planning in an inpatient adult medicine ward. The second case study, presented by Naveen Muthu, 
describES a project to develop and implement a machine learning model for the prediction of clinical 
deterioration on pediatric medical and surgical wards.  Discussion questions include: 
 

1)   How were process improvement and human factors methods used in defining the prediction problem for the ML 
system? 

2)   How did process improvement and human factors approaches work in parallel with ML? 
3)   What was the actual implementation of the ML system and what effectiveness outcomes were studied? 
 
Conclusion  
 

By the end of the session, audience members will be able to both describe sociotechnical theory as applied to ML 
implementation and provide examples of how process improvement, data science and human factors expertise 
working together affected the implementation of ML systems. This is a timely panel as the proliferation of ML 
development now requires these additional translational methods to implement into clinical care. 
 
Moderator and Panelists 
 

Ron Li, MD will be co-moderating this panel. He is a practicing adult hospitalist, Clinical Assistant Professor of 
Medicine  for  Hospital  Medicine  and  Biomedical Informatics at Stanford University, and Medical Informatics 
Director for AI Clinical Integration for Stanford Health Care.   Ron's work is centered around the design, 
implementation, and evaluation of novel systems of care delivery that can be enabled by artificial intelligence. 

Naveen Muthu, MD will be co-moderating this panel.   He is a practicing pediatric hospitalist, Director of the 
Cognitive Informatics Lab in the Department of Biomedical and Health Informatics, and Co-Chair of the Clinical 
Decision Support Committee at Children’s Hospital of Philadelphia. He will present the pediatric case study in the 
implementation of a machine learning model for clinical deterioration of patients hospitalized on the medical and 
surgical wards. 
 
Swaminathan Kandaswamy, PhD is Research Faculty at Emory University School of Medicine in the Department of 
Pediatrics.  He  will  discuss  Socio-technical and Human Factors considerations for implementation of machine 
learning models within Health systems 
 

Margaret Smith, MBA is the Director of Operations for the Stanford Healthcare AI Applied Research Team in the 
Division of Primary Care and Population Health at the Stanford School of Medicine. She is a Lean Six-Sigma 
Blackbelt and an affiliate faculty member of the Clinical Effectiveness Leadership Training course at Stanford 
which teaches process improvement skills and methods to clinical teams. She will discuss the process improvement 
and design considerations for implementation of machine learning models in healthcare. 
 

Jonathan H. Chen, MD, PhD is an Assistant Professor in the Center for Biomedical Informatics Research and 
Division of Hospital Medicine in the Stanford Department of Medicine. He practices Internal Medicine while his 
research group seeks to empower individuals with the collective experience of the many, combining human and 
artificial intelligence approaches to medicine that will deliver better care than either can do alone.  
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The Open Health Natural Language Processing Collaboratory 
 

Hongfang Liu, PhD, Mayo Clinic, Rochester, MN  
Xiaoqian Jiang, PhD, The University of Texas Health Science Center at Houston, Houston, TX 

Serguei Pakhomov, PhD, University of Minnesota, Minneapolis, MN  
Chunhua Weng, PhD, Columbia University, New York, NY 

Hua Xu, PhD, The University of Texas Health Science Center at Houston, Houston, TX 
 
Abstract: 
Over the last few decades, the advancement of digitalization in healthcare and scientific research has 
generated a large amount of data valuable for clinical and translation research. For example, the wide 
adoption of electronic health record (EHR) system has established large practice-based cross-sectional and 
longitudinal datasets.  The digitalization of clinical research makes literature and study protocols 
computationally accessible resources for scientific discovery. However, much of the information in those 
resources is embedded and cannot be directly used. Therefore, Natural Language Processing (NLP), which 
can extract structured information from text, has received great attention and has played a critical role in 
leveraging those existing data resources for clinical and translational research. However, the adoption of 
clinical NLP has been limited due to privacy concerns or lack of portability of NLP systems across different 
types of clinical text, which indicates challenges and opportunities for designing the next generation of 
clinical NLP systems. With the advancement of deep learning and privacy-preserving computing, we seek 
alternative ways in addressing those issues. 
 
Description: 
One of the major barriers to leveraging a large amount of existing data resources for clinical and translational 
science is the tremendous unstructured or semi-structured clinical narratives remain unparsed and underused. 
As demonstrated by large scale efforts such as ACT (Accrual of patients for Clinical Trials), eMERGE, and 
PCORnet, using EHR data generated from healthcare practice for research rests on the capabilities of a 
robust data and informatics infrastructure that allows the structuring of clinical narratives and supports the 
extraction of clinical information for downstream applications. Current successful NLP use cases often 
require a strong informatics team (with NLP experts) to work with clinicians to supply their domain 
knowledge and build customized NLP engines iteratively. This requires a close collaboration between NLP 
experts and clinicians, not scalable and infeasible at institutions with limited informatics support. 
Additionally, the usability, portability, and generalizability of NLP systems are still limited, partially due to 
the lack of access to EHRs across institutions to diversify the training and testing datasets for NLP systems. 
The limited availability of EHR data limits the training related to improve the workforce competence in 
clinical NLP. 
 
In this panel, we bring together an interdisciplinary team of experts in clinical research informatics, natural 
language processing, and data privacy and security, to share perspectives on the desiderata and use cases for 
the next generation clinical NLP and to describe our combined effort in advancing the field. Panelists will 
discuss an ongoing effort among multiple CTSA hubs aiming to address the above challenges through 
privacy-preserving computing, deep learning, and open science approaches to improve the scalability, utility, 
portability, and generalizability of NLP systems. 
The learning objectives of this panel include: 

1. Understand the roles of NLP in accelerating clinical and translational sciences 
2. Be familiar with challenges faced by the research community in adopting NLP solutions 
3. Collaboratively explore team approach in addressing the challenges 
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Panelists and topics discussed: 
The panel includes the following experts: 
 
Dr. Hongfang Liu (liu.hongfang@mayo.edu) is a professor in biomedical informatics, and currently leading the 
biomedical informatics division at Mayo Clinic. Her primary research focus is to facilitate the use of clinical NLP 
for the secondary use of EHR data for clinical and translational science research and health care delivery 
improvement. Additionally, she has extensive collaborative research experience in cancer genetics and molecular 
pharmacology. She has given lectures and demos in various settings on clinical NLP including local graduate 
programs and CTSA. More info: http://www.mayo.edu/research/faculty/liu-hongfang-ph-d/bio-00055092 
 
Dr. Liu will moderate and introduce the background of OHNLP Collaboratory project. 
 
Dr. Chunhua Weng is Professor of Biomedical Informatics at Columbia University, where she has been a faculty 
member since 2007. She also co-leads the Biomedical Informatics Resource for the Columbia CTSA. Dr. Weng’s 
long-time research interests include (1) designing and implementing knowledge-based and data- driven methods to 
optimize clinical research participant selection and accrual; (2) designing data-driven methods to increase the 
generalizability of clinical research; and leveraging electronic health records and public phenotype knowledge to 
develop sharable and computable clinical phenotypes and to facilitate phenotype-driven disease diagnosis. Dr. 
Weng has published > 180 papers to date with an H-index of 31. She is a reviewer for NIH, JAMIA, JBI, and 
many other primary informatics journals or conferences. In recognition of her significant contributions to the field 
of biomedical and health informatics, Dr. Weng was elected as a fellow of the American College of Medical 
Informatics (ACMI) in 2015. More info: http://people.dbmi.columbia.edu/~chw7007/ 
 
Dr. Weng will review example NLP developments for facilitating clinical and translational science activities and 
discuss challenges and recommended best practices for improving portability and reproducibility of NLP. 
 
Dr. Serguei Pakhomov is a professor at the University of Minnesota. His academic background is in linguistics 
and cognitive science. He also underwent post-doctorate training in health informatics and clinical research at the 
Mayo Clinic (Rochester MN) on a National Library of Medicine Fellowship in Health Informatics as well as a K-
12 Multidisciplinary Clinical Research Career Development Award. Currently, he conducts research and 
development of novel computational approaches to natural speech and language processing in the medical domain 
as part of the University of Minnesota’s Institute for Health Informatics and the Clinical and Translational Science 
Institute. His research includes language produced by patients during cognitive testing and language produced by 
clinicians in the process of clinical documentation. He has extensive experience in developing and using NLP 
approaches to processing clinical text, as well as the application of informatics methods to clinical and translational 
research. More info: http://bmhidev.ahc.umn.edu/ihi/people/pakhomov/index.htm 
 
Dr. Pakhomov will review clinical NLP and discuss efforts towards NLP interoperability. 
 
Dr. Hua Xu is a professor at the School of Biomedical Informatics in The University of Texas Health Science 
Center at Houston (UTHealth). He directs the Center for Computational Biomedicine at UTHealth. Dr. Xu 
received his Ph.D. in Biomedical Informatics from Columbian University in 2008. Prior to UTHealth, he was an 
assistant professor of Biomedical Informatics at Vanderbilt University. Dr. Xu’s research interests include 
biomedical text processing and data mining. He has been principal investigator  on a number of grants, including 
multiple R01s from NIH. More at: https://sbmi.uth.edu/faculty-and-staff/hua-xu.htm 
 
Dr. Xu will discuss efforts in making NLP systems more user-friendly and present CLAMP, an development 
environment for building customized NLP pipelines. 

Dr. Xiaoqian Jiang is an associate professor in the School of Biomedical Informatics at the University of Texas 
Health Science Center at Houston. He received his PhD in Computer Science from Carnegie Mellon University. He 
is an associate editor of BMC Medical Informatics and Decision Making and serves as an editorial board member of 
Journal of American Medical Informatics Association. He works primarily in privacy preserving distributed data 
analysis and secure genome outsourcing. Dr. Jiang is a recipient of NIH K99/R00 award and he won the 
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distinguished and best paper awards from AMIA Summit on Clinical Research Informatics (CRI) and Translational 
Bioinformatics (TBI) in 2012, 2013, and 2016. He serves as principal investigator on multiple NIH Research Grants. 
More info: https://sbmi.uth.edu/safe/ 

Dr. Jiang will introduce privacy-preserving computational phenotyping and discuss some preliminary 
investigation of applying the techniques to clinical NLP applications. 
 
Discussing Points: 
 
• What percentages of CTSA program hubs have institutional infrastructure in place for clinical NLP? 
• What tasks are involved in implementing an NLP system at each institution?  
• What are the barriers and missing opportunities of clinical NLP research? 
• Who are the key stakeholders to engage? 
• How can we as a community to advance clinical NLP to support clinical and translational research? 
 
Statement: 
 
All participants have agreed to take part on the panel. 
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Pain Management Collaboratory Coordinating Center (PMC3): Insights from Multiple Work 

Groups for Clinical Research Informatics Support 

Michael E. Matheny, MD, MS, MPH1,2 (organizer), Stephen L. Luther, PhD, MA3,4, William Roddy, 

B.S. 5,6, Cynthia A. Brandt, MD, MPH (moderator)7,8, Joseph Erdos, MD, PhD7,8 

1 Tennessee Valley Healthcare System VA, Nashville, TN, 2 Vanderbilt University Medical Center, 

Nashville, TN, 3 James A. Haley VA, Tampa, FL, 4 University of South Florida, Tampa, FL, 5 The 

Henry M. Jackson Foundation for the Advancement of Military Medicine, Bethesda, MD,6 The 

Center for Rehabilitation Sciences Research at the Uniformed Services University of the Health 

Sciences (USU), Bethesda, MD, 7 Yale University, New Haven, CT, 8 VA Connecticut Healthcare 

System, West Haven, CT 

Abstract 

The NIH-DoD-VA Pain Management Collaboratory (PMC) is a consortium of eleven R-01 type 

pragmatic clinical trials (PCTs) within VA and DoD healthcare settings examining non-pharmacologic 

strategies for pain management, and a coordinating center (PMC3), tasked to coordinate, share, and 

harmonize data, information, and study designs across the trials. During the planning phase for each PCT, 

informatics-focused PMC work groups (WG) were formed to help support and harmonize activities 

across projects. For this panel, we included representatives from the PMC3 to present key challenges 

brought forward by the PCTs, and summarize the processes to address these challenges and promote 

cross-project standardization based on best practices, as well as lessons learned and key successes in the 

first two years of the consortium. Key challenges include recruitment of patients using the electronic 

health record; data collection, standardization, and harmonization across multiple sites and organizations; 

clinical phenotyping in the EHR for pain conditions; and intra- and inter-organization data sharing.   

Intended Audience 

The intended audience for this panel includes all AMIA attendees interested in clinical research 

informatics support for concurrent clinical trials in an overlapping content space. We are interested in an 

engaged audience willing to discuss issues around necessary data infrastructure, coordination and 

harmonization needs for data element, phenotype, exposure, and outcome definitions, as well as 

navigating a changing electronic health record infrastructure, and projects with varied and complex needs 

in data capture, direct data collection, and coordinating trial recruiting across multiple trials within sites.  

Introduction of the Topic 

A needed transformation in pain care has been identified following seminal reports in 2011 by the 

Institute of Medicine1 and in 2016 by the Department of Health and Human Services.2 Key findings and 

recommendations describe that pain care should be tailored to each person’s experience of pain and 

largely be comprised of integrated, multidisciplinary, and multimodal plans of care that are consistent 

with patient preferences, minimize opioid pain management, and increase utilization of evidence-based 

non-pharmacological approaches, including acupuncture, cognitive behavioral therapy, hypnosis, 

massage, mindfulness-based stress reduction, and chiropractic treatments. Unfortunately, these 

recommendations are rarely enacted, and a range of organizational, clinician, and patient level barriers to 

their adoption in health care settings have been published. In 2017, an initiative, jointly supported by the 

NIH, DoD, and VA, was conceived and issued for a consortium to implement cost-effective large-scale 

pragmatic clinical research in military and veteran health care delivery organizations focusing on non-

pharmacological approaches to pain management and other comorbid conditions. In addition to field-

based studies funded as individual projects, the consortium included a coordinating center3 to provide 

leadership and technical expertise in all aspects of research supporting the design and execution of 

pragmatic clinical trials within the consortium.  
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Figure 1. Pain Management Collaboratory Coordinating Center organizational structure. 

Aims of the Discussion 

This panel will discuss the informatics challenges, lessons learned, and solutions to providing support and 

coordination among eleven pragmatic clinical trials across two large integrated healthcare delivery 

systems.  We will engage interested audience members in their experience and thoughts on use of the 

electronic health record in pragmatic clinical trials across multiple sites. 

Panelist Contributions 

Cynthia Brandt, MD, MPH, Multiple Principal Investigator, PMC3 Coordinating Center: Dr. Brandt will 

moderate the session and participate in the panel by giving a brief overview of the NIH-DoD-VA PMC 

and PMC3 with regards to the scope and responsibilities in coordinating and collaborating with eleven 

pragmatic clinical trial projects across the VA and DoD.  The organizational structure (Figure 1) and 

system to develop the supported individual WGs will be described. 

William Roddy, BS, DoD EHR and Data Sharing WG Member Representative: Mr. Roddy will present 

on challenges, lessons learned, and solutions that were developed within the DoD projects enacted in 

Military Treatment Facilities as part of his participation in both the Data Sharing and EHR WGs, and in 

providing a facilitation pathway between the two systems. These work groups include both VA and DoD 

expertise, and as part of the coordinating center, extensive coordination within and between the two 

healthcare systems was required. Mr. Roddy will discuss key issues around the use of the Military Health 

System (MHS) data repository (MDR), as well as challenges in harmonizing and cross-walking data with 

the VA system. He also provides support to the field projects on the ongoing communication and project 

impacts of the ongoing MHS GENESIS (a Cerner-based EHR) roll out. Mr. Roddy will give insight into 

how lessons learned from the DoD MHS GENESIS roll out may influence decision-making associated 

with the VA Cerner implementation co-occurring with conducting the PMC trials.   

Stephen Luther, PhD, MA, Phenotypes & Outcomes WG Co-Chair: Dr. Luther will present an overview 

of the scope, activities, challenges, successes, and lessons learned for the P&O WG. The goals of the WG 

are to: 1) Identify reliable and clinically meaningful phenotypes among participants, for use in examining 

important treatment effect moderators and for enhanced understanding of study results; 2) Promote 

harmonization of measurement approaches, when feasible, especially for key outcomes proposed; and 3) 

Provide a forum for discussing analytic, technical, and regulatory issues that arise related to 

harmonization of measurement approaches. The WG developed recommendations on baseline 

characteristics to be collected (AUDIT-C and PHQ-2), outcome measures (PEG-3) and developed an 

operational definition of opioid use. The WG also communicates with other WGs on topics that involved 

overlap, particularly the EHR WG (e.g., operationalize data collection on PEG-3). 
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Joseph Erdos, MD, PhD, Data Sharing and Electronic Health Record WG Co-Chair: Dr. Erdos will 

present an overview of the scope, activities, challenges, successes, and lessons learned for the Data 

Sharing WG. This WG is responsible for supporting the field projects with recommendations for data 

warehouse access and development of metadata relevant to each study to assist the projects transfer data 

between the VA and DoD, using approved infrastructure tools that meet federal security requirements of 

both agencies for these purposes. This WG’s long-term planning includes adequately responding to the 

NIH-DoD-VA requests for publicly available data sharing of pragmatic trial data, collaborating with the 

Ethics and Regulatory WG to assist with IRB and Consent documentation regarding data sharing.  

Michael E. Matheny, MD, MS, MPH, Electronic Health Record WG Co-Chair: Dr. Matheny will present 

an overview of the scope, challenges and lessons learned within the EHR WG in supporting the field 

projects. The EHR Workgroup goals were to promote standardization and harmonization of EHR-derived 

data elements. This was done by providing support, recommendations, and resources for data extraction 

from data warehouse and EHR-direct data sources, and for direct data entry into EHR and associated 

tools. During the field project planning phase, we coordinated with the P&O WG to determine EHR 

derived data elements required by each project, based on use and project impact, and developed a 

prioritized list of variables to harmonize. We then received curated data definitions (example: PEG-3) 

from the P&O WG that were curated in their WG, and generated recommendations for extraction and 

transformation from data warehouse and EHR resources across both systems. In parallel, the WG 

provided standardization recommendations for data definitions, and how to extract and transform the data 

in both the VA (Dr. Matheny) and DoD (Mr. Roddy) for variables that did not require field project 

definition consensus (e.g., demographics). Lastly, the EHR WG provides regular updates on the status 

and impact of Cerner EHR installations in the VA (Dr. Erdos) and DoD (Mr. Roddy).  

Expected Discussion 

After the introductory presentations, the panel and the audience will engage in a discussion of various 

topics, facilitated by the moderator. Topics that will be discussed are: 

• Challenges in navigating data access and harmonizing definitions and implementations of 

electronic health record and directly collected trial data across a large number of projects  

• Challenges in prioritizing data harmonization tasks, and aligning definitions between projects  

• Challenges in imitating and maintaining clinical trials in an environment with changing EHRs  

• Challenges in coordinating trial harmonization within two large healthcare delivery organizations 

with aligned but distinct organizational cultures  

Timeliness of the Topic 

This panel is timely because of the ongoing challenge in providing data harmonization, infrastructure, and 

multi-EHR (legacy and staggered implementation) in multiple healthcare delivery systems conducting 

clinical trials. Informatics is critical to providing the necessary support and coordination for the 

coordinating centers in close linkage with individual trials. The challenges and lessons learned within the 

first two years of this initiative are highly useful to consortia and multi-center collaborations going 

forward. Further, as academic medical centers consider EHR migration, the lessons learned may help aid 

decision making associated with maintaining progress in co-occurring research studies. 

All authors have agreed to present the proposed panel at the AMIA Annual Symposium. 
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Abstract 
With the near universal adoption of commercially developed electronic health records, local clinical decision 
support (CDS) implementations are now ubiquitous, and evolving standards provide a glimpse into an increasingly 
interoperable state for CDS. Despite the increasing ease to incorporate CDS like alerts and order sets into 
workflows, many informatics teams have trouble ensuring their build is useful due to the investment of effort and 
resources required. Novel, data-driven approaches are necessary for effectively evaluating and optimizing CDS to 
improve desired outcomes. This didactic panel of experts in CDS will describe diverse approaches to evaluating 
CDS across multiple healthcare organizations, including comprehensive measurement, proactive monitoring, 
capture of provider feedback, and analytics and governance across institutions. 
 
Introduction 
Healthcare providers nationwide have spent billions of dollars adopting electronic health records (EHRs) that 
incorporate clinical decision support (CDS) to improve patient safety, reduce costs, and comply with federal 
regulations, but evaluations of CDS implementations have not consistently reported improved patient outcomes or 
lower costs.1 Currently, EHR adoption is nearly universal, and 95% of EHRs in use are commercially developed 
systems.2 Alerts, a commonly used approach to CDS, can notify clinicians of interactions, changing lab values, or 
other information.3 Similarly, order sets can improve the quality and efficiency of care and increase adherence to 
evidence-based guidelines.4 CDS alerts and order sets are included and widely implemented in all major commercial 
EHRs.5 With the launch of recent initiatives to make CDS shareable, including CDS Connect,6 CDS Hooks,7 and 
EHR vendor-provided CDS libraries, there is growing capacity for single CDS instances to be implemented across 
health care settings and technologies. Novel, data-driven approaches are necessary for effectively evaluating and 
optimizing CDS to improve desired outcomes. 
 
Description of Panelists and Presentations 
The panel will be moderated by Dr. Wright and includes experts in CDS evaluation and improvement across 
multiple organizations. Dr. Wright will introduce the topic of CDS improvement (7 minutes). Each panelist with 
then describe their research findings and experiences with evaluating and improving CDS using novel, data-driven 
approaches that are generalizable across institutions. (12 minutes each). The panel will conclude with 35 minutes for 
audience questions and discussion.  
 
Allison B. McCoy, PhD 
Despite increasing generalizability of CDS across systems, measures used to evaluate CDS alerts vary widely, are 
often neither valid nor reliable, and can generate significantly different results that cannot be easily compared across 
EHR implementations. Evaluations and reporting of CDS alerts should include measures across all alert phases – 
triggers, inputs, interventions. We have identified potential measures of order-triggered CDS alerts that include total 
number of orders placed, total number of orders that triggered an alert, total number of alerts displayed, distinct 
number of alerts displayed, actions recorded within the alert interface, final actions recorded, and actions that 
persisted for greater than 24 hours. For most measures, values are similar across multiple organizations, but the rates 
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differ across sites when comparing total and distinct measures. These findings highlight the need to standardize 
measurement of CDS. 
 
Dr. McCoy is an Assistant Professor of Biomedical Informatics at Vanderbilt University Medical Center in 
Nashville, TN and a founding member of the Clinical Informatics Research Collaborative (CIRCLE). She has 
research expertise on developing and implementing novel, generalizable approaches to evaluating and improving 
EHRs and CDS using existing data sources to promote safer healthcare. 
 
Sayon Dutta, MD 
EHRs can be difficult to use and users often complain about too many clicks and interruptions to the delivery of 
clinical care from CDS that is sometimes poorly designed. The design of the EHR is sometimes based on 
preconceived notions of workflows that may be inaccurate, and significant effort often goes into developing new 
decision support that ultimately does not have the intended effect. Understanding how clinicians interact with CDS 
can help drive changes that improve the user experience. Dashboards can process and visualize large amounts of 
data to help developers identify broken or suboptimal CDS design. Understanding how users interact with decision 
support can drive rapid-cycle improvements. We developed a Tableau dashboard that allows clinical informaticians 
to look at firing and acceptance patterns of CDS across our organization. It also allows informaticians to drill down 
to a particular alert and visualize firing and acceptance patterns by department, specialty, user type and other 
variables. The dashboard is currently implemented at two institutions. Dr. Dutta will review the backend and 
frontend design of the dashboard, as well as experience using it and examples of CDS that has been improved 
through the tool. 
 
Dr. Dutta is an emergency physician at Mass General Hospital and Clinical Lead for Emergency Medicine and 
Clinical Decision Support at Partners eCare. He is board-certified in Emergency Medicine and Clinical Informatics. 
 
David M. Rubins, MD 
Pre-release testing and validation of CDS alerts is critical to successful implementation, but it can often miss 
specific workflows, differences in practice, and build errors. Direct user-feedback in the post-release phase of an 
alert is an efficient mechanism to shorten the CDS lifecycle and improve alerts overall. We currently have 
implemented multiple mechanisms across two institutions to solicit user feedback on alerts, including: reaching out 
to most frequently alerted users, Likert scale hyperlinks embedded within each alert, and daily monitoring of alert 
override comments. These feedback channels have allowed us to identify build errors more quickly than traditional 
use of the help desk (e.g., when an alert firing rate inadvertently exponentially increased one morning) and more 
accurately target the alerts (e.g., stopping a lab-related alert from firing in the eating disorder clinic). Additionally, 
we reach out to all users who leave Likert feedback, and we have found that clinicians appreciate having their “voice 
heard,” and understanding the intricacies of the technical or regulatory reason for alerts. Our experience highlights 
the importance of receiving direct feedback from users on CDS.  
 
Dr. Rubins is a chief medical resident at Brigham and Women’s Hospital in Boston, MA and Clinical Lead for 
Clinical Decision Support at Partners eCare in Boston, MA. He completed his clinical informatics fellowship at 
Partners HealthCare and works as an academic hospitalist at Brigham and Women’s Hospital.  
 
Marc Tobias, MD 
The broad adoption of EHR systems has placed powerful electronic CDS capabilities like alerts and order sets in the 
hands of hospital systems around the world. While CDS is continuously deployed to tackle quality and safety 
initiatives, few organizations regularly monitor the performance of these interventions. As a result, there is a very 
real risk of unduly burdening clinicians without necessarily achieving its intended strategic goal. Furthermore, a 
mismatch between the work as imagined and work as done can vary widely due to problems like technical 
malfunctions and design misinterpretations. A CDS Maturity Model will be presented which provides an operational 
roadmap for organizations that aim to improve their overall CDS infrastructure along three foundational pillars: 
content, analytics, and governance.8 
 
Dr. Tobias is Founder and CEO of Phrase Health, Adjunct Assistant Professor in the Department of Emergency 
Medicine at the University of Pennsylvania, and Adjunct Faculty in the Department of Biomedical and Health 
Informatics at Children’s Hospital of Philadelphia. He is board-certified in Clinical Informatics after having 
completed a fellowship where he focused his efforts on managing and optimizing CDS. 
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Adam Wright, PhD 
Dr. Wright Professor of Biomedical Informatics at Vanderbilt University Medical Center and Director of the 
Vanderbilt Clinical Informatics Center in Nashville, TN. His research focuses on machine learning and safe and 
effective use of CDS. 
 
Anticipated Audience and Topic Importance 
Participants will gain insight into novel approaches to use data about CDS alerts locally and across healthcare 
organizations to optimize CDS and ultimately improve patient and provider outcomes and satisfaction 
 
Discussion Questions 
1. What are the different approaches to measuring CDS alert and override rates, and how do these differ? When is 

it appropriate to use different measures? 
2. How can a dashboard facilitate proactive monitoring to improve CDS? 
3. How can feedback from providers be obtained and used to improve CDS? 
4. How can analytics and governance improve CDS across multiple institutions? 

 

Participation statement 
All panelists named above have agreed to take part on the panel. 
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Abstract:  
Large quantities of patient clinical data are becoming available in an electronic format, generated by the fast-
growing adoption of electronic health record (EHR) systems in the U.S. This growth creates tremendous potential 
but also a growing concern for patient confidentiality. Secondary use of this clinical data is essential to fulfill the 
potential for personalized healthcare, improved healthcare management, and effective clinical research. De-
identification of patient data has been proposed as a solution to both facilitate secondary use of clinical data and 
protect patient data confidentiality. A substantial amount of clinical data in the EHR are represented as narrative 
text and de-identification of such data is a tedious and costly manual endeavor. Automated approaches based on 
natural language processing have been implemented and evaluated, allowing for much faster de-identification than 
manual approaches, with comparable or even improved protection.  However, despite these advances, automatic de-
identification of clinical text is not commonly used and accepted. This panel will focus on automatic de-
identification of EHR text with perspectives from various stakeholders, reporting on a workshop organized by the 
National Cancer Institute on February 25-26, 2020 and supported by the Cancer Moonshot Initiative. Discussions 
will aim at broad sharing of opinions, ideas, advice, and practical experiences with clinical text de-identification. 
 
Introduction:  
Large quantities of patient data are becoming available in an electronic format. This data poses tremendous 
potential, but also concerns over patient confidentiality. The adoption of electronic health record (EHR) systems is 
growing at a fast pace in the U.S., encouraged by the Centers for Medicare and Medicaid Services incentive 
payments for meaningful use, and the prospect of improved healthcare quality. This growing adoption of EHR 
systems fuels the progression of clinical data available in electronic format. The secondary use of such data can 
provide a number of benefits, ranging from more effective scientific research to improved healthcare management 
and, ultimately, better quality in healthcare. Facilitating secondary use requires information sharing, but it is critical 
to ensure that patient privacy is maintained.  In addition, since 2003, the National Institutes of Health (NIH) expects 
that all sponsored research projects (with at least $500,000 in direct costs in any year of funding) develop a data 
sharing plan for their research data in a way that upholds the confidentiality of the research subjects.1 The Health 
Insurance Portability and Accountability Act of 1996 (HIPAA)2 and the Common Rule3 protect the confidentiality 
of patient and research subject data,1 and require the informed consent of the patient or research subject and an 
approval of the Internal Review Board to use clinical data for research purposes.  This requirement can be waived if 
the data is de-identified. However, obtaining consent can be difficult, if not impossible, when dealing with large 
populations and retrospective investigations. Requesting patient consent can also bias and adversely affect trial 
participation.4 These reasons make clinical text de-identification desirable for clinical research, especially for large-
scale research. 
 
For flexibility, expressiveness, efficiency, and historical reasons, most detailed clinical information found in EHRs 
is still captured in free-text format, without structure or coding. De-identification of this clinical text may 
theoretically be accomplished by applying the Safe Harbor implementation of the HIPAA Privacy Rule, whereby 
explicit and quasi-identifiers about a patient are removed or hidden. This can be a tedious and costly manual 
endeavor, such that automated approaches based on natural language processing (NLP) have been developed and are 
comparable in performance to manual efforts .5  
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Although there has been significant progress made in the development of such systems the use of these systems 
remains limited. This is due, in part to various issues including, but not limited to 1) confusion due to terminology 
variation (e.g., anonymization vs. de-identification vs. scrubbing, vs. pseudonymization), 2) variation in the 
interpretation of the Safe Harbor method, 3) growing concerns for unauthorized access to clinical data (i.e., leaks), 
4) considerations in regard to the risk for re-identification in de-identified clinical text, 5) limited options for 
accurate and sufficiently simple applications for automatic text de-identification, and 6) limited acceptance by 
providers and IRBs for the release of automatically de-identified text – particularly in the face of perceived large 
liabilities. 
  
Panel overview:  
This interactive panel will focus on automatic de-identification of EHR text with perspectives from various 
stakeholders. Discussions will aim at broad sharing of opinions, ideas, advice, and practical experiences with clinical 
text de-identification. 
 
Topics discussed will include: 

● Regulatory landscape for de-identification of clinical data for research use  
● Current status, performance, and future development of clinical text de-identification systems 
● Real world experience with de-identification of narrative clinical text for research (e.g., challenges, data 

sharing policies and practices) 
● Important aspects to consider for de-identification of narrative text (e.g., re-identification risk) 
● Stakeholders perspective and acceptance of automatic text de-identification 

 
Learning objectives: During and after this session, participants should be better able to: 

● Contrast characteristics and challenges of clinical text de-identification. 
● Share experiences and ideas for improved acceptance and understanding of text de-identification. 
● Evaluate practical options for text de-identification use. 

 
Intended audience: This panel is addressed to professionals with activities and interests in clinical data secondary 
use or reuse, as enabled by data de-identification. It will mostly interest professionals planning to use text de-
identification or currently experiencing difficulties with text de-identification. 
 
Expected discussion and strategies to engage the audience: Participation of the audience in discussions will be 
key, for broader experience, idea, and advice sharing. The panel moderator and presenters will start with brief 
presentations of key challenges and experiences with text de-identification, and ask the audience questions related to 
their presentation and how it relates with the audience’s experience. Panel moderator and presenters will invite the 
audience to share and discuss their own experiences and how they relate to the presentations. 
 
Panel organizer and participants: 
 
Bradley Malin, PhD, FACMI, NAM will moderate this panel and present aspects to consider for de-identification 
of narrative information, including how to assess the risk for re-identification of de-identified narratives. Dr. Malin 
will provide illustrations of how text de-identification has been applied in various settings, including Vanderbilt 
University Medical Center and clinical study reports from clinical trials submitted to the European Medicines 
Agency (where he serves as a member of an advisory board on data privacy).  He will further provide insight into 
how such practices are planned for application in the context of the NIH-sponsored All of Us Research Privacy. Dr. 
Malin is the Vice Chair for Research Affairs in the Department of Biomedical Informatics at Vanderbilt University 
Medical Center.  He is also a Professor of Biomedical Informatics, Biostatistics, and Computer Science at 
Vanderbilt University Medical Center, where he runs the Health Data Science Center.  Since 2018, he has served as 
the chair  of the Committee on Access, Privacy, and Security for the All of Us program.  
 
Stephane Meystre, MD, PhD, FACMI will present an overview of the current status, performance, and future 
development of clinical text de-identification systems. He will then present an example of such systems in more 
details (CliniDeID). Dr. Meystre, is Associate Professor and SmartState Chair in Translational Biomedical 
Informatics at the Medical University of South Carolina (Charleston, SC) with research activities focused on easing 
access to clinical data for research and clinical care purposes, using techniques such as Natural Language Processing 
for information extraction, patient trial eligibility discovery and automated text de-identification. His extensive 
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experience on the latter topic spans a large-scale text de-identification project at the VA resulting in the development 
of a best-of-breed system (nicknamed ‘BoB’), subsequent developments to further improve the accuracy and 
generalizability of this system, and continuing development and strengthening resulting in CliniDeID®, a 
commercial product recently launched by Clinacuity, Inc. 
 
Jonathan Silverstein, MD, MS, will present real world experiences with de-identification of narrative clinical 
documents for research, insisting on its importance, challenges, data sharing policies and practices. Specifically, he 
will focus on the decades long experience at the University of Pittsburgh/UPMC in the use of EHR text in research: 
from large early collection of this clinical text for research (e.g. the MARS system); to leading informatics research 
in natural language processing (e.g. NegEx) and text de-identification (e.g. De-ID); to practical use at scale across 
many research and operational projects (e.g. R3). Dr. Silverstein currently serves as Professor and Chief Research 
Informatics Officer at the University of Pittsburgh (Pitt), where his responsibilities include data provisioning and 
honest brokering for research at UPMC, an integrated global nonprofit health enterprise including 40 hospitals and 
700 clinical locations and at UPMC’s academic partner the University of Pittsburgh (5th in NIH total funding). The 
data provisioning service, Health Record Research Request (R3) operates as a core facility at Pitt under BAA with 
UPMC with support from the CTSA program. Dr. Silverstein will detail essential features of Pitt/UPMC policy 
structure and the R3 service that enable de-identified clinical information construction, use at scale, and sharing for 
numerous research projects. 
 
Guergana Savova, PhD, will present a stakeholder’s perspectives and acceptance of automatic text de-
identification issues – that of an NLP or artificial intelligence practitioner. What are the main considerations to keep 
in mind for downstream use of de-identified clinical text? How does the de-identification style affect the algorithms 
and their usability and portability? Dr. Savova is Associate Professor at Computational Health Informatics Program 
(CHIP) and Harvard Medical School. Her research interests are in a Natural Language Processing, a sub-field of 
Artificial Intelligence that has witnessed astounding developments in the last several years. The mission of Dr. 
Savova’s lab is processing all health-related language with the goal to advance biomedicine. Dr. Savova and her lab 
have been part of many high-impact federally funded projects. They have contributed to the open-source community 
Apache Clinical Text Analysis and Knowledge Extraction System (cTAKES at ctakes.apache.org) and Deep 
Phenotyping for Cancer (DeepPhe at https://github.com/DeepPhe/DeepPhe-Release) which have been widely used. 
The Apache Software Foundation recognized cTAKES as one of its top 20 most influential projects. Dr. Savova is a 
co-founder of cTAKES and DeepPhe. 
 
Statement of the panel organizer: All participants listed in this proposal have agreed to take part in this panel. 
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Abstract 

Electronic Health Records (EHRs) contain a massive amount of personal health data than can be used by artificial 

intelligence to improve clinical research and patient care. The information in EHRs, however, is scattered across a 

variety of heterogeneous data types. A glaring need for future applications of AI to EHRs is a way to develop general 

representations for different data types, and methods for merging them into a complete picture. In this panel 

discussion, we bring together experts with backgrounds in building representations from different data types, for a 

much-needed discussion across research areas that are frequently working separately. In the first part of the panel 

discussion, each participant will give a brief overview of their work and other state of the art work in their area, and 

the second part of the panel will be devoted to questions from the moderator and the audience about how to bridge 

the respective representations. 

Learning Objectives 

After participating in our panel discussion, audience members will: 

• understand the current state of the field in mapping from different EHR data types to general-purpose 

representations of that data that can be used for many different use cases 

• learn the pressing issues that need to be worked out to combine different EHR data types into multi-modal 

“patient representations” 

• discover potential applications of learned patient representations to clinical research and healthcare 

Panel Description 

Electronic health records contain a variety of data modalities relevant to understanding a patient’s health status: 

structured information such as diagnosis and procedure codes, lab orders and values, unstructured text narratives, and 

increasingly, genetic and -omics data. Machine learning-based applications based on EHR data would benefit from 

principled approaches to mapping EHR data to real-valued vectors, which we refer to as representation learning. 

While there are some existing approaches for learning representations from EHRs,1–9 they tend to focus on single 

modalities, and deep, principled, integration of different data types presents new challenges – different modalities 

require different representations and approaches, and individual researchers tend to focus on one modality or another. 

However, the potential to improve health care by combining these data types is immense, and will be required for 

precision medicine. This panel brings together experts from different research areas to reach common ground on the 

existing state of the field, discuss methods for integrating different sources of information, and to outline the challenges 

that we should be focusing on in the next decade of research. Our panel participants represent a diverse spectrum of 

demographics, experience, and research areas, with records of excellence in the relevant research areas. 

• Timothy Miller, Ph.D. (Assistant Professor of Pediatrics, Boston Children’s Hospital and Harvard Medical 

School) will moderate the panel, as well as introducing the panel participants and giving context to the 

discussion. He will give a high-level description of some of the latest representation learning work, including 

what is meant by “learning representations,” the latest work on structured data, unstructured (text) data, and 

genetic and genomic data. He will prepare questions and discussion points for the second half of the panel 

session. 

• Dmitriy Dligach, Ph.D. (Assistant Professor, Loyola University Chicago Department of Computer Science) 

will discuss his recent work that focuses on learning patient representations from structured and unstructured 

data as well as from unstructured data only.4,5 He will outline the general problem of acquiring specialized 
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medical knowledge from massive amounts of EHR data and ways to use it for automatic phenotyping tasks. 

In Dr. Dligach’s view, medical knowledge can be injected into neural networks by pre-training them on 

various prediction tasks that involve deducing the structured variables (e.g. billing and diagnostic codes, 

medication and lab orders, and patient demographic information) from unstructured data. When trained on 

sufficiently large amounts of data, patient representations lifted from these pre-trained models should encode 

useful features that can become inputs to a downstream classification or clustering task. Dr. Dligach will 

discuss pros and cons of this approach vs. purely unsupervised pre-training methods such as massive 

transformer-based language models that are currently pervasive in the general domain NLP.10 

• Yuqi Si, M.S. (PhD Student UTHealth) is a PhD candidate at School of Biomedical Informatics at UT Health 

specializing in clinical NLP. She has employed deep learning algorithms to representation learning from 

EHR, including Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), transfer learning, 

multi-task learning, contextual embeddings, and hierarchical attention network (HAN). Yuqi will present 

advanced approaches for developing patient representation from both structured and unstructured data from 

EHRs. She will discuss some of the previous studies to show the challenges and opportunities in this section. 

In addition, she will report the current progress of learning patient representation from unstructured clinical 

notes. She will present a study on leveraging large data problems to build patient language representation for 

improving phenotyping of conditions with limited data. 

• Fei Wang, Ph.D. (Associate Professor, Weill Cornell School of Medicine) will introduce his recent research 

on integrating multi-modal data for health informatics, which includes the following three concrete cases: 1) 

integrating structured and unstructured information from EHR to derive sub-phenotypes of acute kidney 

injury11; 2) integrating continuous ECG with structured EHR for in-hospital mortality prediction in ICU12; 3) 

integrating longitudinal structured clinical assessment information with brain imaging for classification of 

Parkinson’s disease13. In all three cases, we are able to demonstrate the complementary information provided 

from different data modalities can help train better patient representations and lead to better model 

performance. 

• Funda Meric-Bernstam, M.D. (Professor and Chair, Dept Investigational Cancer Therapeutics, UT MD 

Anderson Cancer Center) is the Medical Director of the Institute of Personalized Cancer Therapy.  She will 

discuss several aspects of patient representation that impacts precision oncology research and implementation 

of routine biomarker-driven clinical care.  With increasing interest in personalized therapy, there is growing 

need to gather, display and interpret molecular data including genomics, transcriptomics, proteomics, and 

other biomarkers.  Not only are strategies for optimal use of this data for individual care needed, but also are 

approaches for secondary re-use to facilitate discoveries. As important as molecular data is, its value is 

limited by the availability of clinical annotation. We will discuss challenges in patient representations in use 

cases such as biomarker-driven patient care, facilitating clinical trial accrual at point-of care, and 

clinical/translational research into predictive marker discovery. 

Anticipated Audience 

We believe that this panel has the potential to be of high interest to a broad swathe of the AMIA audience. 

Computational researchers working on building representations for any one data type will be interested to hear what 

is going on among researchers with the other data types. Clinical researchers will be interested in hearing about the 

future methods that will allow them to do ever more sophisticated operations on EHR data. Practitioners who deal 

with EHR implementation and extension will be interested in learning about the breakthroughs that are coming that 

may change the requirements of EHR implementations. 

Discussion Points 

1. Is it better to combine information “early” or “late”? That is, should we extract single modality 

representations before combining different modalities, or extract a single representation directly from 

multiple modalities? 

2. When learning patient representations, we usually initialize the learning process with “pre-training” tasks in 

which we predict easily available variables from our patient data. Are there shared pre-training tasks across 

data types that can take advantage of certain data types being free or easy to obtain? 

3. How much basic research is needed from genomics before we can get to general purpose representations that 

are useful for multiple tasks? 
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4. What are challenges in retrieval, display, interpretation and re-use of clinical molecular testing? 

5. What are the critical clinical data elements for biomarker-driven trial accrual? 

Statement from the Panel Organizers 

The first author affirms that all panel participants have agreed to participate and contributed to the writing of this 

document.  
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Abstract  

Maximizing the efficiency and utilization of electronic health records (EHRs) is one of the Department of Health and 

Human Services’ (HHS) key priorities. This panel highlights four projects funded under the Office of the Secretary 

Patient-Centered Outcomes Research Trust Fund (OS-PCORTF), that are developing promising solutions to enhance 

EHR capacity to support data collection from multiple healthcare settings including research-based settings, 

healthcare surveys, emergency departments, and community health clinics. These projects feature priority populations 

including those with multiple chronic conditions, children with obesity, and patients with health outcomes related to 

opioid use disorder. Panelists will provide an overview of their project and describe the projects’ contributions and 

informatics-related developments to care coordination. As such, the learning objectives of this session are: 1) describe 

how the development of shared electronic care plans enhances PCOR and improves healthcare coordination and 

integration; and 2) understand potential options for accessing data across EHR systems. 

Learning Objectives 

1. Describe how the development of shared electronic care plans enhances patient-centered outcomes research 

and improves health care coordination and integration. 

2. Understand potential options for accessing data across EHR systems. 

Panel Description 

This panel will highlight four Department of Health and Human Services’ (HHS) collaborative projects developing 

promising solutions that enhance electronic health record (EHR) capacity to support data collection from multiple 

healthcare settings. Specifically, the projects focus on (1) building EHR capacity to collect longitudinal data 

including health and social concerns, goals, interventions, and the health status of people with multiple chronic 

conditions (MCCs) across all care settings; (2) establishing a data infrastructure to enable non-clinical and clinical 

partners across EHR systems and settings to contribute data on childhood obesity for research and surveillance; (3) 

developing an application that can access data across multiple EHR systems using industry standards; and (4) 

facilitating the collection of clinical outcomes and PROs through EHRs in emergency department settings.  

Ms. Jenna Norton, from the National Institutes of Health (NIH), will speak about her work on an interagency project 

between the Agency for Healthcare Research and Quality (AHRQ) and the National Institutes of Health/National 

Institute of Diabetes and Digestive and Kidney Diseases (NIH/NIDDK) titled the “Data Capacity for Patient-

Centered Outcomes Research through Creation of an Electronic Care Plan for People with Multiple Chronic 

Conditions.”1 The team aims to dismantle barriers to research that arise due to lack of interoperability and exchange 

of data across EHRs and settings of care by developing a SMART on Fast Healthcare Interoperability Resources 

(FHIR) eCare plan application.2 The interoperable, accessible eCare plan will facilitate aggregation and sharing of 

critical patient-centered data across home-, community-, clinic- and research-based settings, by extracting data from 

EHRs and exchanging those data across settings.3 Data sharing and aggregation is significantly challenging for 

people with MCCs, who undergo frequent care transitions (e.g., hospital to home, primary care to specialist, etc.). 

Multiple providers handle these individuals’ complex health needs, which often occur across different settings of 

care. Therefore, care is often fragmented, poorly coordinated, and inefficient. The pilot eCare Plan tool developed 
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for this project will be designed for use with patients who have chronic kidney disease, cardiovascular disease, 

diabetes, and/or chronic pain with opioid use disorder (OUD). 

Dr. Alyson Goodman, from the Centers for Disease Control and Prevention (CDC), will present her work on the 

“Childhood Obesity Data Initiative (CODI): Integrated Data for Patient-Centered Outcomes Research” Project. Her 

team is focused on the development and testing of an expanded common data model including pediatric obesity-

related information, patient linkage and de-duplication tools, and data query services to aggregate data stored in 

EHRs across different organizations to create individual-level, linked longitudinal records including individual and 

community-level risk factors, weight management interventions delivered in clinical and community settings, and 

clinical outcomes across health information systems, to improve delivery of health care services for childhood 

obesity.4 In 2017, the U.S. Preventative Services Task Force recommended that children be screened for obesity and, 

if applicable, referred to intensive pediatric weight management interventions (PWMI) to improve their physical and 

mental health.5 Currently, data to study factors influencing the health outcomes and effectiveness of interventions 

used for childhood obesity prevention or treatment are limited. Researchers are prioritizing the ability to link EHR 

data (e.g., weight assessments) with PWMI data (e.g., type of services provided) and community-level census 

information to support comparative effectiveness research.6 By building linkages and advanced tools, the CODI 

project will help researchers address these gaps and explore questions such as whether all children are being 

screened appropriately for obesity, whether disparities exist, and the effectiveness of particular PWMIs for particular 

populations. 

Ms. Maria Michaels, from the Centers for Disease Control and Prevention (CDC), will present her work on the 

“Making EHR Data More Available for Research and Public Health” (MedMorph) Project. This project is focused 

on building greater interoperability across EHR systems by developing reference architecture that streamlines data 

exchange from multiple clinical organizations using multiple EHR platforms mapped to a common data model 

(CDM) and using industry standards for data exchange (i.e. FHIR).7 The Office of the National Coordinator for 

Health Information Technology (ONC) sets certification requirements that underpin many EHRs, such as the 

Common Clinical Data Set and FHIR APIs. The architecture will be modeled on three diverse use cases (hepatitis C 

[HCV], cancer reporting, and health care surveys). After development, the project team will test a reference 

implementation for HCV to ensure the architecture supports acquiring data from multiple clinical organizations 

using multiple EHR platforms to provide real-world data to researchers in order to generate real-world evidence 

about a given health problem. 

Dr. Andrew Taylor, from the Yale University School of Medicine, will discuss his team’s project, “Emergency 

Medicine Opioid Data Infrastructure - Key Venue to Address Opioid Morbidity and Mortality.” The project’s goal is 

to enhance capacity to use EHR data to conduct opioid-related clinical research in emergency departments (EDs), 

which is a critical point of entry into the health care system for opioids patients. Dr. Taylor is working with a project 

team from the NIH to identify research participants in the Yale Health System ED and collect PRO data during and 

after ED visits using a mobile application. The project will facilitate standardized measurement through identifying 

existing common data elements specific to OUD and using these to track and ultimately improve quality of care in 

the ED. 

Following the presentation, Mr. Aldren Gonzales will moderate a Q&A between the panelists and audience 

members.  

Timeliness of Topic 

Electronic health records (EHRs) can provide longitudinal documentation of demographic, vital statistics, and 

clinical data.8 As such, emphasis on leveraging EHR data for clinical research to inform the delivery of health care 

services is growing. However, many obstacles impede the usability of EHR data for research. Challenges include the 

heterogeneity of EHR systems and lack of interoperability, which inhibits data aggregation.9 Additionally, EHRs are 

not comprehensive of all aspects of the patient experience. Data not routinely captured within EHRs, such as social 

determinants of health information, have important implications for research and care.10 The projects featured on 

this panel contribute to the availability of comprehensive clinical datasets, which can ultimately improve care 

coordination and health outcomes. This panel will involve a robust discussion regarding the progress, current gaps, 

and future opportunities to utilize EHRs to create a more complete picture of health.  

Discussion Questions 
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1. What are the critical data harmonization considerations when collecting for these priority populations? 

2. What are the current gaps in data infrastructure and near-term opportunities to address these gaps?  

3. How are OS-PCORTF projects addressing data governance and data privacy issues? 

All participants have agreed to take part in the proposed panel. 
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Abstract 

Influenza vaccine among children presenting to acute care is poor despite its effectiveness at preventing influenza-

related illness, hospitalization, and death. Acute care visits are an important opportunity to improve vaccine coverage. 

Clinical decision support (CDS) has shown promise to increase influenza vaccine uptake. However, promoting health 

maintenance interventions such as vaccines in acute care settings requires navigating unique sociotechnical 

constraints to be effective.  In this panel, we will review three institutions’ approaches to CDS for influenza vaccine 

uptake in emergency departments, urgent cares, and inpatient settings. We will illustrate common strategies, describe 

the reasons behind local customizations, and identify generalizable lessons that can be applied to other health 

maintenance interventions in acute care settings. 

Description 

Clinical Problem: While influenza vaccination is estimated to prevent millions of healthcare visits and thousands of 

influenza-related deaths every year, coverage rates were reported at only 45.6 % in US children in the most recent 

influenza season.1–3 Influenza vaccine uptake is poor among children presenting to the emergency department and 

hospitalized children who often lack a medical home. Hospitalized patients are more likely to have high risk 

conditions predisposing them to influenza morbidity and mortality, yet influenza vaccine coverage rates are even 

lower than the general population.4,5 Children from lower income households are more likely to be hospitalized and 

less likely to have access to strong outpatient medical support systems where they could be vaccinated.6,7 Acute care 

visits are an important opportunity to increase use of health maintenance interventions.8 

Prior Work on Promoting Influenza Vaccine in Acute Care: There exist only 3 published electronic health record 

(EHR) interventions to improve influenza vaccine administration in hospitalized children.9 Pollack et al 

demonstrated that a nursing-focused screening tool that fired for eligible patients and placed an influenza vaccine 

order in the background significantly improved influenza vaccine administration rates (aOR 6.77, 95% CI: 6.14 – 

7.47).10 However, the absolute vaccination rate only increased from 2.1% to 8.0%, leaving substantial room for 

improvement. Rao et al found that a weekly provider reminder system indicating influenza vaccination status of 

each patient on inpatient teams improved ordering practices significantly compared to control groups.11 However, 

they did not report actual administration rates, and the intervention required clinical support staff to send weekly e-

mails, increasing maintenance costs. Freedman et al incorporated influenza vaccine into oncology admission order 

sets in addition to concomitant interventions of family education and clinic staff reports in outpatient settings.12 

Their combined efforts increased the immunization rate of oncology patients from 20% to 65%. However, many of 

these interventions require ongoing maintenance and the contribution of each element of the intervention to the 

outcome is unclear, limiting generalizability of these efforts. Together, these studies demonstrate that clinical 

decision support (CDS) shows promise to improve influenza vaccine uptake in hospitalized children. However, we 

have yet to define an intervention strategy that (a) is easily generalizable and scalable across institutions, (b) 

minimizes maintenance requirements, and (c) demonstrates sufficient effect size to meet the public health need. 

Comparing Quality Improvement Approaches using CDS to Promote Influenza Vaccine: In this panel, we will 

review three institutions’ approaches to developing CDS to promote influenza vaccine among children in emergency 

departments, urgent cares, and inpatient settings. Each team will review cultural and technical constraints informing 
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the design approach and subsequent evaluation. We will also discuss unique CDS challenges to this problem arising 

from the complex sociotechnical work system involved in vaccine administration in acute care settings. Finally, we 

will discuss influenza vaccine as a model for health maintenance interventions in acute care settings as many health 

maintenance interventions share key elements of the influenza vaccine problem including (1) the need for screening 

including integration of outside records to identify eligible children, (2) coordination between ordering clinicians, 

nurses, and pharmacists, (3) educating clinicians of reasons why or why not to administer an intervention that may 

not be in their typical scope, (4) acute care constraints including pressure to focus on ill patients and to limit 

emergency department and inpatient length of stay, and (5) documentation of the intervention for coordination with 

the outpatient team.  

Aim of the panel discussion 

 Recognize patients presenting to acute care settings as a vulnerable population at risk for missing important 

health maintenance interventions.  

 Explain unique challenges to promoting health maintenance interventions in acute care settings. 

 Describe complex workflows related to vaccine administration in inpatient and emergency department 

settings and implementation challenges. 

 Compare implementation and evaluation strategies across institutions. 

 Identify intervention elements that are generalizable across institutions and reasons for local customizations. 

Description of panelist contributions 

Naveen Muthu is a practicing pediatric hospitalist, director of cognitive informatics, and co-chair of the CDS 

committee at Children’s Hospital of Philadelphia.  He will serve as the moderator of this panel, reviewing existing 

literature, opportunities for improvement, and generalizability of influenza vaccine initiatives to other health 

maintenance interventions. 

Evan Orenstein is a practicing pediatric hospitalist, physician informaticist, and director of CDS at Children’s 

Healthcare of Atlanta. He is also the coordinator of the Pediatric CDS Collaborative. He will discuss how lessons 

learned from inpatient CDS designed for the 2018-2019 season informed a user-centered design approach to influenza 

vaccine CDS in inpatient and urgent care settings, which tripled the number of influenza vaccines given in the 2019-

2020 season. 

Juan Chaparro is a practicing pediatric infectious diseases specialist and physician informaticist at Nationwide 

Children’s Hospital. He will discuss influenza vaccine alert approaches in emergency departments, urgent cares, and 

inpatient settings with a particular focus on behavioral economics, addressing vaccine myths held by providers 

obstacles encountered, and audit and feedback mechanisms to promote adherence.  

Emily Webber is a practicing pediatric hospitalist and chief medical information officer at Riley Children’s Hospital, 

where she led a multidisciplinary team that developed a nurse-driven screening tool for children in the emergency 

department to identify eligible patients, evaluate contraindications, and automate vaccine orders. The approach led to 

>1,000 additional influenza vaccine doses provided to patients discharged from the emergency department for two 

consecutive years.13  

Expected discussion 

1) When are acute care settings appropriate for promoting health maintenance interventions?  

2) How can CDS communicate the appropriateness of a health maintenance intervention in acute care and what 

are some common misconceptions or stumbling blocks to provider acceptance? 

3) What workflow considerations must be included in the design of CDS for vaccines in inpatient and 

emergency departments? 

4) Which elements of influenza vaccine CDS are generalizable to other health maintenance interventions and 

what further studies should be prioritized?  

Statement of participation: All panelists have agreed to take part in this panel.  

134



  

References 

1.  Rolfes MA, Foppa IM, Garg S, et al. Annual estimates of the burden of seasonal influenza in the United 

States: A tool for strengthening influenza surveillance and preparedness. Influenza Other Respi Viruses. 

2018;12(1):132-137. doi:10.1111/irv.12486 

2.  Rolfes MA, Flannery B, Chung JR, et al. Effects of Influenza Vaccination in the United States During the 

2017–2018 Influenza Season. Clin Infect Dis. February 2019. doi:10.1093/cid/ciz075 

3.  Early-Season Flu Vaccination Coverage–United States, November 2018 | FluVaxView | Seasonal Influenza 

(Flu) | CDC. https://www.cdc.gov/flu/fluvaxview/nifs-estimates-nov2018.htm. Accessed September 10, 

2019. 

4.  Elia S, Perrett K, Newall F. Providing opportunistic immunisations for at-risk inpatients in a tertiary 

paediatric hospital. J Spec Pediatr Nurs. 2017;22(1):e12167. doi:10.1111/jspn.12167 

5.  Shingler S, Hunter K, Romano A, Graham D. Opportunities taken: the need for and effectiveness of 

secondary care opportunistic immunisation. J Paediatr Child Health. 2012;48(3):242-246. 

doi:10.1111/j.1440-1754.2011.02231.x 

6.  Howell EM, Kenney GM. The Impact of the Medicaid/CHIP Expansions on Children: A Synthesis of the 

Evidence. Med Care Res Rev. 69(4):372-396. doi:10.1177/1077558712437245 

7.  Fieldston ES, Zaniletti I, Hall M, et al. Community Household Income and Resource Utilization for 

Common Inpatient Pediatric Conditions. 2Pediatrics. 2013;132(6):e1592. www.aappublications.org/news. 

Accessed October 13, 2019. 

8.  Dexter PR, Perkins S, Overhage JM, Maharray K, Kohler RB, McDonald CJ. A COMPUTERIZED 

REMINDER SYSTEM TO INCREASE THE USE OF PREVENTIVE CARE FOR HOSPITALIZED 

PATIENTS. N Engl J Med. 2001;345(13):965-970. 

9.  Mihalek AJ, Kysh L, Pannaraj PS. Pediatric Inpatient Immunizations : A Literature Review. Hosp Pediatr. 

2019;9(7):550-559. doi:10.1542/hpeds.2019-0026 

10.  Pollack AH, Kronman MP, Zhou C, Zerr DM. Automated Screening of Hospitalized Children for Influenza 

Vaccination. J Ped Infect Dis Soc. 2014;3(1):7-14. doi:10.1093/jpids/pit044 

11.  Rao S, Fischman V, Kaplan DW, Wilson KM, Hyman D. Evaluating Interventions to Increase Influenza 

Vaccination Rates among Pediatric Inpatients. Pediatr Qual Saf. 2018;3(5):e102. 

doi:10.1097/pq9.0000000000000102 

12.  Freedman JL, Reilly AF, Powell SC, Bailey LC. Quality improvement initiative to increase influenza 

vaccination in pediatric cancer patients. Pediatrics. 2015;135(2):e540-e546. doi:10.1542/peds.2014-0943 

13.  Buenger LE, Webber EC. Clinical Decision Support in the Electronic Medical Record to Increase Rates of 

Influenza Vaccination in a Pediatric Emergency Department. Pediatr Emerg Care. 2020;00(00):1. 

doi:10.1097/pec.0000000000001998 

 

135



The Role of Health Information Exchange Organizations in Enabling 

Exchange at the Regional, State and National Level 

  

Vaishali Patel, PhD MPH1, Julia Adler-Milstein, PhD2, Jordan Everson PhD MPP3, David 

Kendrick, MD4, Michael Berry1  
1The Office of the National Coordinator for Health Information Technology (ONC); 

2University of California San Francisco, San Francisco, CA; Vanderbilt University, 

Nashville, TN; 4MyHealth Access Network 

 

Abstract 

A decade after HITECH, achieving robust health information exchange (HIE) and addressing barriers to 

interoperability remain a policy priority. Our panel will describe the role of Health Information Organizations 

(HIOs) and how health IT provisions of the 21st Century Cures Act—most notably the Trusted Exchange Framework 

and Common Agreement (TEFCA)—and broader market dynamics are changing approaches to HIE. We will share 

timely data on how HIOs are responding to these national policy efforts. In addition, we will share data on HIOs 

experiences with information blocking, one of the key barriers to interoperability.   

Panel Description 

Several health information technology policies have sought to enable electronic health information exchange (HIE).  

Staring in 2011, the State HIE Cooperative Agreement Program provided over $500 million dollars in funding through 

the Health Information Technology for Economic and Clinical Health Act to support states’ efforts to build capacity 

for exchanging health information within and across states.  States took a variety of approaches to enabling exchange, 

including supporting and expanding upon local and regional health information exchanges (HIOs) as well as 

developing statewide entities. Although there was a positive trend in levels of HIE during the program, performance 

varied heavily by state.1    

 

While HIOs have continued to evolve, new market forces and national health IT policies have emerged. National 

health information networks, including certain EHR vendors enabling exchange across their customers, have become 

more widely available, resulting in multiple sometimes competing exchange networks.2 Health IT provisions of the 

21st Century Cures Act of 2016 called to implement the Trusted Exchange Framework and Common Agreement 

(TEFCA).  The TEFCA is designed to provide a common set of principles, terms, and conditions to enable HIE across 

participating health information networks nationwide.3 It is unclear as to whether HIOs are prepared and interested in 

participating in this effort.   The Cures Act also authorized the Office of the Inspector General to impose fines on 

organizations who ‘knowingly and unreasonably interfere with the exchange or use of electronic health information’. 

HIOs, because of their unique role in interfacing with both EHR vendors and health care providers, are in a position 

to provide insights on information blocking.4 Understanding the extent to which HIOs report the prevalence of 

information blocking would provide useful baseline data from which to gauge the impact of these enforcement 

measures.   

The panelists will present findings from three recent national surveys relevant to the role of HIOs and national health 

information networks: the American Hospital Association (AHA) IT Supplement Survey, the National HIO Survey, 

and the Strategic Health Information Exchange Collaborative (SHIEC) Member Survey.  The presentation of results 

will be followed by a discussant-led conversation, intended to stimulate reflections on the common themes emerging 

from across the surveys including how various types of networks enable exchange, HIO readiness for the TEFCA and 

information blocking. The panelists represent different perspectives (policy, research, implementor), institutions 

(ONC, UCSF, Vanderbilt University & MyHealth Access Network), and have diverse background and training.  
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Vaishali Patel, PhD, MPH (moderator and organizer) will kick-off the panel by introducing the panelists and the 

topic. Dr. Patel will also present AHA IT Supplement survey findings on hospital participation in and usage of HIOs 

and national HIE networks to enable various forms of exchange (send, receive, find) and on hospital perspectives 

related to barriers to interoperability.  In 2018, about 6 in 10 hospitals participated in at least one national health 

information network (57%) and a similar percentage (63%) reported they participated in a local, regional or state 

health information exchange. Few (15%) report they participate in none of these networks. About half of hospitals 

report they use HIOs for electronically sending (59%) and receiving (46%) summary of care records, whereas about 

one-third use national networks for summary of care record exchange.  Hospitals most commonly used HIOs for 

query-based exchange (46%).  However, small, rural, and CAHs were less likely to participate in national and state, 

regional or local health information networks compared to their counterparts.   

Julia Adler-Milstein, PhD (panelist) will present the results of the sixth national HIO survey related to participation 

and viability of HIOs and their readiness for and perspectives on TEFCA. Consistent with previous surveys, hospitals 

and ambulatory providers are the most common stakeholders engaged in providing and receiving/accessing data 

through HIOs. However, other key entities such as public health agencies and EMS were participants in at least half 

of HIOs. Common services included alerting and CCD exchange (>80% of efforts). Although 55% of HIOs planned 

to participate in TEFCA, 40% did not know if they would. Also relevant to TEFCA, just over half of efforts reported 

connecting to other HIE networks in their state and to HIE networks in other states. Two-thirds of HIOs connected to 

e-Health exchange, followed by DirectTrust (45%) and SHIEC Patient-Centered Data Home (40%); participation in 

other national networks was low (<15%). In terms of financial sustainability, half of efforts reported that revenue from 

participants covered operating costs. The top challenge, reported by 67% of efforts, was competition from health IT 

system vendors offering HIE solutions.  These results suggest that, while there are continued concerns about HIO 

financial viability and ability to compete with vendor-based HIE approaches, most are supporting a broad set of 

services for a range of participant types. Although a sizable number of HIOs remain uncertain regarding participation 

in TEFCA, many are connecting with each other and national networks, aligning with the TEFCA. 

David Kendrick, MD, MPH (panelist) will present results from the most recent survey he conducted with the 

members of the Strategic HIE Collaborative, which represents 77 of the largest and longest-standing HIOs in the 

nation, with an average of 11.2 years in operation. HIOs reported sharing significant volumes of clinical data, reporting 

more than 524 million CCDs, 2 billion ADT’s, 700 million lab and imaging results, and 53 million immunizations 

exchanged annually. This was achieved by significant HIO involvement in Federal and state programs including 

Medicaid (65%), State Improvement Models (40%), QCDR (28%), Accountable Health Communities Social Needs 

Screening and Intervention Program (23%), and CPC+ (23%). In addition to data exchange, HIOs reported providing 

a wide array of analytics services including alerting and monitoring reports (66%), public health reporting (63%), 

eCQMs (44%), high utilizer reporting (44%), care gaps (39%), risk assessment stratification (39%), claims measures 

(34%), and opioid monitoring (27%).  

Jordan Everson, PhD, MPP (panelist) will present the results from the sixth national HIO survey related to HIOs 

experiences with information blocking practices. In terms of information blocking prevalence, 56% of HIOs reported 

that some, most or all EHR vendors engaged in information blocking while only 24% of HIOs reported that some, 

most or all health systems engaged in information blocking. In terms of information blocking frequency, 29% of HIOs 

reported that EHR vendors often/routinely engaged in information blocking while 19% of HIOs said the same about 

health systems. The most common way that vendors engaged in information blocking was through price, with 42% of 

HIOs reporting that EHR vendors often or routinely used price as a form of information blocking; among health 

systems, the most common form of information blocking was refusal, with 15% of systems often or routinely refusing 

to exchange information. Rates of reported information blocking by vendors were significantly higher in markets with 

high levels of vendor competition, with 48% of HIOs indicating high levels of information blocking by vendors in 

competitive markets as opposed to 14% in markets with low levels of competition; the influence of competition on 

information blocking is less notable (38% and 19%). Taken together, these results indicate that, from the HIO 

perspective, information blocking remains prevalent, that EHR vendors are the primary actors engaging in information 
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blocking, and that they do so by setting high prices. Competitive local vendor markets appear to increase vendors’ 

willingness to engage in information blocking. 

Michael Berry (discussant) serves as ONC’s Policy lead on implementing TEFCA. He will provide a brief overview 

of the TEFCA and facilitate a participatory discussion with the panel and audience to address the role of HIOs 

currently, and in the future, with the implementation of the TEFCA.  Potential questions include: 

 What are providers’ participation in various forms of networks, including HIOs? Will TEFCA add to the 

complexity of exchange or simplify it for providers and for participants?  How so? 

 How is the role of HIOs evolving, and what does their role look like in the future with TEFCA? To what 

extent are state, local, and regional HIOs prepared to participate in the TEFCA?   

 What are current levels of information blocking and how does this vary between EHR vendors and health 

systems? How does competition affect information blocking as reported by HIOs? 

Topic Rationale  

The AMIA community is poised to be a leader in sharing guidance that helps the entire community advance health 

information exchange. It is therefore critical to share the latest national data to ensure broad awareness and solicit 

feedback about how ongoing work can be improved and extended for greater impact. The anticipated audience for 

this panel will be clinical informaticists across institutions including universities, industry, government, and 

healthcare delivery organizations, who can impact greater interoperability and exchange of clinical data.   

Statement of Agreement to Participate 

All panelists have approved of this submission and agreed to participate.  

  

Panel Participant Details 

Vaishali Patel, PhD, MPH. Senior Advisor, ONC, Washington, D.C. 

Julia Adler-Milstein, PhD. Director, Center for Clinical Informatics & Improvement Research. Associate 

Professor, Department of Medicine, University of California San Francisco 

Jordan Everson, PhD, MPP. Assistant Professor, Department of Health Policy and Department of Biomedical 

Informatics, Vanderbilt University School of Medicine, Nashville, TN 

David Kendrick, MD. MPH. Chair, Department of Medical Informatics at the University of Oklahoma and CEO 

MyHealth Access Network, Tulsa, OK 

Michael Berry. Program Manager, ONC, Washington, D.C. 
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Abstract 
 
Despite implementation of health information technology targeting medication safety, ambulatory adverse drug 
events (ADEs) prompt over four million people to seek medical care and result in $8 billion in health care 
expenditures annually.1-3 Communication between prescribers and pharmacies is critical to prevent ADE.  The 
National Council for Prescription Drug Programs’ (NCPDP) SCRIPT standard supports the functionality to send 
electronic prescription cancellations from EHRs to pharmacies, known as CancelRx.  Our panel will present novel 
research on and practical experience with CancelRx implementation from the perspectives of two health systems, a 
large retail pharmacy, and the NCPDP.    
 
Learning Objectives 
 
After participating in this session, the learner should be better able to: 
 

• Understand the benefits and challenges of CancelRx implementation in varied contexts  
• Describe different approaches to implementation and critical decisions made during implementation  
• Develop a plan for CancelRx implementation  
• Understand how the CancelRx e-prescribing standard will be modified and how to impact change 

 
Panel Description 
 
Research has demonstrated that implementation of health information technology needs to be thoughtfully 
conducted to maximize its benefits and minimize unintended consequences.  While CancelRx has been 
recommended as a tool to reduce medication errors, it has not been widely evaluated.4  Panel participants from two 
health systems and a large retail pharmacy will present their foundation and federally funded research and/or lessons 
learned from implementation of this technology, followed by a presentation on the ongoing changes to the CancelRx 
standard. 

Following an introduction to CancelRx by Mr. Oltman, each speaker in our diverse panel will present for 15 minutes 
on his or her experience with CancelRx implementation (Table).  This will be followed by 25 minutes of questions 
and panel discussion, moderated by Dr. Samantha Pitts.  
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Table: Panel Speakers, Topics, and Time Allocation 

Speaker Topic Time 

Oltman Introduction 5 minutes 

Pitts Implementation at Johns Hopkins 15 minutes 

Chui Implementation at the University of Wisconsin - Madison 15 minutes 

Akinwale Implementation at Walgreens 15 minutes 

Oltman The CancelRx standard 15 minutes 

All Panel discussion 25 minutes 

 
In the introduction, Mr. Oltman will explain the CancelRx transaction and discuss adoption of the transaction in the 
US.   Dr. Pitts, Dr. Chui, and Dr. Akinwale will address each of the following areas: 

• Their institution‘s approach to CancelRx implementation 
• The impact of implementation on workflow and efficiency 
• The benefits and unintended consequences of implementation 
• Lessons learned from implementation, including the implications for transitions of care and expansion to 

other health care settings, including private physician offices and independent pharmacies 

Specifically, Dr. Pitts will discuss pilot implementation of CancelRx at Johns Hopkins and its implications for the 
subsequent system-wide rollout; an analysis of medication discontinuations at Johns Hopkins and the implications for 
system-wide CancelRx implementation; a case study of an inpatient discharge medication workflow following 
CancelRx implementation; and the initial results of the impact of CancelRx on medication dispensing following 
intended discontinuation. 

Dr. Chui will discuss the full system-wide implementation of CancelRx at the University of Wisconsin Health; 
including a comparison of the medication discontinuations prior to and after implementation, a full cognitive task 
analysis from the clinic and pharmacy perspective, the vulnerabilities and consequences of CancelRx implementation.  

Dr. Akinwale will discuss pilot implementation at select Walgreens pharmacies followed by nation-wide roll-out, 
providing the retail pharmacy perspective on implementation, workflow impact, patient experience, lessons learned, 
and some key areas of opportunity to maximally harness the benefits of the CancelRx transaction. 

Following these presentations, Mr. Oltman will discuss the NCPDP’s CancelRx Task Group and how it has 
responded to lessons learned from CancelRx implementation, how the collaborative work of the Task Group is 
implemented in the national SCRIPT standard, and how attendees can be involved to drive change. 

Importance 

CancelRx has the potential to reduce medication discrepancies between EHRs and pharmacy management software, 
to reduce dispensing of medications after intended discontinuation, and thereby improve medication safety. However, 
optimal implementation of this functionality requires a detailed understanding of the complexity of e-prescribing 
overall and the CancelRx transaction specifically.  The lessons learned from CancelRx research and implementation 
will provide attendees with a robust understanding of CancelRx to inform their implementation and identify future 
health information technology needs to support multidisciplinary health care and improve medication safety. 
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Discussion questions  

• What are the benefits and unintended consequences that you identified in your implementation? 
• How did CancelRx implementation affect workflow? 
• How did the coordination (or lack of) between clinic and pharmacy workers either contribute to or hinder 

implementation? 
• How did you disseminate information about CancelRx to users in your institution? 
• How were individuals trained in the use of CancelRx? 
• What recommendations do you have for other institutions planning CancelRx implementation?  
• When CancelRx was implemented, not all community pharmacies accepted CancelRx. How did the health 

system address this, and then how did the health system adapt as more pharmacies started accepting 
CancelRx? 

• What changes to CancelRx have been made since go-live, and how where those changes informed? 
• How are you currently evaluating the effectiveness of CancelRx? 

Participation statement 

Dr. Samantha Pitts, Dr. Michelle Chui, Mr. Charlie Oltman, and Dr. Tolu Akinwale have agreed to take part on this 
panel if accepted.  
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Abstract 
Although the predictive accuracy of machine learning models in healthcare has dramatically increased, lack of 
interpretability continues to hinder their usefulness in clinical decision-making. User-centered design aligns a tool 
with an end user’s preferences, needs, and knowledge. Therefore, conducting user-centered design when developing 
techniques for presenting predictive models may improve interpretability, clinician trust, and clinician’s ability to 
explain the model to patients. This panel will discuss several projects in which user-centered design is being used to 
create and implement techniques for presenting predictive models to clinicians across a range of settings and clinical 
scenarios. Techniques include visualizations, dashboards, decision support systems, and specific model mechanisms. 
The panel will discuss the benefits and drawbacks of different tools and user-centered design methods used in this 
research. The audience will engage in discussions about the unique new challenges of current machine learning-
based predictive models, using traditional risk calculators as a counterpoint for discussion. 
  

Introduction 
A new generation of predictive models is rapidly emerging in clinical practice, supported by recent 

advancements in artificial intelligence and machine learning (ML). The new ML-based models differ substantially 
from traditional rule-based risk calculators commonly used to support clinical decision-making. Although ML-based 
models have greatly improved predictive accuracy1, clinicians frequently mistrust them because of challenges 
understanding how ML-based models generate outputs, commonly known as the "black box problem." As a result, 
the superior predictive ability of ML-based models has been slow to translate into improved health outcomes2. 

Acknowledgement of the "black box problem" and attention towards developing methods that improve 
explainability has recently increased. Novel interpretability methods such as LIME3 and SHAP4 have improved insight 
into predictions. However, questions remain whether these methods generate explanations sufficient for use in clinical 
care, and there exists little practical guidance for presenting ML-based models, their interpretations, and their outputs 
to clinicians to support decision-making. Early work has explored graphical score charts, nomograms, and web 
applications, but the evidence regarding the effectiveness of these strategies has been mixed. 

User-centered design, which involves developing tools that closely align with the unique needs, preferences, 
and knowledge of end users5, presents a promising direction for better aligning presentation of ML-based models with 
clinician needs. User-centered design may improve interpretability of ML-based models by uncovering the complex 
synthesis of patient health information and model outputs that clinicians regularly perform when providing care6. 
Additionally, user-centered design affords opportunities to bolster clinician understanding, explainability, and trust in 
ML-based models, which recent research shows are intricately related7. Furthermore, clinician understanding, 
explainability, and trust influences clinicians’ ability to explain decisions supported by predictive models to patients, 
which is critical to ensure patient-centered care. 
  

General Description of Panel and Objective 
Highly accurate ML-based predictive models are rapidly emerging in healthcare, but interpretability of these 

models has been a major barrier to widespread implementation in the healthcare system. We will discuss several 
projects in which clinicians and other end-users were deeply integrated into the development of tools presenting the 
output of predictive models through user-centered design methods. We expect that the discussion will explore the 
intricacies of user centered design in the complex and occasionally controversial area of clinical prediction and provide 
practical guidance for future projects. By the end of this panel, participants will be able to: 

● Identify how predictive algorithms may be used in healthcare to support clinical decision-making 
● Identify different presentation formats that may be used to present predictive models to end users 
● Describe methods for user-centered design of presentation formats 
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Intended audience 
Predictive models have become widespread in academic and industry research, and there has been increasing attention 
to integrating model outputs into health decision-making. Therefore, the topic is pertinent for informatics researchers, 
administrators, and clinicians in industry, academia, and healthcare. 
  

Interactivity 
This panel will incorporate multiple features to facilitate engagement and interaction with the audience, including 
demonstrations of the panelists’ tools for presenting predictive algorithms to clinicians, live audience polling using 
Poll Everywhere, and a moderated discussion. The discussion will use traditional risk calculators as a familiar 
counterpoint for discussing the unique new challenges of current ML-based predictive models, such as: 

● How does display of newer ML models differ (or not) from display of traditional risk calculators? 
● What lessons from research on displaying traditional risk calculators can be informative in efforts to display 

newer ML models, and which do not translate? 
  

The Panel 
Dr. Nat Benda will introduce the results of a recent study interviewing key stakeholder groups regarding their needs 
for the implementation of a predictive algorithm8. The lessons learned from this study will serve as a common 
framework throughout the panel. Key facets of this framework for predictive algorithm design include presenting 
actionable information, incorporating predictions and related actions into current workflows, ensuring there are 
sufficient resources to undertake related actions, as well as establishing trust, credibility, and interpretability of the 
predictive algorithm.  

Dr. Benda is a Postdoctoral Associate in the Division of Health Informatics, Department of Population Health 
Sciences (PHS) at Weill Cornell Medicine (WCM). Dr. Benda is an expert in user-centered design and has several 
publications in top clinical and scientific journals (JAMA, Annals of Emergency Medicine, JAMIA) related to the 
design of clinician-facing health information technology. Her work has been funded by the National Science 
Foundation (1117218) and the Charles and Mary Latham Foundation. 
  

Dr. Fei Wang will discuss the algorithmic research on improving the interpretability of “black box” models. In 
particular, two particular schemes, intrinsic interpretability (e.g., adding attention mechanism in deep learning models) 
and postdoc interpretability (e.g., knowledge distillation), will be introduced. Potential issues of the state-of-the-art 
interpretation techniques, such as stability/reliability and security, will also be discussed. Furthermore, Dr. Wang will 
discuss the implications of model interpretability to FDA regulations. 

Dr. Wang is an Associate Professor in the Division of Health Informatics, Department of PHS at WCM. His 
major research interest is health data analytics. He has published more than 200 papers on the top conferences and 
journals in medical informatics and data mining/machine learning/artificial intelligence and received over 110,00 
citations so far. Dr. Wang is the chair of the AMIA Knowledge Discovery and Data Mining Working Group. 
  

Dr. Meghan Reading Turchioe will discuss the development of a visual dashboard displaying a novel postpartum 
depression (PPD) risk prediction algorithm our team developed9 in clinical practice. Postpartum depression (PPD) is 
common yet often goes undetected and untreated, causing severe adverse effects for mothers, babies, and their 
families. Dr. Reading Turchioe will discuss the iterative, user centered design process undertaken to develop this 
dashboard. She will display the high fidelity, interactive mockups used in these sessions, and also discuss pertinent 
instruments for objectively assessing the interpretability of visualizations displaying predictive algorithms, including 
comprehension, risk perception, and behavioral intention. Finally, she will discuss a planned feasibility study 
introducing the algorithm in clinical care at NewYork-Presbyterian Hospital. 

Dr. Reading Turchioe is a Postdoctoral Associate in the Division of Health Informatics, Department of PHS 
at WCM. In her research, she uses user-centered design methods and draws on her clinical nursing experience to 
design, develop, and implement technologies that aim to improve chronic disease management and facilitate shared 
decision-making. Her research conducting user-centered design of visualization-based interfaces has been featured in 
top medical and informatics journals including JAMIA, ACI, IJMI, and Journal of the American Geriatrics Society, 
and supported by the National Institutes of Health (F31NR017313). 
  

Ms. Lisa Grossman Liu will present a responsive web application that allows healthcare providers to interact with 
and visualize readmission risk predictions (Figure). This web application goes beyond simple display of predictions 
to enable providers to interact with features and the clinical time course to develop targeted, patient-specific 
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interventions. The underlying model 
[Columbia University’s CLinically 
Explainable and Actionable Risk 
(CLEAR) model] is a temporal recurrent 
neural net that uses unique segmentation 
and attention weights to improve 
individual-level interpretability. The web 
application incorporates an active 
learning component to refine predictions 
and improve interpretability over time. 
The web application and model have been 
selected as semifinalists for the Centers 
for Medicare and Medicaid Services 
Artificial Intelligence Challenge. 

Ms. Grossman Liu is an MD-PhD candidate at the Department of Biomedical Informatics, Columbia 
University, New York, NY. She is enthusiastic about using visual design to improve how doctors and patients interact 
with computers. Before pursuing her degree, she founded and directed a for-profit design collaborative, active over 8 
years in multiple countries. Her work is supported by the National Library of Medicine (F31LM013054).  

 

Dr. Kristen Miller will discuss clinical decision support that integrates electronic health record and clinical expertise 
to diagnose and accurately risk-stratify patients within the sepsis spectrum. The aims of the project were to develop 
data-driven models using ML to classify patients according to their clinical progression to diagnose sepsis and predict 
risk of deterioration, thus informing therapeutic actions; develop personalized intervention policies for patients within 
the sepsis spectrum; and develop decision support systems to personalize interventions focusing on resource 
implications and usability. 

Dr. Miller is the Scientific Director of the National Center for Human Factors in Healthcare at MedStar 
Health, an Associate Professor of Emergency Medicine at Georgetown University School of Medicine, and Affiliate 
Faculty at the Georgetown Medical Center Innovation Center for Biomedical Informatics. Dr. Miller is a clinically 
oriented human factors researcher focusing on medical decision making, informatics, and the assessment of medical 
interventions with an emphasis on usability, human error, and patient safety. Her portfolio includes federally funded 
work from the National Institutes of Health, Agency for Healthcare Research and Quality, Office of the National 
Coordinator for Health Information Technology, and National Science Foundation. 
  
Panel Organizer Statement: All participants have agreed to participate in this panel. 
Conflicts of Interest: Dr. Reading Turchioe is affiliated with Iris OB Health Inc. and has equity ownership. 
Acknowledgements: The described research was supported by the National Library of Medicine (F31LM013054; R01LM012300, 
PI-Miller), National Science Foundation Smart and Connected Health (Award Number: 1522072), and the Kellen Foundation (PI-
Masterson Creber). The content is solely the responsibility of the authors and does not represent the views of these agencies. 
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Abstract 

The Centers for Disease Control and Prevention (CDC) Public Health Informatics Fellowship Program (PHIFP) 

Info-Aids provide service-learning opportunities for informatics professionals to transform data into public health 

action. Info-Aids are short-term technical assistance provided by PHIFP fellows to requesting agencies that meet 

crucial informatics needs. This panel will showcase Info-Aids that provided informatics expertise in federal, state, 

local, territorial, and global settings and include the following projects: (a) From Big Data to Big Decisions on 

Medicaid Reporting, Integration, and Expansion for Public Health in Utah; (b) Value of a Centralized Registry in 

Low Resource Settings: Acute Rheumatic Fever and Rheumatic Heart Disease Prevention and Control in American 

Samoa; (c) A Quest For New Data Sources To Improve National Immunization Coverage: Data Source Comparison 

Dashboard; (d) Data — the prevention and treatment tool for The Carter Center’s Chad Guinea Worm Eradication 

Program; and (e) NMRS Monitor: Nigeria's journey towards successful EMR implementation. 

 

Learning Objectives 

1. Describe how Info-Aids function as a service-learning informatics workforce development approach. 

2. Provide examples of Info-Aid service and learning in federal, state, local, territorial, and global settings. 

3. Discuss strategies used in the Info-Aid projects that can be employed to establish informatics problem solving 

methods and tools for urgent informatics needs. 

 

Panel Moderator (Degree and Affiliations):  

1. Faisal Reza, MS, PhD, CSELS, Division of Scientific Education and Professional Development, Center for 

Surveillance, Epidemiology and Laboratory Services, CDC, Atlanta, GA, USA. 

 

Panel Participants (Degree and Affiliations):  

1. Pradeep Podila, MS, MHA, PhD, Division for Nutrition, Physical Activity, and Obesity, National Center for 

Chronic Disease Prevention and Health Promotion, CDC, Atlanta, GA, USA. 

2. Mayer Antoine, MS, Division of Global HIV and TB, Center for Global Health, CDC, Atlanta, GA, USA. 

3. Saugat Karki, MD, MS, Division of STD Prevention, National Center for HIV/AIDS, Viral Hepatitis, STD, and 

TB Prevention, CDC, Atlanta, GA, USA. 

4. Adebowale Ojo, PhD, Division of Global HIV and TB, Center for Global Health, CDC, Atlanta, GA, USA. 

 

Panel Description (general description of the panel, issue(s) that will be examined, brief description of each 

panelist's presentation) 

This panel will showcase CDC’s Public Health Informatics Fellowship Program (PHIFP) Info-Aids short-term 

informatics assistance projects that provided service in federal, state, local, territorial, and global settings while 

contributing to informatics workforce and capacity development. The panel will present the public health and medical 

informatics contexts, solutions approaches, and impacts of Info-Aid projects. The panel will demonstrate how PHIFP 

fellows applied their informatics skills to assist domestic and international agencies meet urgent public health needs. 

A brief description of each presentation is provided below. 
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Panel Presentation 1  

From Big Data to Big Decisions on Medicaid Reporting, Integration, and Expansion for Public Health 

in Utah 

Public health is a collaborative, problem-solving endeavor. The Utah Medicaid (UM) Super-Utilizers Project 

is a collaboration between the Utah Department of Health (UDOH) and PHIFP fellows. The project aims to 

control costs and improve health outcomes for super-utilizers, one of the most vulnerable Medicaid 

beneficiaries. These super-utilizers have complex, unaddressed chronic or mental health conditions and 

account for a substantial portion of health care expenditure in Utah. In September 2018, the CDC PHIFP 

team, including a PHIFP fellow and a health scientist, assisted UDOH and UM to improve UM reporting 

mechanisms that support data-driven decision making, and evaluate effects of integrating behavioral and 

physical health coverage for Medicaid members who are in fragmented systems of care with separate 

coverages for physical and behavioral care. The team used collaborative and informatics problem-solving 

methods to develop a decision support process and toolkit that offered a systematic, tailored approach to 

achieve stakeholders’ objectives. They combined teaching and applied activities, such as developing 

operational workflows for big data and scrum stand-up meetings for tasks. The toolkit also included rapid 

requirements assessment to establish a shared problem definition, evaluation of UM data warehouse and 

systems, analysis of successful integration models of physical and behavioral health, and inventory of 

proposed metrics and indicators of evaluation of Medicaid integration success. These methods enabled 

UDOH and UM to more fully model and visualize Utah’s Medicaid data that had segregated physical and 

behavioral health services. These methods also helped align decisions with the need for future integrated 

services during Medicaid expansion in Utah. Other jurisdictions, organizations, and personnel can use these 

collaboration and problem-solving methods to respond effectively with big data-driven decisions on the 

health of populations served. 

 

Panel Presentation 2  

Value of a Centralized Registry in Low Resource Settings: Acute Rheumatic Fever and Rheumatic 

Heart Disease Prevention and Control in American Samoa 

Surveillance is the cornerstone of public health practice. Public health agencies rely heavily on surveillance 

data to estimate the magnitude of specific population health problems to inform key stakeholders, guide 

development of interventions or policy changes, and strategize future research initiatives. The ability to 

generate better surveillance estimates is often hampered by the non-availability of key information in a timely 

manner and this concern can be amplified in low-resource settings because of the inability to accurately 

reconcile data from siloed data sources and technological challenges. This presentation highlights PHIFP’s 

assistance in a low resource setting such as American Samoa to manage the public health response to acute 

rheumatic fever and rheumatic heart disease (ARF and RHD) in the territory. The audience will learn about 

informatics challenges, rapid-cycle methodology used to identify and collate crucial data sources toward 

estimating RHD prevalence. Also, how stakeholder interviews were used to generate recommendations to 

establish a centralized registry to prevent RHD to improve data availability and track individuals over time 

(e.g., patients who have been lost to follow-up or discontinued their bicillin shots for over a year) to halt 

disease progression and prevent RHD. 

 

Panel Presentation 3 

A quest for new data sources to improve national immunization coverage: Data Source Comparison 

Dashboard 

The Immunization Services Division (ISD) of the National Center for Immunization and Respiratory 

Diseases (NCIRD) relies primarily on national surveys to estimate vaccination coverage at the national and 

state levels. Response rates for telephone surveys have been declining, which raises concern about use of 

surveys to accurately estimate coverage. Additionally, providing weekly influenza coverage data is expected 

to help improve CDC’s, awardees’, and partners’ activities, increase interest and motivation of the public, 

and increase vaccination uptake among recommended groups. ISD has been tasked with developing a weekly 

flu vaccination coverage dashboard to accompany CDC’s Flu View dashboard that uses a combination of 

claims, survey, and other existing datasets. The Info-Aid's goal was to support the dashboard development 

through evaluation of new and existing data sources, including data adjustments. Using PowerBI, a data 

visualization software, we developed a dashboard to enable comparison of vaccination coverage from each 

data source by flu season, state, age group, and place of vaccination, and we drafted a profile document for 

claims data, which describes the data and methodology used to calculate coverage. 
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Panel Presentation 4 

Data - The prevention and treatment tool for The Carter Center’s Chad Guinea Worm Eradication 

Program 

This presentation will demonstrate development of a multiphase data collection and management strategy 

and a road map to support information system modernization for The Carter Center’s Chad Guinea Worm 

Eradication Program. After a decade of no reported cases of Guinea worm disease, Chad reported human 

cases in 2012. No vaccines or medications are available to treat Guinea worm disease. The most effective 

methods to prevent transmission is isolating afflicted individuals and preventing release of the worm into 

water-bodies, health education and promotion, and chemical treatment of water-bodies. Accurate and timely 

data is crucial to guide all these strategies. An Info-Aid was requested to evaluate methods of collecting, 

managing, storing, and using data by the program. Findings were used to identify redundancies and 

streamline these processes and improve data quality and timeliness. 

 

Panel Presentation 5 

NMRS Monitor: Nigeria's journey towards successful EMR implementation 

This presentation will demonstrate business process modelling as a method to guide the development and 

implementation of The Nigeria medical records system (NMRS) Monitor. NMRS is a single platform 

national electronic medical records (EMRs) system jointly developed by four CDC-funded implementing 

partners (IPs). IPs have deployed an NMRS in approximately 1,000 CDC-supported health facilities. Given 

the scale and dynamic nature of the EMR implementation project, a need has been identified for CDC and 

the Government of Nigeria to monitor the implementation process at the national level. In response to this 

need, CDC’s Nigeria office sought an Info-Aid to develop NMRS Monitor, a tool for monitoring NMRS 

deployment and implementation across all supported facilities. 

 

These Info-Aids demonstrate innovative application of informatics methods and tools to deliver accurate, accessible, 

and actionable health information to improve population health outcomes in federal, state, local, territorial, and global 

settings. The Info-Aids also highlight long-term and short-term benefits of such projects in informatics capacity 

development and service delivery. 

 

Panel Priorities (an explanation why the topic of this panel is timely, urgent, needed, or attention grabbing is 

required with a discussion of anticipated audience) 

Public health agencies collect and use data from different sources to prevent disease and promote health. A skilled 

informatics workforce is required to transform data into public health action. These Info-Aids demonstrate the solution 

approaches and lessons learned by PHIFP fellows when responding to urgent public health and medical informatics 

problems. In addition, the panel also illustrates the service-learning model that can be adapted for informatics 

workforce capacity development by other public health and medical informatics practitioners and organizations. 

 

Panel Discussion Questions (a list of questions to enhance audience participation) 

1. Keyword - Education and Training: 

How did the service-learning education and training model of Info-Aids fill a critical need in informatics 

workforce development? 

2. Keyword - Informatics Implementation: 

What are the potential improvements, changes, and enhancements to informatics workforce development 

activities, given the experiences from the informatics implementations of these activities? 

3. Keyword - Global Health: 

What were the insights and lessons learned from these Info-Aid projects from various stakeholder perspectives 

(partner organizations, fellows, supervisors, communities) in federal, state, local, territorial, and global 

settings? 

 

Panel Participation Statement 

All panel presenters have agreed to take part on the panel. 

 

Panel Disclosure Statement 

The findings and conclusions in these panel presentations are those of the presenters, and do not necessarily represent 

the official position of the CDC. The presenters declared no conflict of interest. 
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Early Experiences of the Cancer Moonshot’s IMPACT Consortium in 

Implementing Patient Reported Outcomes for Cancer Symptom Management 
 

Joshua E. Richardson, PhD, MS, MLIS1; Ashley Wilder Smith, PhD, MPH2; Andrea L. 

Cheville, MD3, Michael Bass, MS4; Michael Hassett, MD, MPH5 
 

1RTI International, Chicago, IL; 2National Cancer Institute, Bethesda, MD; 3Mayo Clinic, 

Rochester, MN; 4Northwestern University, Chicago, IL; 
5Dana-Farber Cancer Institute, Boston, MA 

Abstract 

 
As part of its Cancer MoonshotSM, in 2018 the National Cancer Institute established an initiative to fund a consortium 

that aims to improve the monitoring and management of patients’ cancer-related symptoms using informatics 

solutions. The consortium, Improving the Management of symPtoms during And following Cancer Treatment 

(IMPACT), is comprised of three research centers and a coordinating center that are tasked with collecting and 

sharing symptom data from across the cancer care continuum – at the point-of-care in oncology clinics and via remote 

settings – and evaluating the effects that cancer-related symptom management tools and data have on patients, 

through cancer informatics interventions including patient-directed mobile health interventions and symptom-based 

clinical decision support tools. This panel will highlight their challenges and solutions they have encountered. 

Learning objectives include understanding current issues with developing and implementing systems for tracking 

cancer-related symptoms and using decision support tools for effective supportive care and symptom management. 

 

Significance 

 

Cancer-related symptoms such as fatigue and pain are key indicators and outcomes in cancer care, yet patients and 

clinicians traditionally have had limited access to symptom data and electronic monitoring and management tools. A 

timely and urgent area of research is looking at ways informatics can support symptom management such as remote 

screening tools, symptom decision support tools embedded into electronic health records (EHRs), and tools that 

support care coordination among patients, oncologists, and clinical staff.1
 Particular challenges in cancer informatics 

for symptom management include patients’ and caregivers’ access to cancer-related information, navigating medical 

records, and receiving support for when to contact clinicians (or not).2 Multiple stakeholders would benefit from 

informatics research that identifies effective ways to develop, implement, and scale symptom management solutions 

that improve the delivery of cancer care. 

 

As part of the Cancer MoonshotSM, the National Cancer Institute (NCI) funded a research consortium to test systematic 

efforts for improving cancer symptom control across multiple oncology settings. This consortium, Improving the 

Management of symPtoms during And following Cancer Treatment (IMPACT),3
 funds three research centers 

(supported by one coordinating center and NCI scientists) that are conducting pragmatic trials in oncology settings, 

leveraging informatics-based solutions for collecting and routinely assessing symptoms based on data that include 

electronic patient reported outcomes (PROs), integrating symptom-based clinical decision support (CDS), and 

integrating those data into care pathways to improve symptom management and patient health outcomes. Clinical and 

research data from EHRs (Epic Systems Incorporated, Verona, WI) and supporting systems will be aggregated into a 

publicly-accessible data commons to enable consortium-level statistical analyses. Key to the effort is having the 

informatics-based interventions (informed by patients and providers) deployed and evaluated according to concepts 

from the field of implementation science; more specifically, the Consolidated Framework for Implementation 

Research.4 Through an implementation science-based approach, IMPACT intends to further the body of evidence and 

promote best practices for scaling and spreading effective cancer informatics interventions for symptom management.  

 

General Description of the Panel 

 

This panel will present how IMPACT projects are deploying informatics-related solutions for supporting symptom 

management in cancer care and share with audience members the consortium-wide lessons learned to date. Ways in 

which projects are carrying out those efforts include (but are not limited to) automated means such as InfoButtons to 

provide patient-specific and validated self-management education materials for symptoms; CDS to direct oncologists 
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and nurses to PRO data and symptom management tasks during patient encounters; and a smartphone-based 

intervention that enables patients to report their symptoms in real time and have those data integrated into EHRs. Just 

some of the lessons learned that the panelists will be prepared to consider are issues around the need to tailor cancer-

centered CDS to address the variability of patients’ needs and values (including vulnerable populations), delivering 

actionable symptom data to providers within workflows, and importantly how they are responding to meet multi-

faceted needs that arise from COVID-19. Potential future efforts may lie in more robust test platforms with which to 

evaluate system performance prior to real-world implementations. 

 

The panel will be organized as follows to allow audience discussion for one-third of the session time: 

 

Time Speaker Topic 

8’ Richardson Introduction of the panelists 

13’ Smith Briefly review the Cancer MoonshotSM, IMPACT’s aims, and how IMPACT supports NCI’s 

broader vision 

13’ Cheville Review of the E2C2 project to integrate PROs for improved self-management of cancer-

related symptoms 

13’ Bass Review of the NU IMPACT project and its use of InfoButtons to help patients manage 

cancer symptom severity 

13’ Hassett Present SIMPRO’s development, implementation, and use of eSyM – an integrated and 

extensible set of tools built within Epic to help patients and clinicians manage cancer 

symptoms 

30’ Richardson Lead discussion, Q&A with audience 

 

Learning Objectives 

 

1. Understand the current issues in developing and implementing health IT that facilitates PROs for monitoring 

and managing cancer-related symptoms. 

2. Learn about new approaches to developing and implementing patient- and clinician-facing tools to enable 

the effective use of symptom data to coordinate cancer care. 

3. Learn how research centers are applying implementation science-based study designs to evaluate the effects 

of health IT for symptom data in oncological care pathways. 

 

Individual Speaker Contributions 

 

Joshua E. Richardson, PhD, MS, MLIS: Dr. Richardson will introduce the panel participants to frame the 

importance and challenges with integrating symptom data into cancer care, describe IMPACT’s goals, then lead the 

discussion after panel presentations. 

 

Ashley Wilder Smith, PhD, MPH: Dr. Smith will frame the importance and challenges with integrating symptom 

data into cancer care by describing NCI’s goals for IMPACT. 

 

Andrea L. Cheville, MD: Dr. Cheville will describe her team’s efforts to implement cancer-related symptom data 

into care workflows at affiliated clinics and evaluate their effects on cancer-related sleep disturbance, pain, anxiety, 

depression, and fatigue, as well as functional decline. 

 

Michael Bass, MS: Mr. Bass will present NU IMPACT’s efforts to integrate PROs into care workflows with an 

emphasis on addressing the technological challenges and solutions they have developed. 

 

Michael Hassett, MD, MPH: Dr. Hassett will provide an overview of SIMPRO’s multi-site effort to implement an 

intervention (eSyM) that gathers patient symptom data, allows patients to view past symptom reports, provides 

patients with self-management tip sheets, presents patient symptom data to clinicians, and supports clinician 

management of patients reporting severe symptoms.  

 

Discussion Questions 
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There is growing interest in informatics-based solutions to promote more effective symptom management in cancer 

care, such as patient-specific cancer educational materials and oncologist-facing CDS. However, the development and 

implementation of such interventions is still in their nascent stage and so lessons from the field can inform new and 

best practices. We expect the audience will want to engage the panelists in discussions on approaches for effective 

implementation of cancer-related symptom management tools. The discussion questions include:  

 

1. What are the challenges for managing and monitoring cancer symptoms that informatics can address? 

2. What are strategies to effectively engaging patients with cancer to generate accurate and reliable PROs? 

3. How may symptom data be effectively integrated into oncology care that support clinical decision-making? 

 

The panel will be prepared to discuss additional topics with the audience that include their informed perspectives on 

applying implementation science methods for evaluating informatics interventions, better targeting patient-facing 

materials to patients with recent cancer diagnoses and formatting those materials in ways that mitigate any stigma or 

scare, and considerations as to how IMPACT experiences can contribute to informatics frameworks for implementing 

and evaluating future interventions that support cancer symptom management. 

 

Anticipated Audience 

 

The anticipated audience includes clinicians, patients, researchers, and informatics professionals who have an interest 

in cancer informatics including implementation strategies, PROs, and CDS. Given the national priority represented 

by the Cancer MoonshotSM, the panelists’ experiences provide timely and needed insights to implementing and scaling 

systems for managing symptoms in cancer care.  

 

Attestation 

 

The organizer has assurances from all participants that they will be available to participate at the Annual Symposium. 

 

Conclusion 

 

IMPACT is a multi-center consortium that started in 2018 in order to implement and evaluate system-level strategies 

for managing symptoms within routine clinical care. IMPACT grantees must develop a variety of informatics-based 

solutions in order to achieve grantee-specific aims as well as achieve consortium-level goals for disseminating 

evidence-based informatics implementation strategies for cancer symptoms. The panelists will discuss their 

experiences and efforts with developing and implementing symptom management tools and highlight the solutions 

and challenges they encounter.  
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Abstract  

The emerging health application programming interface (API) ecosystem brings opportunities to enable electronic 
health data sharing for care and research. However, it is important to ascertain how the current infrastructure can 
deliver on this opportunity and what barriers could impede uptake. Accordingly, the Office of the National 
Coordinator for Health Information Technology (ONC) led collaborative efforts to understand the availability and 
use of Health Level Seven (HL7®) Fast Health Interoperability Resource (FHIR®) APIs and third-party mobile 
applications (apps) for sharing of electronic health data. APIs leveraging FHIR® resources are available to extend 
capabilities of electronic health records, meet requirements of ONC’s and the Centers for Medicare & Medicaid 
Services final regulation, and meet the goals of the 21st Century Cures Act. This panel will discuss real-world 
experiences leveraging APIs and third-party apps to exchange electronic health data for use by patients and providers, 
including participants in the Sync for Science pilot conducted with the All of Us Research Program. Panelists will 
bring API implementation perspectives from government, providers, researchers, and health IT and app developers; 
health system preferences and policies; and EHR vendor and app developer requirements that extend beyond 
implementation of standards for interoperable data exchange. 

Introduction 

The Health Information Technology for Economic and Clinical Health (HITECH) Act, enacted as part of the American 
Recovery and Reinvestment Act of 2009,1 helped spur broad-based adoption of certified electronic health record 
(EHR) technology across the United States.2 According to the ONC 2018 Report to Congress on the Adoption of a 
Nationwide System for the Electronic Use and Exchange of Health Information,3 96 percent of non-federal acute care 
hospitals and 78 percent of office-based physicians adopted certified health IT. While this has enabled digitization of 
health information and relevant health care services, seamless sharing of electronic health information with patients, 
caregivers, or amongst providers is still not ubiquitous. To address issues with access to health information, Congress 
enacted the 21st Century Cures Act (Cures Act) in 2016.4 The Cures Act strengthens ONC’s mandate to improve 
interoperability and, in particular, directs ONC to “engage in rulemaking to drive patient, clinician, and payer access 
to clinical data by advancing proposals related to Application Programming Interfaces (APIs).” The release of ONC’s 
final rule5 on March 9, 2020 focuses on establishing APIs for several interoperability purposes and requires that 
patients can electronically access all of their electronic health information (EHI), structured and/or unstructured, at no 
cost and without special effort. In addition, to further support access and exchange of EHI, the rule implements the 
information blocking provisions of the Cures Act. Further, ONC’s National Health IT Priorities for Research: A Policy 
and Development Agenda,6 specifically identifies improved access to interoperable electronic health data thru the use 
expanded standards-based APIs as a key priority that will advance individuals ability to share their health information 
with researchers. Other Federal agencies such as the National Institutes of Health (NIH), Food and Drug 
Administration (FDA), and the Veterans Health Administration (VHA), are equally interested in promoting 
interoperability and the use of standards-based approaches to support research, drug and device approvals, and post-
marketing surveillance.7  

An early use case of this functionality was the Sync for Science8 pilot project, which leveraged Substitutable Medical 
Applications, Reusable Technologies (SMART) on FHIR® standards allowing participants to share EHR data with 
the All of Us Research Program via an app. This initial pilot paved the way for the development of additional use cases 
such as sharing EHR data with health aggregator apps such as Apple Health and 1upHealth, to name a few. As the 
health care industry continues to expand its use of third-party apps, it is important to consider the technological and 
organizational barriers and challenges, privacy and security concerns, implementation drivers and other factors that 
influence how and which apps are promoted in the healthcare marketplace.9 Therefore, ONC led an environmental 
scan and analysis of available third-party apps, which showed that there is a steady increase in the number of apps 
being developed using FHIR® for use in the provider and research community.10 In addition, health IT developers are 
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promoting their third-party app availability in their respective app galleries for customers to consider which to 
implement. However, there continues to be a lack of transparency in the real-world availability and functionality of 
the use of APIs developed for patients to access and share health data with an app of their choice.     

Panel Objectives and Presenters 

The aim of this panel is to gather insights from the government, provider, researcher, app developer, and EHR 
developer perspectives on the use of APIs and third-party apps for the purposes of health data exchange and research. 
The panelists will share their experiences as they have worked to promote the adoption of API technologies and each 
bring their own valuable perspective to understanding the issues that face organizations as they consider deploying  
apps in their environments. The panelists will articulate the business drivers that impact patients, providers, 
researchers, EHR and app developers and how their API deployment strategies align with federal policy and industry 
drivers towards a more transparent, interoperable and standards-based healthcare ecosystem.  

Ms. Anita Samarth (moderator), the CEO of Clinovations GovHealth, will introduce and moderate the session and 
facilitate 25 minutes of audience engagement, questions, and feedback. Ms. Samarth has implemented health IT at 
over 200 provider organizations and will highlight experiences of provider organizations enabling APIs.  

Mr. Kevin Chaney (panelist), a Senior Program Manager in ONC’s Chief Scientist Division, will provide an overview 
of ONC’s priorities and their relation to APIs to enable data sharing, lessons learned and emerging themes to improve 
standards-based API use. Mr. Chaney will discuss findings from ONC efforts to review third-party app galleries and 
landscape of API use in the field. He will discuss ONC efforts to develop tools and resources to support improved 
transparency for providers, patients, researchers, and health IT developers. 

Dr. Dave Levin (panelist), a Co-founder and Chief Medical Officer of Datica, a data integration and cloud compliance 
platform to connect EHRs with third-party applications. Dr. Levin formerly served as the Chief Medical Information 
Officer (CMIO) at Cleveland Clinic Health System and Sentara Healthcare. He will discuss both the API management 
vendor and provider perspective on using APIs and creating a platform that supports connecting third-party 
applications with EHR data.  

Mr. Adam White (panelist), Strategic Platform Leader, Cerner Open Platforms, will discuss Cerner’s app developer 
program and their work with expanding the use of standard-based APIs for provider-facing and patient-facing apps. 
Adam has spent nearly a decade in working in the healthcare technology industry as a consultant, architect, business 
owner, and platform leader focusing on medical device & IoT integration, SMART on FHIR® app workflows and 
broader EHR interoperability, along with developing health system app and API governance structures.   

Mr. Ricky Sahu (panelist), the CEO of 1upHealth, will share the app developer perspective as a leader in health data 
aggregation, working to consolidate EHR data from multiple systems, and working on integration with multiple EHR 
systems. Mr. Sahu will discuss experiences in integrating with different EHRs and provider organizations that adhere 
to the same interoperability standards. 

Panel Discussion Questions 

• Describe your experience to promote the adoption of patient-facing APIs and third-party apps in your 
organization? What do you see as the biggest incentive or barrier to further adoption of patient-facing APIs? 

• Is the health IT ecosystem keeping pace with the utilization of APIs? Are efforts by consumer technology 
companies spurring a more robust app ecosystem? Are there additional business drivers needed to incentivize 
companies to develop more patient-facing apps?  

• How does the experience of provider organizations and app developers differ when implementing patient-facing 
versus provider-facing APIs? 

• What technical and policy needs or gaps have been identified through your work that limit the adoption of 
standards-based APIs? What additional technical and operational validation do EHR vendors, provider 
organizations, and app developers require that exceed implementation of FHIR specifications? 

• What educational tools and resources are available or needed: (1) for patients to know what apps are available 
that connect to their provider’s EHRs? (2) for provider organizations to know what apps are validated to connect 
to their EHRs and other health IT systems? 
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Panel Learning Objectives 

• Participants will learn the specific policy initiatives and industry drivers for the promotion of standards-based 
APIs, for promoting data access and sharing for research.  

• Participants will have an improved understanding of the implementation steps to enable real-world API 
connectivity to third-party applications and learn about available tools and resources to increase adoption. 

• Participants will engage with panelists in the discussion and share feedback and experiences implementing and 
utilizing APIs and apps in their clinical, patient, and research communities. 

• Participants will learn how to navigate the various application galleries available in the market and provide input 
on needed transparency to address gaps. 

Conclusion 

The advancement of standards-based APIs and third-party apps in the clinical and research environments are a 
significant step towards achieving greater availability and use of health data for clinical care and research activities. 
Understanding how EHR developers, app developers, and provider organizations work together to leverage a 
collective knowledge base will be fundamental in creating a more transparent and open process towards greater 
adoption of these technologies. Given the recent release of ONC’s final rule, providers, EHR developers and other 
key industry stakeholders will need to work towards improving and expanding API connectivity, third-party app 
availability, and expanded data sets to include all required EHI data elements to comply with the rule. 

Statement of Participation 

Each of the panelists and the moderator have confirmed that they will participate if this submission is accepted, at the 
assigned timeslot during the Annual Symposium. 
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Career Pathways in Industry for Biomedical Informaticians 
Moderator: Elisabeth L. Scheufele, MD, MS1 

Panelists: Marion Ball, EdD2, Jason G. Cooper, MS3,  

Judy Murphy, RN1, Matvey B. Palchuk, MD, MS4  
1IBM Watson Health, Cambridge, MA; 2University of Texas, Arlington, TX; 3Healthcare 

Management Systems, Irving, TX; 4TriNetX, Cambridge, MA;  
Abstract 

Individuals with biomedical informatics training are increasingly being sought by technology companies pursuing 

opportunities in healthcare. In this panel, an experienced group of biomedical informaticians describe the wide variety 

of roles in the healthcare technology industry including product development, scientific evaluation, and executive 

leadership. Participants will address the transition from academics to industry, the tension in balancing business 

priorities with scientific rigor, and the keys to success in an industry career. The advantages and challenges of 

pursuing a career in industry in a rapidly changing global environment will be discussed. Finally, panelists will 

provide recommendations on what to expect as the landscape for biomedical informatics career opportunities 

continues to evolve.        

General Description 

The traditional career pathway for students earning biomedical informatics degrees has been in academia. Biomedical 

informatics units have strong research collaborations with and service responsibilities within academic medical 

centers, enabling productive career trajectories involving foundational science, system development, implementation, 

and evaluation research. Recently, the types and volumes of data available for informatics research have expanded 

extensively and included electronic health record, administrative claims, and patient-generated health data. The slow 

pace of extramural funding cycles and peer-reviewed publication processes have driven the development of promising 

innovations and products outside of academics and into industry. As a result, career opportunities in biomedical 

informatics have grown tremendously and the types of roles in demand have diversified. Numerous job opportunities 

are now available in the pharmaceutical, health information technology, payer, and healthcare device industries. Roles 

are wide ranging but include subject matter experts, project managers, analytics leads, data scientists, chief health 

officers, product designers, product developers, product managers, and research scientists. In some instances, 

companies are employing scientists to produce evaluation science of product offerings as a market differentiator.  

Biomedical informatics training in an academic environment provides a scientific foundation for careers in academia, 

but may or may not adequately prepare trainees for careers in industry, where there are commonalties, but also 

significant differences. In industry and academia, there is ample opportunity for intellectually stimulating work that 

contributes meaningfully to society at large. A recent and growing trend is the development of collaborations between 

industry and academic entities with common goals being to advance the science of the field and accelerate its 

applications. Novel career opportunities exist at this intersection, where having a scientific foundation in informatics 

becomes indispensable in ensuring development of products that are safe and valuable to patients.  

This panel has a combined 100 years of experience in biomedical informatics, both in academia and industry, 

sometimes balancing both simultaneously. Each will provide a perspective based on their own personal experiences 

as well as share their views on actions that facilitate successful transition. They will also provide views on what the 

future holds for those interested in a biomedical informatics career in industry. 

Description of Panelists & Presentations  

Elisabeth L Scheufele, MD, MS, (Moderator) is a Senior Biomedical Writer at the Center for AI, Research and 

Evaluation within IBM Watson Health’s HOPE team. In this role, she provides expertise in clinical medicine and 

biomedical informatics, as well as leads content development for scientific publications regarding the offerings and 

solutions developed at Watson Health. Dr. Scheufele is a physician biomedical informaticist, triple board certified in 

internal medicine, pediatrics, and clinical informatics, with almost 20 years of experience, spanning the academic, 

industry and clinical settings. She also continues to practice medicine in the urgent care setting. 

Marion Ball, Ed.D, (Panelist) is the Executive Director for the Multi Interprofessional Center for Health Informatics 

at the University of Texas at Arlington. Dr. Ball’s career in healthcare IT has spanned more than 40 years, and includes 

roles as a programmer, university administrator, consultant, author, and professor, with a prolific publication history 

of authoring or editing almost 30 books and over 250 articles in the field. She is a member of the National Academy 
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of Medicine (NAM/ IOM) and served on the Board of Regents of the National Library of Medicine (NLM). She served 

as President of the International Medical Informatics Association (IMIA), served as a Co-Chair to the HIMSS Board.  

She is a Fellow of the  American  College of Medical Informatics (ACMI), Health Information Management 

Association (AHIMA), Medical Library Association (MLA), the College of Health Information Management 

Executives (CHIME), American Academy of Nursing (AAN) and the International Academy of Health Sciences 

Informatics (IAHSI), and a member of the Royal Society of Medicine.  

Jason G. Cooper, MS, (Panelist) is a seasoned business executive specializing in data, analytics, informatics, and 

technology covering for-profit, nonprofit and government domains, including senior leadership roles at HMS, Blue 

Cross Blue Shield plans, Cigna and CVS. He is an industry thought leader, well-published author, and prior funded 

researcher.  Professionally he is associated with the Healthcare Information and Management Systems Society 

(HIMSS) and the American Medical Informatics Association (AMIA), and in addition serves on the board of directors 

for the Population Health Alliance and HMS India, advisory boards for the University of Iowa’s Analytics Cooperative 

and Montclair State University’s Business Analytics programs, as well as healthcare startup advisory boards. Mr. 

Cooper has Masters Degrees in Computer Science and Biomedical Engineering. 

Judy Murphy, RN, (Panelist) is the Chief Nursing Officer (CNO) at IBM Global Healthcare, where she is responsible 

for building relationships and expanding business across the healthcare industry. She is a strategic advisor to clients 

and helps put together health IT solutions for providers to improve health and healthcare, and lower costs. Prior to 

working at IBM, she was CNO and Deputy National Coordinator for Programs and Policy at the Office of the National 

Coordinator for Health IT (ONC) in Washington D.C. There she led federal efforts to assist health care providers in 

adopting health information technology to improve care and to promote consumers’ greater understanding and use of 

health information technology for their own health. She came to ONC with more than 25 years of health informatics 

experience at Aurora Health Care in Wisconsin, where she led their EHR program as Vice President of Applications. 

She served on the AMIA and HIMSS Board of Directors, is a Fellow in the AAN and the ACMI, and is a HIMSS 

Lifetime Fellow. Her awards include: HIMSS 2018 Most Influential Women in Health IT, AMIA 2014 Don Eugene 

Detmer Award for Health Policy Contributions in Informatics, the HIMSS 2014 Federal Health IT Leadership Award, 

and the HIMSS 2006 Nursing Informatics Leadership Award. 

Matvey B. Palchuk, MD, MS, (Panelist) is the Vice President of Informatics at TriNetX where he is responsible for 

semantic interoperability and data quality. Dr. Palchuk is a physician by training and an expert in clinical informatics, 

with a focus in applied informatics and informatics research, and extensive expertise in healthcare information 

management, data acquisition and interoperability, user interface design for point-of-care applications, information 

modeling, knowledge management, and quality measure reporting.  Prior to joining TriNetX, he was a CMIO at 

ConvergeHEALTH by Deloitte (formerly Recombinant Data Corp.), Interlingua Architect at the Clinical and 

Translational Science Center at Harvard University, Senior Medical Informatics Specialist in the Clinical Informatics 

Research & Development group at Partners HealthCare System and retains the academic appointment of Instructor at 

Harvard Medical School. He is an elected Fellow of AMIA in 2018, and a member of i2b2 tranSMART Foundation 

since 2017. 

Panelist Contributions and Presentations 

Liz Scheufele will introduce the panelists and also provide some initial perspectives on some of the issues to be 

discussed in the transitioning from academia to industry and also keeping a foothold in each. Dr. Scheufele’s academic 

experiences span clinical residency and biomedical informatics fellowship. Her transition into industry included 

experiences with a start-up, large human resource consulting firm and individual contracting opportunities. All the 

while, she has also continued to practice in urgent care medicine, and keeping board certified in both internal medicine 

and pediatrics. 

Marion Ball has served in many different roles in her career, including positions as a Professor, Administrator, 

Researcher and CIO (Chief Information Officer), with many years spent in both an academic and in an industry 

environment. This year she has moved back into Academia after 15 years in industry. She will share her experiences 

in these various roles, as well as emphasize the importance of professional organizations, and the role that they can 

play, to cross boundaries and build bridges between and among academia and industry.  

Jason Cooper will touch on lessons learned along his career path, from challenging beginnings to the rewards of 

perseverance, as well as the value of "soft" skills along with the more easily measurable "hard" skills of a technical 

background. He believes that flexibility would serve one best when it comes to the journey, so as not to expect or 

force a linear career path (and always develop backup plans). Taking a detour from a predetermined path led him 
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back with more passion and drive. From his own experiences, when he moved his focus away from healthcare, it 

only reinforced how much he enjoyed and missed the subject matter, which led to embracing a career path in 

healthcare as the fruits of his passion have taken him around the globe. 

Judy Murphy will share her experiences as she transitioned from clinical practice to information technology and 

nursing informatics, including major shifts in career venues. She went from leading the EHR implementation at a 

large, non-profit healthcare organization to administering the Meaningful Use Program at the Federal Government to 

supporting healthcare clients at a large for-profit, publicly traded IT company. In each venue, she drew from a core 

set of leadership and management skills which she will share with the audience. Ms. Murphy will also describe the 

importance of her involvement in organizational work at AMIA and HIMSS and how that contributed to her career 

advancement. 

Matvey Palchuk will describe his career arc spanning EMR design and secondary use of clinical data in the settings 

of academia, large corporations and startups. He will share his perspective on the role of informatics specialists and 

the ongoing need to evangelize for the field. He will also describe how the role of informatics in start-ups is particularly 

unique as one can benefit from the opportunities afforded by a nimble company that is quick to change and where an 

individual’s contributions can be rather substantial. As a clinical informatics specialist, he finds himself assuming the 

role of internal as well as external consultant, equally supporting operational needs of the company and providing 

sales support. Dr. Palchuk will also discuss the importance of maintaining the links to academia and the challenges of 

fining a niche in AMIA. 

Participation Statement: 

All panelists listed in this proposal have agreed to participate in this panel. Panelists are aware that there are no travel 

funds available. Panelists are also aware that the Working Groups are unable to reimburse registration costs.  

Discussion Questions 

1. What are your recommendations for someone looking to transition between academia and industry? 

2. What advice do you have for current trainees who wish to pursue a career in industry?  

3. What aspect of your career pathway has surprised you the most and why?  

4. What do you think future biomedical informatics careers will look like?  
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Healthcare Delivery Systems, EHRs, and the Future of 

an App-based Ecosystem: Old Wine in New Bottles? 

Titus Schleyer, DMD, PhD1,2, Maia Hightower, MD, MPH, MBA3, Christopher A. Harle, 

PhD, MS4, Adam Landman, MD, MS, MIS, MHS5, Robert S. Rudin, PhD6 
1Indiana University School of Medicine, Indianapolis, Indiana; 2Regenstrief Institute, Inc., 

Indianapolis, IN; 3University of Utah, Salt Lake City, UT; 4University of Florida, 

Gainesville, FL;  5Brigham Health, Boston, MA, MA; 5RAND Corporation, Boston, MA 

Abstract 

The advent of Fast Healthcare Interoperability Resources (FHIR) and its inclusion in regulations mandated by the 

21st Century Cures Act have raised expectations that electronic health records (EHRs) will become platforms for a 

myriad of clinically useful apps. Similar to the Apple App Store or Google Play Store, such platforms are expected to 

support app ecologies that allow healthcare organizations to meet their health IT needs in a much more customized 

and granular fashion than previously possible. Although the FHIR standard is likely to reduce barriers to the technical 

integration of third-party apps with EHRs, challenges to achieving this vision remain. Healthcare delivery 

organizations will need to manage relationships with app developers, integrate the apps into workflows, address 

security risks, monitor that apps work as intended, and evaluate investments in apps in light of strategic priorities. 

Healthcare delivery systems are beginning to encounter these challenges but have little, if any, guidance on how to 

master them. This panel, composed of a biomedical informatics researcher, Chief Medical Information Officer, Chief 

Research Information Officer, Chief Information Officer, and an information scientist will offer insights into how the 

app ecology is expected to evolve, whether and how it will meet expectations of accelerated innovation, and how its 

challenges can be met. Attendees will hear about how different types of healthcare delivery systems are approaching 

this new world of EHR-integrated apps, and what can be learned from the experience of other industries as they have 

evolved to leverage application programming interfaces.  

General description 

Hopes are high that the advent of application programming interfaces (API) such as Fast Healthcare Interoperability 

Resources (FHIR)1–3 will usher in a new wave of innovation in which healthcare providers will have access to a myriad 

of novel apps that will improve quality and outcomes, reduce costs, and make care more convenient. Many health 

systems already have experience managing multiple software applications4. Historically, health systems, such as 

academic medical centers, typically have supported multiple disparate electronic health record (EHR) and other health 

IT systems5. Some had separate inpatient and outpatient EHRs, or a different EHR for every hospital or physician 

group. They also used separate software programs for billing, scheduling, laboratory management, pathology, imaging 

and many specialized purposes. This decentralization had a clear advantage: It allowed smaller groups of providers to 

customize their software to their own particular needs and make decisions quickly without going through prolonged 

governance processes. This was the "best of breed” era of health IT. Times have changed. Healthcare delivery systems, 

recognizing the advantages of integration, are consolidating onto single-vendor, single-instance EHR platforms. These 

platforms allow for more complete and seamless information sharing across all areas of a healthcare organization, as 

well as easier standardization and upgrades, among other benefits. As the push for FHIR gains steam, we may be 

reentering best of breed era in the form of apps. Will the same challenges emerge? How will health systems innovate 

without causing the same kind of fragmentation that we saw in the multiple-EHR era? This panel explores these 

questions, provides guidance from leading health IT practitioners and attempts to anticipate the future.  

Panel relevance and anticipated audience 

The FHIR standard is a relatively recent development that is promising to partially revolutionize how developers 

innovate on top of health IT systems. FHIR provides a (relatively) generic way to connect to the data in health IT 

systems, making it possible to write an app once and deploy it on many different systems. While these apps are, in 

many cases, deployed on EHRs, target platforms can also be other systems, such as health information 

exchanges (HIE)6. Software design approaches such as the SMART (Substitutable Medical Applications, Reusable 

Technologies) architecture7 ensure that SMART-on-FHIR apps use a generic, widely accepted software architecture 

that can facilitate widespread adoption and implementation.  
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The SMART-on-FHIR approach enables the development of app ecosystems in the health IT space that resemble 

those common in the general technology space, such as Apple’s App Store and Google’s Play Store. In those cases, 

the vendor computing platform, such as Apple’s iOS and Google’s Android, serves as the “operating system,” allowing 

developers to produce innovative apps using a well-understood development environment and paradigm. The same is 

true for health IT systems and FHIR. FHIR is helping establish compliant health IT applications as platforms for 

hundreds and thousands of innovative apps. The interest of the health IT and informatics community in FHIR is high, 

as evidenced by the popularity of the AMIA/HL7 FHIR Applications Showcase (now a permanent part of the Annual 

Symposium) and the presence of over 70 apps on the SMART App Gallery*. 

The key issue facing leaders of health IT implementation is how to leverage these hundreds and thousands of SMART-

on-FHIR apps in their own environment. Since it is difficult for EHR vendors to provide for any and all health IT 

needs, the apps can be a boon to the many healthcare organizations who require innovation beyond that provided by 

standard EHRs. Similar to the previous decentralized approach to innovation, the ability to adopt or even develop apps 

for needed functionality within the overall EHR system context offers flexibility and customizability. However, those 

capabilities come with a cost in multiple respects: managing apps at scale from a technology, implementation, culture 

and governance perspective. 

As a consequence, the intended audience of this panel includes individuals who manage these aspects at healthcare 

organizations, such as chief medical officers, chief medical information officers, chief information officers, as well as 

vendors and developers who provide apps. These groups will benefit from a discussion of the difficult and vexing 

questions of strategy and operations inherent in the emergence of the FHIR health IT app ecosystem. 

Discussion questions 

We anticipate an interactive and lively discussion with the audience. The moderator will encourage the audience to 

share their experience with APIs and apps that integrate with EHRs. Possible questions include: 

 How are health systems managing the demand for multiple apps? What governance mechanisms are in place? 

 What are the main advantages to FHIR app-based innovation compared with innovation using EHR-

integrated development tools? What lessons can we learn from the past? 

 How are facilitators and barriers to integrating apps with the EHR expected to affect the pace of innovation 

at any one healthcare institution? 

 How can the era of app-based innovation avoid the “best of breed” era? 

 What do other industries’ experiences suggest about how health IT will evolve to incorporate apps and APIs? 

 How do apps used for research and then deployed to production fit into this larger picture? 

Panelist Biographies 

Titus Schleyer, DMD, PhD, (moderator) is Professor of Biomedical Informatics in the Department of Medicine, 

Indiana University School of Medicine, as well as a Research Scientist at the Center for Biomedical Informatics at the 

Regenstrief Institute. As a former programmer, he has developed several major health IT production implementations 

over the course of his career, and recently refocused his research entirely on applied work that is implemented and 

evaluated in practice. His FHIR-based Chest Pain App was the winner of the inaugural AMIA Pitch IT Competition 

in 2018. An enhanced version of the app supporting multiple conditions is currently being rolled out across all 15 

emergency departments at Indiana University Health, the largest health system in Indiana. In the panel, Dr. Schleyer 

will focus on the roles of and opportunities for innovators and researchers in the new app ecology.  

Maia Hightower, MD, MPH, MBA, is the chief medical information officer (CMIO) at the University of Utah Health 

(UUH). At UUH she leads the Enterprise Data Warehouse, Data Science Services, Provider Informatics and 

Knowledge Management and Mobilization (KMM) teams. The KMM team is focused on developing FHIR-based 

applications that address usability and disease management gaps that the EHR is unable to solve. She was formerly 

the CMIO at the University of Iowa Health Care. Dr. Hightower has led EHR upgrades and the development of a 

physician informatics office team, which provides peer support to clinicians to increase EHR proficiency and adoption. 

She has a strong clinical perspective on the use of healthcare data, specifically on its ability to help manage patient 

and population health. She will present management strategies for integrating apps efficiently and effectively into the 

operational environment of healthcare systems.  

 

                                                           
*https://gallery.smarthealthit.org/ 
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Christopher Harle, PhD, is Professor and Chief Research Information Officer (CRIO) at the University of Florida 

(UF) and UF Health. As an academic faculty member, Dr. Harle leads a research program focused on the design, 

adoption, use, and value of health information systems. Recently, with funding from the National Institutes of Health 

(NIH), and the Agency for Healthcare Research and Quality (AHRQ), he has developed and implemented clinical 

decision support tools to support primary care clinicians in chronic pain care and opioid prescribing. As CRIO at UF 

Health, Dr. Harle provides leadership around governance and operations of clinical information systems that support 

research activities, with the goal of advancing clinical and translational research and the learning health system. He 

will speak about experiences and plans at UF Health for governing IT innovations that were borne out of research 

projects, and approaches to maintaining successful collaboration between informatics researchers and IT professionals 

in an academic health center.  

 

Adam Landman, MD, MS, MIS, MHS, is Vice President; Chief Information Officer; and Digital Innovation 

Officer at Brigham and Women’s Hospital, Boston, MA. Dr. Landman is responsible for developing system-wide 

strategic IT initiatives, with the goal of evolving the next generation of information systems across the Brigham 

Health enterprise. He will speak about this academic medical center’s experience managing multiple app-based 

projects in research and operations, and early efforts developing platforms.  

 

Robert Rudin, PhD, is Senior Information Scientist at the RAND Corporation, Boston, MA. Dr. Rudin is an 

informatics and health system researcher with a background in software engineering and health systems analysis. He 

has developed a clinically integrated intervention for asthma symptom monitoring between visits which is integrated 

into an EHR. He has also led a study of how integrated health systems are leveraging health IT to improve 

performance, which included interviews with 128 health system executives of 24 health systems in four US states. 

Using a framework from business studies, he will discuss how other industries have evolved in terms of organizations 

digital maturity, standardization, customization, and platforms. He will place healthcare’s journey into this context 

and suggest how the industry will continue to evolve to balance the needs for innovation, standardization and 

customization.  

All panelists have agreed to participate in this panel. 
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Abstract: 
 
Opioid epidemic is a major public health concern in the United States. The Centers for Disease control estimates that 
nationally, 115 deaths occur each day from opioid overdose. Advances in the understanding of opioid prescribing 
and utilization patterns and a paradigm shift in delivering evidence-based care has created a demand for leveraging 
informatics approaches and development of strategies to focus efforts on five major priorities as laid out by the U.S. 
Department of Health and Human services including: “a) improving access to treatment for opioid disorder; b) 
promoting use of overdose-reversing drugs; c) strengthening understanding of epidemic through public health 
surveillance; d) providing support for cutting-edge research on pain and e) advancing better practices for pain 
management”.  
 
Current gaps in opioid prescribing and utilization patterns signal a need for informatics tools that could help to 
address the gaps. Analytical tools using informatics approaches have been shown to influence prescribing patterns of 
healthcare providers, offering an effective opioid risk prediction and stratification strategy. The purpose of this panel 
is to provide an overview of implementation strategies and current initiatives that are undertaken for the 
establishment of informatics infrastructure for opioid management. Our goal is to promote informatics approaches to 
achieve best practices for opioid management facilitate reduction of adverse outcomes currently associated with 
opioid utilization. 
 
Expertise of the panel:  
 
• Dr. Reese is a researcher in the Department of Biomedical Informatics at the University of Utah and a practicing 

Board-Certified Ambulatory Care Pharmacist. Dr. Reese serves on the editorial board for the Journal of American 
Medical Informatics Association and as the vice-chair of the American Medical Informatics Association 
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Pharmacoinformatics workgroup. Through participation in the Health Level Seven International (HL7) Clinical 
Decision Support workgroup and AHRQ funded projects, Dr. Reese has helped developed interoperable clinical 
decision support artifacts relevant to pharmacotherapy.  
 

• Dr. Harle is a Professor of Health Outcomes and Biomedical Informatics at the University of Florida College of 
Medicine, and the Chief Research Information Officer at the University of Florida Health. Over the last 8 years, 
he has led and collaborated on several projects to design, implement, and evaluate EHR-based clinical decision 
support for chronic pain care and opioid prescribing. 

• Dr. Nagarajan is the Director, Center for Oral and Systemic Health and Research Scientist at the Marshfield 
Clinic Research Institute, Marshfield Clinic Health System. He leads novel initiatives in dental informatics that 
can impact clinical and operational outcomes. This includes understanding prescription patterns using novel 
network analytics (statistical analyses of networks) approaches and graphical models. 
 

• Yoemy Waller is currently the Director of Implementation and Project Management Officer for 
DentaLens/Fraudlens, healthcare IT professional with over 20 years of experience in Big Data, Clinical/Dental 
Informatics and Population Health and Bioinformatics. She has a BS, MS, MBA and several post graduate 
degrees from Isthmus University and INCAE along with multiple specialties including Global Health 
Informatics- MIT; Healthcare IT-Harvard, Healthcare IT -Columbia, John Hopkins, Mount Sinai; 
Interoperability-Georgia Tech; Population Health -OSHU and School of Biomedical Informatics at UTHealth; 
quantitative and qualitative analysis base from Northwestern University and market research from Notre Dame. 
 

Brief description of panelists’ presentations: 
 
● Thomas Reese, “How can pharmacists and informatics support opioid tapering in primary care?” His presentation 

focus will be on the intersection of pharmacists, informatics, and opioid tapering in primary care. First, Dr. Reese 
will provide a brief overview of recent guidelines and current practices regarding opioid tapering. Then he will 
highlight gaps and challenges with tapering opioids in primary care. Finally, Dr. Reese will describe how 
informatics interventions can help support pharmacists with the highly tailored and resource intensive process of 
tapering opioids. 
 

● Dr. Christopher Harle, “Understanding Information Needs and Developing User-Centered Decision Support 
Tools for Chronic Pain Care and Opioid Prescribing” 
In this panel, Dr. Harle will summarize findings from this work, which has distilled qualitative assessment of 
clinician-patient interactions, clinician decision making behavior, and opioid-related policies to inform the 
design and implementation of primary care clinical decision support for pain care. Next, he will describe an 
ongoing pragmatic clinical trial examining the effect of electronic health record integrated clinical decision 
support on delivery of guideline-concordant pain care. The trial, funded by the National Institute on Drug 
Abuse, has implemented the chronic pain OneSheet in two large health systems’ primary clinics. 
The OneSheet is an EHR-based dashboard that aggregates disparate clinical information in a patient’s record 
and organizes that information to make it easier and more convenient for clinicians to access needed 
information and deliver guideline-concordant care. Finally, Dr. Harle will discuss clinical, managerial, and 
policy implications of this program of research.  
 

• Dr. Radha Nagarajan, “ Network Analytics Approaches for Opioid Surveillance” 
This presentation will investigate system-level abstractions of prescription patterns of prescription patterns as a 
result of patient movement between prescribers using network analytics. Subsequently, presence of non-trivial 
prescriber communities will be elucidated across Schedule II, III, IV drugs in a Medicaid population using 
random graphs as internal controls. Importance of network analytics as tools in assessing changes in 
prescription patterns pre-/post-policy implementation will also be discussed. 
 

● Yoemy Waller, “ A proposed solution for reducing fraud and abuse with opioids with real time connectivity 
informatics system” 
This presentation will discuss on how combination of informatics approaches and sets of biomedical 
knowledge, interoperability and integration of healthcare information curtail the demand of opioids. The topics 
include description of a system that identifies providers who overly prescribe, b. case study of an integrated 
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system that uses multi-vector approach (i.e. multiple data sources) to lower the prescription rates, monitor the 
providers and pharmacies and c. best practices and current initiatives in an industry system. 

 
 
Relevance of topic and anticipated audience 
 
Opioid crisis has been a priority area and a public health emergency in the United States. Informaticians and data 
scientist will learn opportunities that exists to improve the prescription and utilization patterns of the opioids and 
improve health by integrating some of the informatics approaches. Healthcare providers practicing medical, dental, 
nursing, pharmacy and other allied areas will leverage their understanding of the impact of their opioid prescribing 
and utilizing patterns and health of patients. Educators will learn how to incorporate informatics education 
surrounding opioids as a course in the health related school and cross-train providers with various practices with 
essential concepts of utilizing informatics approaches for opioid management. Finally, the researchers will learn 
about the resources that can drive further understanding of opioid management and leveraging informatics 
approaches.  
 
Discussion Questions:  
 
1. What are the possible technical barriers of implementation of opioid surveillance system? 
2. How can we effectively integrate all the variables associated with opioid management in the system? 
3. Why is important to have a multi vector approach? 
4. What are the challenges of tapering opioids in primary care? 
5. How can we design decision support to effectively support the biopsychosocial complexities of pain and the 
regulatory complexities of opioid prescribing? 
6. How can network analytics assist in system-level abstractions of prescription patterns, identify prescriber 
communities, and facilitate targeted intervention? 
 
Learning Objectives: 
 

1. Identify how to capitalize on the opportunities for developing 
2. Understand and recognize the potential application of user-centered design approaches to developing more 

usable and useful decision support for pain and other complex chronic conditions. 
3. Learn the potential of utilizing pharmacists and informatics interventions for tapering opioids. 
4. Understand the potential of network analytics for targeted surveillance of prescription drugs. 
 
 

The organizer members confirm that all participants have agreed to take part on the panel.  
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The Food and Drug Administration (FDA) Center for Biologics Evaluation 
and Research (CBER) Biologics Effectiveness and Safety (BEST) Initiative: 

How Informatics Can Assist the Secondary Use of Electronic Health Records 
to Inform Regulatory Decisions 

 
Azadeh Shoaibi PhD, MHS1, Hui-Lee Wong PhD1, Christian Reich MD, PhD2, Keran Moll 

PhD3, Tina Hernandez-Boussard PhD4 
1US Food and Drug Administration, Silver Spring, MD USA; 

 2IQVIA, Cambridge, MA, USA; 
3IBM, Cambridge, MA, USA;  

4Stanford University, Stanford, CA, USA 
 
Abstract 
The Food and Drug Administration (FDA)/Center for Biologics Evaluation and Research (CBER) monitors the 
safety and effectiveness of biologic products, including vaccines, blood and blood derived products and advanced 
therapeutics. The 21st Century Cures Act in 2016 directs the FDA to use real-world data (RWD) to develop real-
world evidence (RWE) to support regulatory decisions. CBER established the Biologics Effectiveness and Safety 
(BEST) Initiative in 2017 that includes a network of electronic health records (EHR) and linked administrative 
claims-EHR data sources.  
The panel presents an overview of the BEST Initiative and informatics considerations for the secondary use of 
EHRs. Using case studies in biologics, the panel will discuss ascertainment of exposures and outcomes in EHRs, 
development of semi-automated tools for EHR-based chart review and adverse event reporting, and interoperability 
and portability of computable phenotypes across EHRs. This interactive session will engage participants to 
understand the goals and challenges of biologics surveillance using EHRs. 
 
After participating in this session, the attendees will: 

- become familiar with the FDA biologics surveillance system    
- identify the challenges and opportunities in the secondary use of EHRs to monitor the safety and 

effectiveness of medical products in general and biologics in particular 
- gain insight on methods needed to improve secondary use of EHRs for surveillance purposes including 

fitness for use, generalizability and external validation.   
 
Panel Description 
The BEST Initiative is an FDA/CBER program that leverages, among others, the promise of EHRs’ capture of 
clinical information towards generating evidence to support regulatory decisions with respect to safety and 
effectiveness of medical products. The panel will cover the regulatory considerations and challenges that arise from 
the use of EHRs given EHR data are routinely collected for clinical and billing purposes and not for surveillance or 
regulatory decision making. The panelists will a) review ongoing efforts and challenges encountered in the 
secondary use of EHRs for surveillance and evidence generation, and b) illustrate different considerations and 
potential approaches employed in transforming RWD to regulatory grade and methods needed to generate the 
evidence. Subsequently, discussion with the audience will discuss the vision and barriers of using EHRs to advance 
the CBER’s public health mission of monitoring the safety and effectiveness of biologics. The interactive discussion 
with the audience will identify novel opportunities, informatics solutions and foster new partnerships to address the 
challenges. 
 
Moderator: Hui-Lee Wong, PhD 
The moderator will set the stage with a brief overview of how the secondary use of EHRs may address certain 
surveillance needs, including pandemic preparedness, identification of biologics exposure in RWD and near real-
time surveillance, that may be available in other existing RWD in a limited scope. Evaluating RWE for informing 
regulatory decisions relies on the reliability and relevance of EHR data and methods used to generate the evidence. 
Thus, the moderator will ask the panel to illustrate their experience and challenges in EHRs as RWD.  
 
Panelists 
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1. Azadeh Shoaibi, PhD, MHS - FDA CBER BEST Initiative   
The 21st Century Cures Act in 2016 mandates the FDA to explore use of RWD to generate RWE to inform 
regulatory decisions. In September 2017, CBER launched the BEST Initiative, an expansion of the pre-existing 
surveillance infrastructure and other evidence generation capabilities, that adds new data sources, including EHRs, 
administrative claims, and linked claims-EHR data to address unique surveillance features of biologics.  
The panelist will provide an overview of the BEST Initiative and describe opportunities, challenges, and areas of 
improvement associated with the use of EHRs for surveillance purposes. These include (a) determining and 
assessing  EHR fitness for use and criteria for reliability (b) the trade-off between ensuring adequate data quality via 
EHR data curation and timeliness of EHR data for near real-time surveillance of biologics, (c) methods to address 
limitations of EHRs in capturing comprehensive, longitudinal record of patients’ health care experiences, and other 
factors that impact completeness of EHR data and, (d) scalability of the network of EHRs as balanced between high 
touch and automation as well as use of a common data model 
 
2. Christian Reich, MD, PhD - Challenges and Solutions for Establishing High Quality Exposure and Outcomes 
Data for Blood Components 
FDA CBER is tasked to surveil the safety of blood components. RWD are the obvious choice since blood 
components lack commercial sponsors with the means to run randomized controlled trials (RCT). However, such 
data must meet two key requirements of data quality: reliable capture (sensitivity and specificity) and correct timing. 
The performance characteristics of the latter, which is rarely considered in observational research, is very important 
as many outcomes are severe and acute, and without the right timing it is impossible to attribute an outcome to a 
transfusion event and estimate its overall risk. Unfortunately, the typical mechanisms for capturing structured data 
heavily rely on the billing process and codes. Blood components are typically not billed for, and transfusion events 
are typically not captured in a timely manner. One solution to this problem going beyond medical record review lies 
in the capture of other data sources such as blood bank databases and their coding systems like International Society 
of Blood Transfusion ISBT 128. 
 
3. Keran Moll, PhD - Considerations for EHR Interoperability and Portability of Semi-Automated Tools to Facilitate 
Outcome Validation and Case Reporting 
As part of this panel, IBM will discuss the development of an infrastructure that reduces the burden of time-
intensive manual medical record review across various contexts. Given the widespread adoption of EHR systems 
today, in addition to the availability of linked administrative claims-EHR databases, there are numerous 
opportunities to leverage these data for evidence-based decision-making and rapid generation of clinical insights. 
This session covers the development and deployment of semi-automated tools to facilitate medical chart reviews for 
outcome validation and adverse event reporting (Figure 1), in addition to validation of algorithms using EHRs or 
linked claims-EHR data. To address aspects of portability and flexibility, the application connects directly to Fast 
Healthcare Interoperability Resources (FHIR) servers within healthcare provider’ systems using the SMART-on-
FHIR connection widely available across EHR systems. Specifically, the IBM panelist will share their approach to 
the design, development and deployment of these flexible semi-automated tools in various contexts, as well as 
considerations for portability of tools across different healthcare provider systems. Challenges, lessons learned, and 
the use cases where these tools can be applied will also be discussed throughout the session. 
 
4. Tina Hernandez-Boussard, PhD - Development of New and Innovative Methods for Automated Reporting for 
CBER-Regulated Biologic Products 
The 21st Century Cures Act requires the use of RWE for post-market surveillance. Using EHRs from a tertiary care 
academic medical center, we have developed an informatics pipeline for the systematic monitoring and surveillance 
of CBER-regulated products and outcomes. However, the secondary use of EHRs is challenging as these data are 
often not systematically collected, stored, or formatted and hence there are both technological and algorithmic 
barriers to overcome before these data can be routinely used for post-market surveillance. We will discuss these 
barriers and potential solutions to overcome these challenges, including those related to external validation.  The use 
of electronic biomedical data can improve the monitoring and surveillance of regulated products; yet challenges 
need to be recognized and addressed upfront. 
 
Why is this timely, urgent, needed, and attention grabbing? 
The 21st Century Cures Act mandates the Agency to consider how, among others, data collected during the delivery 
of routine healthcare (RWD) can be converted to evidence to support regulatory decisions for medical products. 
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EHRs have transformed how medical information is captured and are widely adopted. Thus, EHRs are an attractive 
candidate for RWD. While the US Department of Health and Human Services/Office of the National Coordinator 
for Health Information Technology has set standards to create EHRs that “could be used to advance healthcare 
processes”, exploration of EHRs as RWD has unearthed challenges within EHRs infrastructure for adequate capture 
of clinical information and evidence generation. Unique to this session, we will describe the areas of improvement to 
utilization of EHRs that may serve FDA’s mission of surveillance of medical products. To inform FDA’s RWE 
program under the Cures Act and to help FDA/CBER understand the considerations of EHRs in supporting 
regulatory decisions regarding safety and effectiveness of biologics, this panel will present the Agency’s challenges 
to actively engage with the informatics community to brainstorm possible opportunities and solutions for the 
secondary use of EHRs in the regulatory framework. 
 
Discussion Question List 

1. What is the biggest challenge faced in developing these solutions of secondary use of EHRs? What is the 
most important lesson you learned from the process?  

2. What are the solutions seen in other EHR systems to address data quality, completeness, transparency of 
study designs and analysis plans, generalizability, timeliness and scalability? 

3. Are there solutions in other systems that may serve the issues of interoperability and portability of 
computable phenotypes across EHRs?  

4. Are these tools transportable to other settings? If not, how can they evolve to become transportable?  
5. Are there aspects of EHR infrastructure which could be used as proxies for event date and time to establish 

temporality between two events such as an exposure and an outcome? 
6. What partnerships are necessary to be forged to develop solutions for secondary use of EHRs to generate 

RWE and inform regulatory decisions? 
7. Are there mechanisms like accreditation and other professional instruments to drive quality reporting into 

the EHRs? 
 

Organizer Participant Statement: All participants above have agreed to take part on the panel.  
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Evidence-based Work-Life Balance Needs and Suggested Solutions from 

Career Lifecycle, Gender and Ethnicity, and Managerial Perspectives 
 

Donghua Tao, PhD MA MS1, Duo (Helen) Wei, PhD2, Margarita Sordo, MSc, PhD, FAMIA3,4,5 

1Saint Louis University, St. Louis, MO; 2 Stockton University, Galloway, NJ; 3MGH Institute of 

Health Professions, School of Nursing, Boston, MA, 4Department of Medicine, Brigham and 

Women’s Hospital, 5Harvard Medical School, Boston, MA 
   

Abstract  

Work-life balance issues have been reported as significantly impacting career development, especially for female 

professionals in informatics. The proposed panel seeks to provide multiple perspectives on work-life balance issues 

at usual practice and with disruptions during the Covid-19 pandemic, and suggest potential solutions specifically 

targeted at early- and mid-career professionals in health informatics.  Different working environments, with multiple 

roles, at different career stages, in addition to gender and ethnicity might intersect with these issues. The panel 

presentations and discussions will be helpful to identify work-life balance needs and provide valuable guidance for 

administrative plans to support women in health informatics. After participating in this session, the learners should 

be better able to: 

● Understand the current work-life balance issues faced in the health informatics community at usual practice 

and with disruptions during the Covid-19 pandemic, especially for women.  

● Learn supporting strategies and measures that could be applied to individual’s workplaces to engage 

organizational leaders and create a supportive working environment.   

Panel Description  

As part of the 2015-2020 American Medical Informatics Association (AMIA) strategic plan, the Women in AMIA 

(WIA) program focuses on increasing understanding of, and support to the role of women in AMIA1. Aligned with 

these efforts, in 2017 the WIA Lifecycle Subcommittee administered a survey on understanding needs and resources 

required to support women in health informatics. Among the results, work-life balance was the first and foremost 

obstacle to career development for female professionals in health informatics. The proposed panel addresses this 

finding, and seeks to provide multiple perspectives on work-life balance issues at usual practice and with disruptions 

during the Covid-19 pandemic, while suggesting solutions targeting early- and mid-career professionals in health 

informatics. This panel is organized by the WIA Networking, Mentoring, and Lifecycle Subcommittee. The 

moderator and panelists represent a diversity of gender, race, ethnicity, working environment, and career level that 

will dissect the work-life balance issue from various angles. 

Moderator: Prerna Dua, PhD, is a Professor and Program Director for the Master’s in Health Informatics at 

Louisiana Tech University for over 14 years. Her research focuses on Translational Healthcare Informatics, 

Bioinformatics and Data Mining. She has authored many peer-reviewed publications and secured funding from 

DHHS, NIH and The State Board of Regents. Dr. Dua is currently a member of the WIA Steering Committee, and 

AMIA Working Group Steering Committee. 

Panelist # 1 Deepti Pandita, MD, FACP, FAMIA, is the Chief Health Information Officer at Hennepin Healthcare in 

Minneapolis, MN, a safety net academic medical center and a level one adult and pediatric trauma center. Dr. 

Pandita is Board Certified in Internal Medicine and Clinical Informatics. She is also Program Director of the 

Clinical Informatics Fellowship at Hennepin Healthcare. At a national level, Dr. Pandita is active in AMIA Primary 

care, WAMIA, CICOP and CDS committees and the American College of Physicians (ACP) leading several 

committees including the ACP Medical Informatics and Telehealth Committee. 

Panelist #2 Sarah Collins Rossetti, RN, PhD, FACMI, FAMIA is an Assistant Professor of Biomedical Informatics 

and Nursing at Columbia University and an experienced critical care nurse. Her research is focused on identifying 
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and intervening on patient risk for harm through mining and extracting EHR data and leveraging user-centered 

design for patient-centered technologies. Previously, she was a Senior Informatician at the Brigham and Women’s 

Hospital and Harvard Medical School.  Dr. Rossetti serves on the Board of Directors for AMIA, and was a 2019 

recipient of the Presidential Early Career Award for Scientists and Engineers (PECASE).  

Panelist #3 Li Zhou, MD, PhD, FACMI, FAMIA is an Associate Professor of Medicine at Harvard Medical School 

and Lead Investigator at the Brigham and Women’s Hospital. Before pursuing academia, she was a Medical 

Informatician at Partners HealthCare System for over ten years. Her research has focused on temporal reasoning, 

natural language processing, knowledge management, and clinical decision support.  She has been PI on numerous 

research projects funded by AHRQ, NIH, and CRICO/RMF. She serves as an AMIA Board Director, and is an 

Associate Editor for the International Journal of Medical Informatics. She also serves on the Clinical Informatics 

Subspecialty Board Examination Committee of the American Board of Preventive Medicine. 

Panelist #4 Jiajie Zhang, PhD, FACMI, FAMIA is an established leader in the biomedical informatics community. 

He is currently the Dean, Professor, and Glassell Family Foundation Distinguished Chair in Informatics Excellence 

at the School of Biomedical Informatics (SBMI) at the University of Texas Health Science Center in Houston 

(UTHealth). He is also the Director of the National Center for Cognitive Informatics and Decision Making in 

Healthcare. He has more than 30 years of research, education, product development, consulting, and management 

experience in Human Technology Integration, Usability and Workflow, Cognitive Science, Information 

Visualization, Decision Making, and Machine Learning, and has authored many publications, and received many 

grants and contracts as PI, Co-PI, and Co-I. Dr. Zhang will talk about the work-life balance issue from gender and 

managerial support perspectives. 

The panel will cover the following topics:  

1. Work-life balance issues and suggestions in different working environments (e.g., academia, informatics 

industry, health care system), including transitioning from one work environment to another (e.g., from 

industry to academia, vice versa).  Changing into a new working environment or transitioning career can be 

exciting. However, fitting into a new workplace, manage time, and collaborate with new colleagues can be 

overwhelming and challenging. It is particularly hard for women due to family responsibilities and social 

expectations. Nevertheless, transitioning from one work setting to another does not imply dismantling 

linkages between the old and new settings, but rather, it can be enriching and meaningful when pre-existing 

professional and personal linkages are maintained2. The challenges and survival strategies for adjusting 

work and life to the new responsibilities and new environments will be discussed.    

2. Work-life balance issues and suggestions at different stages of careers in health informatics, especially for 

early- and mid-career health informatics professionals. This is about work-life balance issues in career 

lifecycle. A woman in her initial career stage may be more likely to be concerned about child care and 

promotion, whereas their advanced career stage counterparts may be more focused on finding caring 

solutions for aging parents, while keeping active in their scholarship. Discontinuity and divided energy at 

different stages cause the similar conflicting demands on time and attention3, but problems at different 

stages are specific and individualized. Flexible measures are needed to resolve work and life conflicts.   

3. Work-life balance issues and suggestions from gender and ethnic perspectives. Balancing work and family 

demands is a struggle for almost all employees, regardless of gender and cultural backgrounds. With more 

and more dual-income families joining the workforce, both men and women face the challenges of 

balancing work and life demands. However, societal and personal expectations, culture norms, roles and 

responsibilities within families, and existing gender biases in the workplace, make male and female 

employees experience work-life balance issues differently in terms of stress level, schedule flexibility, and 

potential promotion opportunities, and so on 4-6. 

4. Work-life balance issues and suggestions for various supporting systems, including working organizations, 

departments, professional organizations, family and communities, etc. With increasing demand for quality 
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and quantity of work duties, health informatics professionals need systematic support mechanisms from 

individual’s internal coping strategies, to external sources of support, to tackle work–life balance 

challenges7. The panel will discuss the positive impact of having support mechanisms at individual, 

organizational, national and society levels working in unison to promote a much-needed implementation of 

work-life balance culture, policies and operational measures.  

Significance of the Topic and Anticipated Audience 

The topic of this panel is timely, urgent, needed, or attention grabbing given the need to: 

● Develop a better understanding of work-life balance issues at different stages of women’s lives and careers 

in health informatics.  

● Identify concerns, and develop programs and solutions to provide a supporting culture and environment to 

foster the career advancement of early- and mid-career health informatics professionals. 

This session will be of interest to health informatics students, and professionals in their early- and mid-career, who 

are interested in learning, exploring and preparing for work-life balance issues they may encounter, and potentially 

preclude the advancement of their careers. Informatics administrators will also find the panel useful. 

Expected Discussions 

After the introductory presentations, the moderator will ask questions as well as solicit questions from the audience, 

to prompt discussions among the panelists. Potential questions include: 

● What are the work-life-balance issues at different working environments? Are there any common and 

unique problems, and issues in different working environments? 

● What are the challenges women face at different stages in their health informatics career? What are the 

differences in facing work-life conflicts between male and female health informatics professionals? 

● What concerns health informatics professionals face in terms of different ethnic and cultural backgrounds? 

How can we engage working and professional organizations to raise their awareness and understanding of 

these concerns? 

● Would your manager perceive work-life balance issues and problems as something to be solved by 

employers and employees together, or are these the employees’ own responsibility? What measures have 

your organizations and professional organizations implemented to support work-life balance? How can we 

as a community provide necessary support? 

Participation Statement 

All proposed panelists and moderator are aware of this panel submission, and have agreed to participate in the panel 

if the proposal is accepted (as of 07/09/2020).  
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Navigating the National Cancer Institute Grants Process: A Primer for 
Informatics Researchers  
 
Robin C. Vanderpool, DrPH1, April Oh, PhD, MPH1 Roxanne Jensen, PhD1, Urmimala 
Sarkar, MD2, Tina Hernandez-Boussard, PhD3 
1National Cancer Institute, Rockville, MD; 2University of California San Francisco, San 
Francisco, CA; 3Stanford University School of Medicine, Stanford, California 

Abstract 

This panel will provide informatics investigators with information and advice on developing a competitive grant 
application for submission to the National Cancer Institute (NCI). The panel consists of three NCI program staff 
who oversee research programs in cancer communication, implementation science, and healthcare delivery, and 
two NCI-funded investigators whose work focuses on informatics research in the cancer prevention and control 
context. NCI staff will describe current informatics-relevant funding opportunities, outline key steps in the grant 
submission and review process, provide tips on writing a strong application, and highlight examples of NCI-funded 
informatics research. Two NCI grantees will then engage in a moderated discussion regarding their personal 
experience navigating the NCI funding process. Attendees will have ample time to ask questions and should leave 
the session with an understanding of the NCI grant funding process, insight into funding priorities in informatics, 
and a set of recommendations for writing strong grant proposals.     

Overview     

The National Cancer Institute’s Division of Cancer Control and Population Sciences (DCCPS) funds cancer 
prevention and control research in surveillance, epidemiology, health services, and behavioral science. As a leader 
within the federal government and the National Institutes of Health, DCCPS seeks to fund cutting edge research that 
utilizes, tests, develops, and implements health technology and digital health tools. Given the immense potential of 
health informatics, NCI is interested in supporting related research that takes full advantage of the newly available 
data streams, technologies, and research methods needed to change individual- and population-level health 
behaviors, progress patient care, address health disparities, and improve health outcomes across the cancer 
continuum. To this end, the NCI encourages health informatics researchers and professionals to work on questions 
fundamental to cancer prevention and control and to apply for funding from the Institute; this panel is a part of those 
efforts. In this session, three NCI program directors will outline key policies, procedures, and steps in the grant 
submission/review process, discuss important considerations for writing strong applications, describe current 
funding opportunities, and provide examples of successful applications focused on health informatics research in the 
cancer prevention and control context. Two NCI grantees will then participate in a facilitated discussion regarding 
their experience with applying for, and receiving, NCI funding for an informatics-focused proposal. The audience 
will have an opportunity to ask questions after each presentation and to receive advice on putting together a proposal 
from both NCI staff and experienced investigators. All informatics professionals and researchers who are interested 
in hearing more about the NCI funding process and learning strategies for putting together a successful proposal are 
encouraged to attend.   
 
Panel presentations  
 
1. April Oh, Senior Advisor for Implementation Science and Health Equity, Office of the Director, Division 

of Cancer Control and Population Sciences: “Overview of the NCI Grants Process” (15 mins + 15 mins 
for Q&A = 30 mins) 

 
Dr. Oh will provide an overview of the grant submission process, resources available at NCI, and submission 
guidelines. Dr. Oh will first review the different types of grant mechanisms available to extramural researchers 
(including R series grants and SBIR/STTR awards). Dr. Oh will then briefly explain how the peer review process 
and grant funding works at NCI, including the different roles of study section participants (such as the NIH review 
officer, review group chair, and assigned reviewers), the peer review scoring criteria, summary statements, award 
issuance, and administrative/fiscal monitoring after a grant is awarded. She will then discuss the key elements of an 
NCI application and offer strategies for writing a strong Specific Aims page. Dr. Oh will also provide important 
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information about the new Clinical Trials requirement and how it specifically relates to informatics research in 
cancer prevention or control. 
 
2. Roxanne Jensen, Program Director, Outcomes Research Branch and Robin Vanderpool, Branch Chief, 

Health Communication and Informatics Research Branch): “NCI Funding Priorities” (15 mins + 5 mins 
Q&A = 20 mins) 

 
Drs. Jensen and Vanderpool will provide an overview of current NCI scientific priorities related to informatics (such 
as imaging, telehealth, big data analytics, cancer data repositories and knowledgebases, integration of patient 
reported outcomes, implementation science), and highlight key topics in cancer prevention, cancer care delivery, and 
cancer communication that may be a good fit for informatics research (e.g., digital lifestyle interventions, cancer 
diagnostics, patient-provider and provider-provider communication, health equity). The presentation will also cover 
the trans-NCI Informatics Technology for Cancer Research (ITCR) program coordinated by the Center for 
Biomedical Informatics & Information Technology (CBITT). The presenters will also discuss specific funding 
announcements and Notices of Special Interest (NOSI) that investigators working in the field of informatics can 
consider applying to (a NOSI is a standard, formal way for NIH Institutes to indicate a research priority; a NOSI 
describes aims in a specific scientific area and points to one or more relevant funding opportunity announcements). 
Illustrative examples of informatics research currently in the NCI cancer prevention and control portfolio will also 
be shared. Drs. Jensen and Vanderpool will end by highlighting several common pitfalls that investigators should 
avoid in grant applications focused on health informatics (e.g., making an insufficiently strong case for the health 
impact of the proposed project).   
 
3. Moderated Discussion with NCI grantees (moderated by Robin Vanderpool, Branch Chief, Health 

Communication and Informatics Research Branch (25 mins + 15 mins Q&A = 40 mins) 
 
Dr. Vanderpool will moderate a discussion with Drs. Sarkar and Hernandez-Boussard regarding their personal 
experience navigating the NCI funding process. Dr. Sarkar has received funding from NCI for projects leveraging 
population-based cancer registries and social media platforms to examine key topics in cancer control such as the 
implementation of survivorship care plans and promotion of cancer screening. Dr. Hernandez-Boussard’s NCI-
funded research demonstrates new ways to use electronic health records and technology to advance patient-centered, 
evidence-based oncological care. The panelists will discuss challenges specific challenges and lessons learned, tips 
for developing a research project that is responsive to NCI priorities, key considerations for assembling a strong 
research team, and making a strong case for the significance of health informatics research in cancer prevention and 
control.  
 
Audience Discussion Questions  

1. What do you perceive to be challenges and facilitators to obtaining NCI funding for health informatics 
research, especially for early stage investigators? 

2. What are best practices for identifying collaborators with complementary expertise and managing a 
multidisciplinary team of researchers?  

3. What else can NCI do to support and encourage health informatics research related to cancer prevention 
and control and facilitate applications for funding?  

4. What informatics research do you see as having the biggest potential impact on cancer prevention and 
control in the next decade? Are there any important areas that NCI should consider investing in?  

5. What strategies can be used to help stimulate applications for funding originating from community-based 
researchers/institutions? 

 
Statement Confirming Participation 
 
I, Robin Vanderpool, as organizer of the panel “Navigating the National Cancer Institute Grants Process: A Primer 
for Informatics Researchers”, confirm that all participants have agreed to take part on the panel. 
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Bias in the Reuse and Analysis of Electronic Health Record Data 

Nicole G. Weiskopf PhD1, Melody Greer PhD2, Karthik Natarajan PhD3, Caroline A. 

Thompson, PhD MPH4, Harold P. Lehmann MD PhD⁵ 
1Oregon Health & Science University, Portland, OR, 2University of Arkansas for Medical 

Sciences, Little Rock, AR, 3Columbia University, New York, NY, 4San Diego State 

University, San Diego, CA, ⁵Johns Hopkins, Baltimore, MD 

Introduction 

Electronic health record (EHR) data for are increasingly utilized for quality improvement, clinical research, and other 

endeavors related to medical care and research. A major benefit of these data is their representativeness of real patients 

in real care settings. While the analyst has their hands on the entire population under care, the generalizability—or 

external validity—of findings based on a specific institution’s EHR data is not always clear. Furthermore, issues of 

data bias, i.e., data quality problems that do not occur completely at random, but rather are driven by underlying 

mechanisms, have the potential to limit external validity.  

In this panel we will explore the potential causes of data bias in EHR data, discuss approaches for their detection and 

amelioration, present examples of existing work that implements these approaches, and articulate unmet needs. The 

learning objectives of this panel are to: 1) describe the problems of bias in EHR data analyses, 2) discuss relevant 

structural and provenance-related differences between EHR data and other research data, and 3) explore how the extant 

literature on methodological approaches already are or could in the future be extended to EHR data. 

A basic understanding of data bias in EHR data is important for all stakeholders involved in either the analysis of EHR 

data, or the consumption of knowledge derived from EHR data. We hope that informaticians especially will benefit 

from an introduction to best practices as they relate to detecting data bias, analyzing biased data, and properly reporting 

limitations in generalizability of findings. 

 

Figure 1. Biases of concern in the analysis of EHR data. 

Panel Description 

Dr. Greer will serve as moderator. She has experience in healthcare as well as marketing data science using population, 

or market, segmentation in a variety of applications. It is crucial to the success of the research in these areas that 

provenance is at least understood, and tracked would be better. Bias is insidious and can be introduced at multiple 

time points during batch and individual data manipulation. To unwind and discover bias is exceptionally challenging, 

and the complexity compounds over time. Unfortunately, it is typically lower socioeconomic status individuals, 

specifically women, who are the primary casualties. Their information is more likely fragmented and incorrect due to 

a long list of challenges including but not limited to last name changes, literacy issues, cognitive impairment, substance 

abuse, and misspelled or interchanged names. Together these factors result in an additional layer of bias intertwined 

with healthcare process bias.  

Observed 
Outcome

Patient-
Reported 
Outcome

Recorded 
Outcome

(Survivor) 
Treatment 

Bias

Ascertainment/
Misclassification/

Detection Bias

Diagnostic/
Treatment 

Access Bias

Healthcare 
Access Bias

Sick-Quitter 
Bias

Under-reporting/
Recall Bias

Non-
Response 

Bias

Referral 
Filter Bias Spectrum 

Bias

Gaps in 
Data

General 
Population

Healthcare 
Population

EHR 
Population

Computable 
Cohort

<Exposure>

Centripetal 
Bias

Lead time/ 
Protopathic 

Bias

Competing 
Risks

Length 
Bias

Berkson’s 
Bias

Inclusion/
Exclusion Bias

Spectrum 
Bias

Temporal 
Ambiguity

Observed 
OutcomeObservable 

Outcome

Diagnostic 
Suspicion 

Bias

Query Bias

171



  

Dr. Lehmann: There are many methods for analyzing data from electronic health records (EHRs) for research and 

learning. However, these efforts have unclear generalizability.1 There are many more; one review lists 18 biases of 

observational studies2 and Maclure and Schneeweiss identified the “episcope” of multiple concerns.3 There are others 

unique to electronic health record data.4 (See Figure 1.) Methods have been developed over the past 15 years to adjust5 

or to assess sensitivity6 of conclusions to different biases. In 2005 Greenland set out a methodology research program 

to address simultaneously the multiple biases that arise in any observational study.7 About the same time, the 

epidemiology community was exploring the use of causal models8 that, while dating back to path-analysis of the 

1920s, were working within the paradigms by Pearl and other computer scientists of the 1990s. Lash and Fink report 

on a tool from 2003,9 but their development was before the large amount of work done on the mathematics of causal 

modeling.10-12 Some debiasing methods have been applied to EHR data, for instance, focusing just on selection bias 

through a novel heuristic13 or just on mis-classification bias through traditional generalized linear models,14 or they 

are based on almost-Bayesian methods that can accommodate a small number of concerns at a time.15  

Dr. Thompson will discuss theoretical and applied issues surrounding generalizability and transportability of EHR-

based findings. While EHRs are arguably far superior to clinical trial samples because they reflect a more diverse 

patient population and evidence of “real world” care delivery, EHR populations are still subject to limitations in their 

external validity due to differential patterns of healthcare access and use across populations. Indeed, most EHR 

databases (“study population”) are a mere convenience sample of the underlying catchment region (“target 

population”) and may be demographically unrepresentative. Two relevant concepts are that of generalizability, which 

is the ability to make an inference from a nonrandomly sampled study population back to the full target population, 

and transportability, which is the ability to make an inference to the target population when the study population and 

target population are partially or completely non-overlapping. Both concepts are especially important when 

considering the policy implications of an EHR study. Graphical and potential outcomes approaches to have been 

proposed16, 17 and estimation methods are increasingly receiving attention,18-20 but there are still limited applied 

examples in the literature. This presentation will review the theory and recently developed methods for generalizing 

and transporting results with motivating examples from a study of cancer outcomes in a large EHR population in 

Northern California.21 

Dr. Natarajan will present approaches to data quality and data bias assessment in the All of Us (AoU) Research 

Program.22 This program integrates multiple data sources: surveys,23 EHR data, physical measurements, biosamples, 

and mobile health data. This means that the data collected for AuO may be subject to data biases commonly found in 

both prospectively and retrospectively collected data, including EHR data. Moreover, one of the major goals of AoU 

is to generate data that are representative of the broader population of the United States, especially individuals who 

have historically been underrepresented in clinical and biomedical research, allowing for improved generalizability in 

findings drawn from these data. This presentation will focus on the operational approaches currently employed or 

proposed for assessing data quality during the overall data curation process.  

Dr. Weiskopf will be presenting work on the upstream causes and downstream impacts of EHR data quality as it 

relates to clinical quality measures (CQMs). Early result of this work indicated that key concepts required for the 

reliable calculation of common CQMs are not missing at random. Rather, the missingness of these concepts (e.g., 

diagnoses and medications) is conditioned at least partially on factors related to access to care,24 illness severity,25 and 

likely certain social determinants of health. The overall result being not only that CQM results may not be unreliable, 

but that they are disproportionately erroneous for certain subgroups of patients. The identification of underlying 

sources of bias in healthcare data is challenging; a mixed methods approach including qualitative inquiry may be 

especially helpful, rather than a purely data-driven approach. If successful, the results of such an approach can be 

incorporated into more formalized approaches to failure analysis, allowing for the estimation of the probabilities of 

erroneous observations for different concepts under different circumstances and for determining for which patients 

we are most likely to miscalculate CQM adherence.  

Discussion Questions 

 Many missingness methods assume that data are clearly present or absent. How can we extend such methods 

to EHR data, where absence (e.g., of a diagnosis) often implies negation? 

 How can findings related to bias in EHR data be translated into transparent information regarding 

generalizability of research results? 

 Where can you find the methods (models) you need to incorporate into your analyses? 

 What tools are needed to improve the use of advanced methods in analyzing EHR data in local sites? 

 What biases are particular to EHR data over, say, claims data or sponsored-research data? 
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Conclusion 

Proper handling of biases is crucial for consumers of research to believe our results and to apply them appropriately. 

As the world increasingly takes for granted the availability of EHR data to provide research results, it is crucial that 

we understand how to turn the knowledge from those results into wisdom, which debiasing methods, in part, help us 

to do.  

All individuals included in this panel proposal have agreed to attend the AMIA 2020 Annual Symposium and 

participate in this presentation. 
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Data-Driven Clinical Decision Support for Computerized Physician Order 
Entry: Development, Evaluation, and Implementation 
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Abstract 
  
Clinical decision support (CDS) has generally been consensus-driven throughout its history. With access to larger 
data sets and greater computational power, healthcare organizations have increasing opportunities to make CDS 
data-driven. Data-driven approaches allow organizations to develop patient-centered and customizable CDS that are 
most appropriate based on insights generated from data at each organization. Medical informatics has multiple 
opportunities to promote and facilitate the design, implementation, and evaluation of data-driven CDS. In this panel, 
we will focus on CDS for computerized provider order entry (CPOE), and discuss multiple challenges and 
opportunities around three areas to improve health and healthcare operations: how to develop data-driven CDS; how 
to evaluate; and how to implement and govern. After participating in this session, attendees should be able to define 
data-driven CDS, identify barriers against its development and use, and describe informatics approaches to overcome 
these barriers through case studies at multiple organizations across the US. 
  
Keywords 
Clinical decision support, computerized physician order entry (CPOE), electronic health records,  
  
Introduction 
 
Clinical decision support (CDS) presents healthcare providers with relevant clinical knowledge and patient 
information to improve health and healthcare delivery.(1) A key area for CDS is within computerized physician order 
entry (CPOE), including functions such as computerized alerts, diagnostic support, visualized summaries, and order 
sets.(2) These CDS tools are expected to result in improved safety, effectiveness, and efficiency while reducing care 
variations. CDS developers traditionally derive their contents such order sets from clinical practice guidelines and 
expert consensus. The production and ongoing maintenance of CDS content also require extensive manual effort as 
mandated by the Joint Commission. At the same time, given no consistent standard, variability in the quality of CDS 
content is high, as the diversity and complexity in real patient settings often exceed existing consensus-based CDS.  
 
With the introduction of advanced analytical techniques to healthcare, recent literature has proposed novel methods 
for CDS supported by rich information and data science.(1) The benefit of such data-driven CDS, often derived from 
electronic health records (EHR) data, is the ability to include practice-based evidence into CDS content to timely meet 
individualized clinical scenarios. However, mounting informatics methodology challenges for data-driven CDS 
remain particularly in the CPOE domain. One crucial challenge from the development perspective is the lack of gold 
standards from study data, potentially perpetuating biases and suboptimal practices. Once developed, a bottleneck of 
data-driven CDS often is its validation and evaluation, a process that heavily relies on having sufficient input from 
clinical users. Among the existing CDS tools, effective governance requires a continuous improvement loop that takes 
in current usage patterns and prepares for new demands.  
 
Given the tremendous promise and existing challenges, this panel will offer insights on how we may leverage data 
science to propose solutions for the development, evaluation, implementation, and governance of data-driven CDS for 
CPOE. We will open the panel by describing the existing literature on approaches for data-driven CDS in CPOE 
focusing on methodology limitations to be addressed. The panelist, each with extensive experiences studying CPOE 
and CDS, will present four case studies on how data science may be used to develop data-driven CDS, extract user 
responses, impact care outcomes, and lastly, improve implementation and governance.  
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Panel Moderator: Defining Data-Driven CDS for CPOE and Outlining Its Challenges  

Yiye Zhang, PhD, MS is Assistant Professor in the Division of Health Informatics of Department of Population 
Health Sciences, and Department of Emergency Medicine at Weill Cornell Medicine, Cornell University. Dr. Zhang 
is currently a K01 trainee in Biomedical Informatics and Data Science funded by the National Library of Medicine on 
developing data- and outcome-driven CDS for order placement for patients with heart failure using machine and 
statistical learning. Her research focuses on developing informatics and data-science methodologies for deriving not 
only data- but more importantly, outcome-driven, CDS using electronic health records (EHR) data. In particular, Dr. 
Zhang has developed and evaluated data-driven order sets, data-driven clinical pathways, and outcome predictive 
models across clinical areas. As the moderator, Dr. Zhang will describe the current state of CDS for CPOE and list its 
unique challenges in development, evaluation, implementation, and governance. Examples of the challenge from each 
area will be drawn from Dr. Zhang’s ongoing study on deriving heart failure subtype-specific order sets from EHR 
data.  
 
Panel 1: Wisdom of the Crowd or Tyranny of the Mob? Data-Mining Clinical Decision Support from Electronic 
Medical Records 
 
Jonathan H. Chen, MD, PhD is Assistant Professor in the Center for Biomedical Informatics Research and Division 
of Hospital Medicine in the Stanford Department of Medicine. He practices Internal Medicine where frontline 
experience with the benefits and limitations of existing clinical decision support tools inspire his research focused on 
discovering and distributing the latent knowledge embedded in clinical data. Dr. Chen will review collaborative 
filtering and similar unsupervised machine learning methods to overcome the bottleneck for labeled training data in 
clinical applications. This effectively crowdsources the daily practices of clinicians who act as an army of manual 
annotators who label their patient’s records with their best guesses for appropriate diagnostics and treatments.(3) To 
assess how clinician end-users respond to such data-driven suggestions, Dr. Chen will respectively review the results 
of a usability study of 43 physicians working on simulated emergency medical cases in a prototype clinical provider 
order entry interface that incorporates a dynamic clinical order recommender system. 
  
Panel 2: Integrating the User Voice into CDS Using Machine Learning 
 
Adam Wright, PhD, FACMI, FAMIA, FIAHSI is Professor of Biomedical Informatics at Vanderbilt University  
Medical Center and serves as the director of the Vanderbilt Clinical Informatics Center (VCLIC). Focusing on CDS 
and machine learning, Dr. Wright’s has led multiple federally-funded projects on clinical problem lists, malfunctions 
in clinical decision support systems, approaches for sharing CDS nationally and adverse event detection using machine 
learning. Within the domain of CPOE, Dr. Wright has examined CDS including order set default settings and alert for 
drug-drug interactions, and has used machine learning to develop functions such as next order prediction and data-
driven order sets. He will discuss the limitations of these machine learning approaches He will discuss approaches for 
integrating the user voice into CDS, including strategies for learning from user comments and feedback using natural 
language processing, identifying common clinical scenarios, through machine learning, where users are most likely 
to override CDS and approaches for incentivizing CDS improvement.(4)  
 
Panel 3: Evaluating the “Reducing Friction” Approach in CDS and Understanding Stakeholder Needs 
 
Jessica S Ancker, MPH, PhD, FACMI is Associate Professor in the Division of Health Informatics, Department of 
Population Health Sciences at Weill Cornell Medicine. She will describe what might be called the “reducing friction” 
approach to shaping clinical decisions. This involves reducing the keystrokes and EHR actions needed to make 
recommended choices, so that they are simpler to accomplish than non-recommended options. In a recent opioid 
prescribing initiative, Dr. Ancker’s team reset defaults in the electronic prescribing system so that following CDC 
guidelines for new opioid prescriptions required fewer than one-third the key-strokes than deviating from those 
guidelines. She will present data showing that the innovation was extremely successful at a healthcare organization 
with low baseline guideline adherence, but had almost no effect at an organization with high adherence. Dr. Ancker 
will present evidence showing how these “nudges” can facilitate routine decisions while freeing up cognitive and 
physical effort for more challenging clinical tasks. In addition, Dr. Ancker will demonstrate how this approach is 
consistent with recent research on understanding stakeholder needs for implementing predictive analytics in a seamless 
and actionable fashion.(5) 
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Panel 4: Improving Implementation and Governance of Order Sets using EHR data 
Marc Tobias, MD, is Founder/CEO at Phrase Health, a governance and analytics software company, Adjunct 
Assistant Professor in the Department of Emergency Medicine at the University of Pennsylvania, and Adjunct Faculty 
in the Department of Biomedical and Health Informatics at Children’s Hospital of Philadelphia. Dr. Tobias has won 
multiple national awards for his work on the Phrase Health platform, including being one of four winners in a Provider 
User Experience Challenge hosted by the Department of Health and Human Services. He will discuss how EHR data 
can be used to evaluate CDS performance such as order set implementations. Few EHR administrators consider 
reviewing detailed order set usage data regularly or as part of their mandated order set reviews. However, this 
performance insight provides an opportunity to see how the intended purpose and vision for an order set may not 
match the reality of adoption. Dr. Tobias will describe real-world examples of how EHR order set data is being used 
to improve quality, decrease waste, and decrease the burden on ordering clinicians.  
 
Learning Objectives 

This panel is designed to bring perspectives of developers of data-driven CDS, care provider users, implementors from 
both academic medical centers and industry across the US. After participating in this session, attendees should be able 
to understand the following: 

● Define data-driven CDS and its importance for CPOE; 
● Development 

○ How machine learning and data can be used to develop data-driven CDS for CPOE 
○ Methodological challenges in this approach unique to CPOE 

● Evaluation 
○ What do stakeholders want, and how to use machine learning to incorporate user perspectives; 

● Implementation and Governance 
○ How to effectively use data and visualization for CDS governance 
○ How to address interoperability issues in CDS 

 
Target Audience 

This panel will be of interest to CDS implementers and researchers, as well as data science researchers who are 
interested in developing models to assist clinical decision making.  

Panel Organizer Statement 

All participants have agreed to participate in this panel. 

Conflict of Interest 

Dr. Zhang has equity ownership of Iris OB Health, Inc. Dr. Tobias is founder and CEO of Phrase Health.  Dr. Chen is 
co-founder of Reaction Explorer LLC and has been paid consulting or speaker fees from the National Institute of Drug 
Abuse Clinical Trials Network, Tuolc Inc., Roche Inc. 
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Abstract
An increasing number of people survive longer ages leading to a growing population of people 65 years of age or older.
A large percentage of this population is afflicted with multiple acute diseases (multi-morbidity). Clinicians need new
tools to quantify the relative risk of an adverse event due to each competing disease and prioritize treatment among
various diseases affecting a patient. Currently available deep learning survival analysis models have limited ability to
incorporate multiple risks. Also, deep learning survival analysis models in current literature work predominantly in
the discrete-time domain, while all biochemical processes continuously happen in the body. In this work, we introduce
a novel architecture for a continuous-time deep learning model to combat these two issues, DeepCompete, aimed at
survival analysis for competing risks. Our model learns the risk of each disease in an entirely data-driven fashion
without making strong assumptions about the underlying stochastic processes. Further, we demonstrate that our model
has superior results compared to state of the art continuous-time statistical models for survival analysis..

1 Introduction

As per the World Health Organization, human life expectancy at birth has been rising steadily over the past two
decades1. With an increasing geriatric population, the issue of multi-morbidity is becoming an increasingly important
problem. Multiple diseases have a severe impact on the person’s immune system, and each disease ends up altering the
prognosis of other diseases the person is suffering from. In such a scenario, tools that can take into account the overall
patient health and risk intensity of each specific disease to give a realistic disease prognosis can help the clinicians a
great deal2,3.

Survival Analysis is a very well-developed branch of statistics. It is commonly referred to as the “time-to-event” anal-
ysis in the medical literature or time-to-failure analysis in reliability engineering. Recently, new machine learning and
deep learning survival analysis models have been developed for survival analysis4,5,6,7,8,9. Being universal function
approximators, these models have high learning capacity and are free from the strong assumptions that plague the
statistical models. Several deep-learning models4,10,6,7 focus on solving single-risk problems i.e. learning the risk of
the patients suffering from a particular disease. The competing risk setting is not as prevalent as the single risk setting
because the occurrence of one event obscures the observation of events due to the competing risks. Combined with
the fact that medical datasets often have limited patients and several censored observations, the problem of competing
risks becomes all the more intractable and challenging.

Statistical literature has a library of both continuous as well as discrete-time survival analysis models. However, the
recent deep learning models are heavily in the discrete-time space. Stolzenburg et al. (2016)11 also describe that neural
networks are naturally suited for discrete-time modeling but suffer from serious handicaps for modeling continuous-
time dynamical systems. Although discrete-time approximations of the time-to-event analysis can be developed,
continuous-time models are a more natural choice for modeling the continuous-time stochastic processes of prognosis
of a disease.

In this work, we propose a novel architecture, DeepCompete, continuous-time competing risk deep-learning model.
The composite architecture of DeepCompete leverages multitask learning to learn common features for the several
competing risks. Also, there is a custom continuous-time risk-specific arm (neural-network) to learn the risk specific
cumulative hazard functions(CHF). We assume that the censoring of patients is an independent event i.e., it is neither
systematic nor correlated with any other specific underlying stochastic process.We use real-world cancer datasets with
right-censored observations to benchmark it against the state of the art continuous-time models.

Organization of manuscript is as follows: We first introduce basic notation and commonly used quantities in survival
analysis in Section 2. This vocabulary helps us to give a succinct overview of the recent works in the field in Section
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3. The architecture of model, losses, and evaluation metrics follow in Section 4. In Section 5, we describe the
datasets used, the experimental settings and hyper-parameter tuning as well as the results and their discussion. A short
conclusion in Section 6 concludes the manuscript.

Contributions

Our key contributions lie in the several conscious modeling choices that we make to create a model that is closer to the
real world. Firstly, it is a personalized model i.e. we learn the cumulative hazard function (CHF) for every patient in the
dataset rather than summary statistics of a population. Also, most other models produce only a point-estimate of risk of
a patient. In addition to that, we estimate CHF, a continuous-time function that helps to keep track of the evolution of
disease-specific risk over time. Secondly, CHF being a real-valued function, makes DeepCompete a more informative
model as compared to it’s counterparts that discretize the risk of patients. Thirdly, DeepCompete can model a single
risk dataset as well as a dynamic number of competing risks. This makes it a flexible and more realistic model for the
healthcare domain. Fourthly, DeepCompete learns non-linear features and representations for risk-specific modeling
and general health score of a patient, in a fully data-driven fashion, without any strong parametric assumptions. Also,
we use a flexible loss function that takes multiple risks as well as censoring into account. Our network has multiple
components, but we train the network end to end by back-propagating losses. Lastly, we compare and benchmark our
model with a wide variety of continuous-time models on real-world datasets, thus facilitating a comparison between
multiple models that exist in the literature. We demonstrate that our model stands out as it significantly outperforms
most other continuous-time models.

2 Quantities in Survival Analysis

We consider a dataset D = {(Xi, τi, ki)}Ni=1 of N patients collected for the purpose of survival analysis. Here Xi is
the set of covariates of patient i for all the risks involved. τi,k = min(Ti,k, Ci,k) is the time to event for patient i, with
respect to kth risk where Ci,k denotes the time to censoring and Ti,k is the time to the observed events. The set of
possible competing events isK = {φ, 1, 2, 3...,K} where φ denotes right-censoring i.e. the patient is lost to follow-up
or dropped out of study. Throughout this draft, we use i to index patients and k to index risks.
The instantaneous risk of experiencing an event is called hazard. It is the probability of experiencing an event in an
infinitesimally small time window of length δ, given that a patient doesn’t experience an event till time t. Mathemati-
cally, we define hazard due to the competing risk k, at time t as follows-

λk(t) = lim
δ→0

P{t < T ≤ t+ δ|X, k,T > t}
δ

(1)

On integrating this, we get risk-specific cumulative conditional hazard function (CHF) as follows -

Λk(t) =

∫ t

0

λk(s)ds (2)

Note that the event is caused due to one (and exactly one) of the competing risks. Therefore, we use the law of total
probability, to calculate the total instantaneous risk of a patient due to all the competing risks as follows -

Λ(t) =

K∑
k=1

Λk(t) (3)

The total probability of no event until time t is called the Survival probability. We denote this probability of surviving
until time t as S(t). Then, the overall survival probability can be easily defined in terms of individual risk-specific
CHF as follows -

S(t) = exp (−Λ(t)) = exp

(
−

K∑
k=1

Λk(t))

)
=

K∏
i=1

exp (−Λk(t)) (4)

In this work, we use a multitask neural network in conjunction with an augmented N-ODE solver to evaluate the risk-
specific cumulative hazard function which, as we just established, is a reasonable estimate of the cause-specific risk as
well as the survival probability of a patient.
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3 Background

There are multiple survival analysis models in the statistical12,13,14,15,16,17, literature but Cox proportional hazards
model,1972 (Cox-PH)18 is considered to be a landmark work in the area.

Figure 1: Hard Parameter Sharing for Multitask networks

Deep learning Models: In 1995, Faraggi and Simon19,
presented an early application of neural networks for
healthcare. Different deep learning algorithms have
since been used for a variety of tasks in healthcare20,21

,22,23. In 2017, DeepSurv4 became the first Cox-PH as-
sumption based neural network. Although, DeepSurv
learns to extract non-linear representations from the in-
put features but the proportional hazards assumptions
severely limits its performance in terms of the concor-
dance index. Since then a lot of new neural network
architectures5,9,24,25 have been proposed which do not
use the proportional hazards assumption and fare better
in terms of the concordance index. Among these differ-

ent architectures, while Deephit is not easily scalable when the number of competing events increases (the number of
layers increases as the number of competing-events increase), it has superior performance as compared to other dis-
crete models owing to the specialized loss function that penalizes incorrect ordering of pairs (ranking loss). Dynamic
Deephit is a non-parametric discrete-time model that uses repeated measurements to update the prediction of the time
to an event. However, multiple recurrent observations are needed to train and use it, this limits it’s use to diseases with
slow progression and large scale medical datasets with follow-up data.

Neural ODEs26 (N-ODE) and Augmented Neural ODEs27 (AN-ODE) have wide applications28,29,30,31 in the space
of modeling complex dynamical systems in the continuous-time space. N-ODE proposed a novel architecture con-
sisting of a neural network and an ODE solver and an algorithm to train this new architecture. AN-ODE showed that
augmentation of input space can help to expand the universe of functions that can be modeled using a N-ODEs.

MultiTask Neural Networks: Multitask learning focuses on getting good generalization and enhanced performance
by training one neural network for all related tasks32,33. By trying to learn about various diseases affecting a patient,
we focus on learning about each patient’s health status and how that evolves in the face of these multiple-diseases.
This makes multitask learning a very natural way to address clinical problems around multi-morbidity34,35. In this
work, we use the conventional hard-parameter sharing multitask neural network (Fig.1) to capture important non-linear
features common to all co-morbidities(concurrent diseases). The survey on multitask neural networks by Sebastian
Rudder36 and Yu Zhang et al.37 are conceptually and mathematically comprehensive overviews of the advancements
in multitask learning using neural networks.

4 DeepCompete

In this section, we discuss the different aspects of our model, including the architecture, loss function, and the evalu-
ation metrics used. In the next section, we bring together a motivation of how these different components work with
each other to give us a state of the art continuous-time model.

4.1 Architecture

The model has two major components as described in Figure 2 - shared risk modeling network and the risk specific
layers.

The shared risk network is a fully-connected feed-forward neural network with ReLU activation. The shared layers
are designed to learn the common features of the prognosis of each competing risk i.e. the dynamics of patient’s
general health and well-being. There is a skip connection between the input covariates and the output of this shared
risk modeling block. This helps the risk specific neural-net arms to learn jointly from the non-linear representations
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Figure 3: Computational graph of DeepCompete

learnt by the shared layers as well as the input covariates.
The risk specific modeling network consists of several arms, one for each specific risk in the dataset. Each arm
consists of a feed-forward neural network and a N-ODE block. This is designed to model the dynamics of each
specific disease. The risk specific arm of the kth risk denoted as Fk in Figure 3. In the last layer of the risk-specific
neural network, we experiment with different non-linearities including softmax and sigmoid function. The depth of
the hidden states and the risk trajectories (or the vector field) estimated by the network drastically changes with the
non-linearity used in this layer38. We do not experiment with hyperbolic tangent(tanh) as the hazard function is always
non-negative. Finally, the feed-forward network’s output is fed into a differentiable ODE solver block, to give us the
prognosis of each competing risk as a continuous-time function.
The computational graph for this architecture is shown in Figure 3. After the calculation of loss of the network,
we back-propagate through the network to update all the weights in the risk-specific and shared neural-net layers.

Figure 2: Architecture of DeepCompete

4.2 Loss Function

We use the negative log-likelihood(NLL) function to
train our model. The loss function L is designed to op-
timize the model’s predicted cause-specific risk and is
specifically designed to handle right-censored observa-
tions. In an observation, for the event-causing risk, we
maximize the likelihood that the event takes place at time
Ti,k. For all the other risks associated with the patient,
we maximize the probability that the event occurs only
after the right-censoring time-stamp (Ci,k). We define
the log-likelihood loss in terms of hazard function and
the cumulative hazard function as follows -

L(Di,Θ) = − log[λi,k(s)δi,kexp(−Λi,k(s)] (5)

where δi,k = 1(Ti,k < Ci,k) and 1 is the indicator func-
tion. Θ represents all the learnable parameters in the en-
tire network. For more details, the computational graph
of DeepCompete is shown in Fig 3.
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4.3 Evaluation Metric

Models that use the proportional hazard assumption use the features collected at the time of diagnosis (t=0), to make
a point-estimate of a patient’s estimated risk and the time to event. As a standard choice to benchmark these survival
analysis models, we use the Harrell’s Concordance Index (Harell et al. 1982), denoted as C-index (CI). To evaluate
time-evolving risk in DeepCompete, we use the time-dependent concordance index (Ck(t) - index).

Ck(t) = P(Λk(t;Xi) > Λk(t;Xj))|{ki = k} ∧ {Ti < t} ∧ {Ti < Tj ∨ δj 6= k} (6)

where Ck is the time-dependent concordance index for risk k.

Our results are documented in Table 1. We report the mean as well the standard deviation of concordance index for
five runs. Perfect C-index has value 1 while random guessing corresponds to a C-index of 0.5. The results for the
time-dependent concordance index are reported in the supplementary material.

4.4 Datasets and pre-processing

We use several real world micro-array datasets to evaluate our method. Various features of these datasets are described
in Table 2 (Appendix).

Surveillance, Epidemiology, and End Results (SEER) We used the SEER dataset of breast cancer patients during
the years 1992-2007. There is data of exactly 105,524 women who have patient deaths due to breast cancer and car-
diovascular diseases(CVD), besides some right-censored patients. For 23 features included - we used simple methods
for imputing missing information (mean for real-valued features and mode for categorical features).

The Norway/Stanford Breast Cancer Data (NSBCD)39 In NSBCD, only 38 of the 115 women with breast cancer
experience an event. 549 genetic features are logged for each woman. This is a popular publicly available microarray
dataset and has been used widely to infer the prognosis of breast cancer.

Acute myeloid leukemia (AML)40 6283 genes of 116 patients have been logged in this dataset. Of these 116 patients,
71 patients experienced an event. Literature shows that this dataset has been used to identify the prognosis of acute
myeloid leukemia in adults.

Lung Cancer Dataset41 This has the gene expression profiles of 86 patients with lung adenocarcinoma. 76 of these
86 patients experienced an event. There are 7129 gene expressions logged for each patient in the dataset. Lung Cancer
Dataset portrays how this gene profile data can be used to predict the survival of these patients.

Dutch Breast Cancer Dataset (DBCD)42 The dataset has gene expression profiles as well as clinicopathological
features from 295 women with Stage 1 or Stage 2 breast cancer between 1984 and 1995. The age at diagnosis is less
than 52 years. The women have no previous cancer history except skin cancer. All patients had a follow-up period of
at least 5 years. DBCD shows how microarray analysis can be used to construct gene prognosis profiles from this data
which are strong independent factors in predicting the prognosis of the disease.

Diffuse Large B-Cell Lymphoma Cell (DLBCL)43 Diffuse large cell Lymphoma affects both men and women.
About 70% of the cases are diagnosed when the cancer is in Stage 2 or later. The five-year survival rates decrease
sharply at the advanced stage of diagnosis44. This dataset is freely available from the geo-datasets.

5 Experiments and Results

Hyper-parameter Optimization: The system was implemented using Pytorch v1.2.0 and Python 3.6.9. The dataset
was divided into train -validation-test set with a ratio of 60-20-20. We stratified the sets to have the same proportion
of right-censored patients. We used the grid search method to find the best configuration of batch-size, dropout rate,
learning rate, non-linearity, depth of the shared neural network, depth of the cause-specific neural network, and data
augmentation dimensions. The best hyperparameters are logged in Appendix Table 2. In the current implementation,
we treat the depth of the shared neural network as well as the depth of the risk specific layers as hyper-parameters.
We learn the depth using grid search (depth varies between 1 to 8, step size =1). We found that optimal number of
layers for the stem as well as arms is 4. For all our results, we used five-fold cross-validation and early stopping with a
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Architecture NSBCD AML Lung DBCD DLBCL

Cox Proportional Hazard18 0.41 ± 0.10 0.49 ± 0.07 0.46 ± 0.13 0.45 ± 0.07 0.45 ± 0.07
ElasticNet-Cox PH13 0.52 ± 0.09 0.50 ± 0.05 0.47 ± 0.09 0.49 ± 0.04 0.5 ± 0.04
CoxPH with Boost14 0.65 ± 0.24 0.4 ± 0.08 0.56 ± 0.12 0.55 ± 0.1 0.42 ± 0.05
Logistic Regression45 0.50 ± 0.08 0.53 ± 0.07 0.5 ± 0.14 0.5 ± 0.08 0.52 ± 0.03
Weibull Distribution45 0.52 ± 0.08 0.5 ± 0.07 0.51 ± 0.15 0.52 ± 0.06 0.51 ± 0.04
Log-Gaussian Regression45 0.44 ± 0.08 0.52 ± 0.06 0.52 ± 0.15 0.53 ± 0.05 0.51 ± 0.03
Log-logistic Regression45 0.45 ± 0.07 0.52 ± 0.06 0.51 ± 0.14 0.53 ± 0.06 0.52 ± 0.05
Ordinary Least Squares45 0.5 ± 0.01 0.52 ± 0.04 0.53 ± 0.17 0.51 ± 0.06 0.50 ± 0.03
To-Bit Model15 0.46 ± 0.08 0.59 ± 0.13 0.49 ± 0.15 0.51 ± 0.09 0.52 ± 0.04
Buckley James-EN16 0.70 ± 0.05 0.62 ± 0.06 0.57 ± 0.12 0.70 ± 0.03 0.61 ± 0.03
Concordance Index Boost46 0.67 ± 0.07 0.60 ± 0.05 0.64 ± 0.09 0.72 ± 0.04 0.63 ± 0.05
Random Survival Forest17 0.67 ± 0.09 0.60 ± 0.02 0.65 ± 0.10 0.71 ± 0.04 0.59 ± 0.05
DeepCompete (Proposed) 0.795 ± 0.09 0.59 ± 0.03 0.71 ± 0.07 0.81 ± 0.02 0.69 ± 0.02

Table 1: Concordance Index (mean ± std) of DeepCompete compared to other state of the art models. Higher the
better. C-index of 1 is perfect concordance.

patience of 10. Dropout was used to prevent overfitting in the network. The use of softplus activation in the last layer
did not outperform the sigmoid activation results in our case for any dataset. We consistently used ReLU activation
function in all the layers of the neural networks except the last layer of risk specific arms.

6 Conclusion

A tool that helps with precise quantification of disease-specific risk in the multi-morbidity setting can support a clini-
cian in taking the right clinical decisions. Therefore, such a tool can significantly impact longevity and the quality of
care received by a patient. In this work, we developed a novel composite deep learning architecture, DeepCompete,
for survival analysis in presence of competing risks. We learned the joint distribution of risk of each chronic disease
without making any strong assumptions about the dynamical system. To prove the utility of our method, we test it on
real-world cancer datasets. The experiments show that the proposed method significantly outperforms the state of the
art continuous-time models in terms of concordance index.
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7 Appendix

In Table 2 we present the hyper-parameters learnt for each dataset for the DeepCompete algorithm. The optimal
number of layers in the shared as well as cause specific networks is four for most of the datasets (except SEER and
DBCD). Further, a batch size of 32 is optimal across all datasets excpet AML.

Dataset batch size cause specific layers shared layers dropout rate

SEER 32 4 1 1
AML 128 4 4 1
Lung 32 4 4 1
DBCD 32 4 2 1
NSBCD 32 4 4 0.8
DLBCL 32 4 4 0.6

Table 2: Summary of hyper-parameters in the table

In Table 3 we present a summary of the datasets used in this draft to benchmark the various survival analysis models.

Dataset Patients Features Competing risks Right-censored Events Risk1 Events Risk2

Lung 86 7129 No 10 76 0
NSBCD 115 549 No 77 38 0
AML 116 6283 No 45 71 0
DLBCL 240 7399 No 101 139 0
DBCD 295 4919 No 216 79 0
SEER 105524 84 Yes 70,566 202,468 10,689

Table 3: Summary of datasets in the table

In Table 4 we present results of C-Index of DeepCompete on various datasets measured at 25%, 50% and 75% of
Tmax (where Tmax is the number of days to the last event in the dataset).

Dataset 25% Tmax 50%Tmax 75%Tmax
LUNG 0.69 0.71 0.75
NSBCD 0.81 0.77 0.82
AML 0.68 0.68 0.68
VDV 0.66 0.64 0.65
DLBCL 0.70 0.70 0.70
DBCD 0.85 0.85 0.85
MCL 0.80 0.81 0.77
SEER 0.84 0.84 0.83
SYNTHETIC 0.63 0.643 0.636

Table 4: Additional Results of DeepCompete for different time points
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Abstract 

Texting is ubiquitous with a text frequency of 145 billion/day worldwide. This paper provides partial results of the 

national demonstration project called the Missouri Quality Improvement Initiative (MOQI). MOQI goals were to 

reduce avoidable hospitalizations using APRNs to infuse evidence-based practices, model appropriate decisions and 

improve communication among workers responsible for nursing home resident care. This is a retrospective content 

analysis of text messages sent and received via a secure, password protected, encrypted mobile text message platform 

called Mediprocity. Text messages were created by 15 APRNs and a PhD-RN project supervisor working in 16 nursing 

homes over 6 months (January 1-June 30 2018). During the 6 months of data collection 8,946 text messages were 

captured, coded and analyzed. Data included 1,018 sent messages and 7,928 received messages. The most common 

messages sent (n=324) and received (n=2319) were about patient updates. The second most common texts included 

messages confirming information (n=1312). 

Introduction 

The World Health Organization1 has promoted mobile health (mHealth) as a mechanism to transform health service 

delivery across the globe for many years. In 2005, the World Health Assembly adopted a resolution establishing an 

eHealth strategy for WHO1. In this resolution, eHealth was defined as, “…the cost-effective and secure use of 

information and communication technologies in support of health and health-related fields, including health-care 

services, health surveillance, health literature, and health education”2. In 2011, WHO recommended a more specific 

definition of mHealth defined as any “medical and public health practice supported by mobile devices, such as mobile 

phones, patient monitoring devices, personal digital assistants (PDAs), and other wireless devices”3. In 2019, WHO 

released its first guideline for digital health interventions4. The guideline gives recommendations on nine prioritized 

digital health interventions including targeted client communication via mobile devices, health worker decision 

support via mobile devices, and digital tracking of clients’ health status and services combined with decision support4. 

The purpose of this research was to analyze the content of secure messages that include patient health information 

(PHI) as clinical staff use mobile device technology (secure encrypted mobile texting using health information 

exchange via I-phones) who were caring for chronically ill nursing home residents. All methods for this research were 

approved by the University of Missouri Institutional Review Board (protocol #1203541). 

Background 

This research was part of a larger national demonstration project in nursing homes with seven sites in the United States 

(U.S.)5. The details of this paper provide partial results of the national demonstration site known as the Missouri 

Quality Improvement Initiative (MOQI).  Overall goals of the MOQI project were to reduce avoidable hospitalizations 

and reduce hospital transfers in 16 nursing homes using APRNs to infuse evidence based practices and to model 

appropriate decision making and communication strategies to healthcare workers responsible for care of chronically 

ill long-stay nursing home residents6. Project interventions to reduce transfers included embedding APRNs full-time 

in 16 Midwestern nursing homes7, using INTERACT quality improvement tools to standardize documentation and 

early identification of change in resident condition8, having advance care planning discussions to identify goals of 

care9, and implementing secure health information exchange technology to support safe communication about resident 

change in condition among healthcare workers using secure messaging systems10. This research focused on findings 

from a content analysis of secure texts retrieved from a health information exchange technology intervention used by 

nurses to communicate about resident care. Project nurses carried and used mobile phones to access the secure network 

to share vital PHI via text messages with clinical partners about nursing home residents experiencing a change in 

condition. Research about the use of secure protected text messaging and content is innovative. There have been no 

studies, to our knowledge, completed about content of secure text messages in nursing homes. 
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Technology in Nursing Homes 

In 2017, health information technology was ranked as the fourth major issue out of 10 facing the future  of long term 

care, including nursing homes11. In recent years, adoption of health information technology by nursing homes has 

begun to increase in frequency with greater capabilities, extent of use, and integration. Near the beginning of this 

century, aged care experts began envisioning health IT as a benefit for research and clinical practice. In 2001, Bowles 

et al. 12 implemented a web-based research information system designed to efficiently measure health related quality 

of life measures in several aged care sectors including home care, nursing homes, assisted living, and the Post-Acute-

Care for the Elderly (PACE). At this same time, web browsing and broadband communications were coming into 

vogue and began to be used for early telemedicine activities, including teleconsultations used for communication 

between and among healthcare professionals in homes for elders13. The introduction of an electronic health record 

(EHR) in aged care settings escalated research investigating initial implementation strategies14, existing 

infrastructures15, barriers and facilitators to adoption of EHR16, and the impact EHR implementation has had on 

outcomes such as costs, staffing and quality indicators17. The introduction of EHR sparked implementation of data 

systems that supported enhanced clinical decision support at the bedside18, clinical systems supporting care delivery 

activities such as medication administration19, laboratory results reporting20, referral and documentation21, and 

administrative systems used to improve patient safety22.  Facilitators of health information technology adoption in 

nursing homes (e.g. health information exchange) included workflow integration, enhanced communication, increased 

effectiveness of care, and patient safety23. Few research studies, if any, have examined the influence of mobile 

technology with secure health information exchange that incorporate PHI in nursing home settings. This research 

provided evidence to build knowledge about how secure mobile texting platforms are used by nurses to communicate 

nursing home residents’ change in condition to prevent hospital readmissions. Studies like this are needed to help 

identify the risks to patients and staff who are using text message systems to communicate PHI and to infer methods 

of secure texting use, such as recommended structures of priority areas in the content of text messages. 

Methods 

Design 

This research is a retrospective content analysis of text messages sent and received via a secure, password protected, 

encrypted mobile text message platform called Mediprocity24. We define content analysis as, “a research technique 

for the objective, systematic and quantitative description of the manifest content of communication.”25 During this 

project, Mediprocity owners, who were strategic partners with MOQI, provided a free service that allowed licensed 

nurses to use a secure electronic platform to exchange PHI via text messages. The research team collaborated with 

Mediprocity leadership to offer APRNs, hired as part of MOQI, secure connections to the health information exchange 

network. Members of the research team extracted text messages created by 15 APRNs and a PhD prepared RN project 

supervisor on MOQI working in the 16 nursing homes over a period of 6 months (January 1-June 30 2018).  Text 

messages were extracted by members of the research team from a repository of all stored text messages sent and 

received by providers during the period.  

Subjects 

Nursing Homes. Sixteen nursing homes participated in the MOQI, ranging in size from 120 to 321 beds, and located 

in urban, metro, and rural communities within 80 miles of a large Midwestern city. To be eligible, residents had to be 

in the nursing home more than 100 days, with a traditional Medicare and/or Medicaid fee-for-service payer26.  

Nurses. APRNs were hired as part of MOQI to help achieve the goal of reducing hospital readmission rates in 16 

nursing homes. Sixteen nurses, including 15 APRNs and 1 PhD RN Project Supervisor, agreed to use Mediprocity, 

were trained, and provided a software account. There was a wide range of experience of the 16 MOQI nurses both as 

RNs and APRNs. The 16 RNs had .5-44.7 years of experience, 15 RNs were licensed APRNs with .8-30.9 years of 

experience. 

Procedures 

Mediprocity implementation. Mediprocity is a HIPAA-compliant communication and clinical collaboration tool 

primarily designed to be used amongst providers, pharmacies, and prescribers.  The platform may also be used to 

communicate with outside vendors, patients and anyone looking to communicate PHI in a secure environment that 

meets the National Institute of Standards and Technology as well as Health Information Technology for Economic 

and Clinical Health Act27,28. Mediprocity meets the standards recommended by the Office of Civil Rights when it 
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comes to a mobile first policy for lock/logoff functions, authentication, encryption, remote wipe and retention of 

messages. 

The Mediprocity platform may be accessed using a browser on a desktop or mobile device or by installing a mobile 

application or Windows 10 widget. The system allows for additional workflow features specifically designed for the 

long-term care/post-acute setting such as read receipt with average response time tracking, adding and removing users 

to a message, multi-use account with shared names for identification and auto-escalation.  

Mediprocity has always been free for any prescriber (Medical Doctor, Doctor of Osteopathy, Nurse Practitioner, and 

Physician Assistant). Mediprocity is a robust tool that can integrate into any system such as telephone answering 

services or EHR.  The secure forms system can be used to pass secure advance directives and admission information 

that require data input with binding signatures. 

Smart phone implementation and APRN training. The APRNs and Project Supervisor were supplied smart phones 

through the grant.  These staff were able to choose between an Android or an iPhone (specifically Samsung Galaxy 

S7 32GB or iPhone 7 128GB).  All phones had PIN security and met the compliance requirements of the University 

of Missouri.   

All APRNs and Project Supervisor required to use phones were assisted by the project Health Information Coordinator 

in creating their Mediprocity account and associating it under the University of Missouri organization for local 

administration purposes.  Once the account was created, the user was provided training on the secure texting 

functionality.  This included searching for collaborating health care providers and support personnel in the directory, 

sending connection requests to these collaborators, sending and receiving a test message, setting notification 

preferences and reviewing other setting options.  Assistance was also provided regarding establishing a process for 

the use of secure texting and updating an electronic communication policy for each nursing facility.   

Health information technology support. Once a user created their account, the Health Information Coordinator 

provided technical support for the APRNs and Project Supervisor.  This support included password and encryption 

key resets, helping set up new collaborating providers, providing an additional layer of support for the users in the 

nursing homes, troubleshooting technical issues, reviewing current processes and policies, and removing and 

deactivating accounts as needed.  Additionally, when there were improvements or new functionality available, this 

information was communicated to the APRNs, Project Supervisor, and participating nursing homes by the health 

information coordinator. 

Analysis 

Six months of text messaging content were downloaded from Mediprocity into an Excel database to begin the coding 

process. Data were organized by APRN and Project Supervisor into separate tabs within the Excel database. All text 

messages sent and received by individual APRNs were coded separately. Organizing coding methods in this manner, 

by keeping APRNs text messages separate, enabled the primary coder to build the codes across all APRNs and Project 

Supervisor to contrast the purpose and meaning of text messages, to maximize potential variation of codes, and to 

differentiate sequences of how text messages were constructed among the project nurses during communication.    

Two research team members with experience in nursing homes, collaboratively coded the text message data. The 

coding editors were responsible for creating, updating, revising, and maintaining the master code list for the research 

team. A process of member checking was conducted regularly as coding progressed to enhance trustworthiness. 

Member checking included sharing coded field note excerpts and discussing coding quandaries as coding categories 

emerged. Member checking also enabled the team to generate peer support and to find better connections between 

categories through a process of interpretative convergence29.   

Results 

During the 6 months of data collection content from 8,946 text messages were captured and analyzed. Data included 

1,018 sent messages and 7,928 received messages. The most frequent discussions were between licensed practical 

nurses (LPNs), RNs, other APRNs, and physicians. There was wide variability in the use of Mediprocity to send (range 

0-607) and receive (0-7358) text messages (See Table 1). For example, one APRN (Nurse 1) had a high number of 

text messages received, this was possible because she expected to be included in text message communications about 

resident care, whereas other APRNs had mechanisms of communicating with staff that were not always electronic. 

Additionally, there was wide variability in leadership responses to using mobile cell phone technology. There were 

varying degrees of enthusiasm among leadership in these facilities regarding text message implementation. Leadership 
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in the facility with the APRN with high use was very enthusiastic and encouraged mobile technology use, including 

embedding it in communication processes used by staff.  

Table 2 illustrates the individual codes and their descriptions found in the content of text messages. The most common 

messages sent (n=324) and received (n=2319) were about patient updates (P-1) (including vital signs (VS)). The 

second most common text included messages seeking to confirm information (C-1) (n=1312). One of the top five 

messages included when someone was added to the conversation (A-1) during a text message exchange and occurred 

most frequently after messages were received. Examples of the codes with verbatim deidentified text message 

statements are illustrated in Table 3. 

Table 4 provides details of the top five classifications and total sent and received text messages by the nurses in this 

study. The sent and received messages of the top five classifications comprised 75.7% (6775/8946) of text messages 

evaluated during this period. Patient updates included 26% of the messages sent and received. Nearly 88% of patient 

updates were received by APRNs versus only 12% sent by the same nurses. The second most frequent classification 

was confirmation of information at 14.7% (1312/8946) of all text messages. Most confirmations of information were 

sent by APRNs, 86.2%. 

Table 1: Total Text Messages Sent/Received 

 Sent Received 

Nurse 1 607 7358 

Nurse 2 9 6 

Nurse 3 16 13 

Nurse 4 41 29 

Nurse 5 131 140 

Nurse 6 1 2 

Nurse 7 106 119 

Nurse 8 10 10 

Nurse 9 1 0 

Nurse 10 22 140 

Nurse 11 1 22 

Nurse 12 1 1 

Nurse 13 0 3 

Nurse 14 70 74 

Nurse 15 1 2 

Nurse 16 1 9 

Total 1018 7928 

 

Table 2: Codes, Code Descriptions, and Total Messages Sent/Received 

Code Meaning 

Total Messages 

Sent 

Total Messages 

Received Total Messages 

P-1 Patient Updates (e.g. Vital Signs (VS)) 324 2319 2643 

C-1 Confirmation of Information 156 1156 1312 

P-2 Questions about Patients/Questions 142 880 1022 

C-2 Clerical Information 113 858 971 

A-1 Added to Conversation 35 786 821 

O-1 General Orders 76 726 802 

A-2 Automated Reply 142 235 377 
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Table 2: Codes, Code Descriptions, and Total Messages Sent/Received Continued 

Code Meaning 

Total Messages 

Sent 

Total Messages 

Received Total Messages 

LCMP 

Lab Results Complete Metabolic 

Profile 3 152 155 

O-4 Other Medication Orders 4 151 155 

LST Lab Results Specific Test 0 134 134 

LCBC Lab Results Complete Blood Count 0 119 119 

LUA Lab Results Urinalysis 2 108 110 

O-2 Antibiotic Orders 5 82 87 

RCXR Radiology Results Chest Xray 2 77 79 

LBMP Lab Results Basic Metabolic Profile 0 42 42 

C-3 Staffing Information 11 23 34 

LH Lab Results Hemaglobin 0 19 19 

RF Radiology Results Fracture 0 18 18 

O-3 Pain Medication Orders 0 11 11 

O-5 Intravenous (IV) Fluid Orders 0 9 9 

EKG Electrocardiogram Results Sent 0 6 6 

RABDM Radiology Results Abdomen 0 4 4 

HC Hospice Care 1 3 4 

RD Doppler Results Sent 0 3 3 

RCT 

Radiology Results computed 

tomography 0 2 2 

KUB Kidney Ureter Bladder Results 0 1 1 

MIS Miscellaneous 2 4 6 

Total   1018 7928 8946 

 

Table 3: Coded Examples of Text Messages Sent/Received via Mediprocity 

Code Descriptor Text Message Sent Text Message Received 

P-1 Patient Update sent 

with clarification and 

update received 

P-1: “Hi XXX, not sure you know 

about XXX went to hospital again 

on the 20th and back on 22, 

thought to be due to muscle 

relaxant. Same symptoms. 

P-1: I thought you meant she went on 

the 20th and then went again on the 

22nd...Im following now! I saw her 

Friday and she was better and the 

muscle relaxer was dc’d. 
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Table 3: Coded Examples of Text Messages Sent/Received via Mediprocity Continued 

Code Descriptor Text Message Sent Text Message Received 

P-1 with  

C-1 

Patient Update 

received with 

Confirmation of 

Information sent 

P-1: “ok” C-1: “I will be sending over death 

documentation. No s/sx 

[signs/symptoms] of life, unable to 

obtain v/s [vital signs] 12:20pm. On 

XXX hospice. They are on their way 

in.” 

 

 

P-2 with  

C-1 

Questions about 

Patients/ Clinical 

Questions sent with 

Confirmation of 

Information received 

P-2: “Can we dc [discontinue] 

guaifenensin bid [twice a day] was 

from last July when on Hospice 

for copd?” 

C-1: “Yes” 

C-2 Clerical Information 

sent with no 

confirmation 

C-2: “script for XXX needs signed 

5/325 is Dr. XXX 

 

C-2 Clerical Information 

sent,  

C-2: “XXX wants me to check his 

ears I may not get to it. I have the 

meeting downstairs tomorrow so I 

won’t be here tomorrow.” 

C-2: “Now they tell me she has an 

ENT appt [Ear Nose and Throat 

appointment] on Thursday. I just 

saw him Friday.” 

C-2: “Okay, I don’t know if I will get 

to them either, I still have more pts to 

see for regular visits” 

O-1 General Orders 

received 

 O-1: “Hi ladies, I got ahold of Dr XXX 

and she was okay with labs, CXR, and 

ordered routine nebs TID [nebulizers 

three times a day] x 3 weeks 

P-1,  

RCXR, 

O-1 

Patient update sent, 

patient update 

received, nursing 

orders received  

P-1: “XXX I apologize that we did 

not send an assessment or vitals 

with our request for a CXR 

yesterday. XXX our nurse today 

will give you an updated 

assessment complete with vitals 

and the CXR results. We recently 

had to do a prednisone taper on 

her. Based on the CXR results you 

are about to receive we should 

consider doing another round. She 

is still wheezing thru out with a 

dry cough. The last few times I 

checked O2 she’s been running 

92-93%” 

P-1: “VS 97.0 - 142/82 - 90 - 18, 

bilateral rhonchi through out with non 

productive cough” 

 

RCXR: “Radiology results sent” 

 

O-1: “'Yes, we can restart the Medrol 

Dose Pack and what was the previous 

course of antibiotics?” 

 

P-1: “Levaquin 750 1 daily X 10 days 

was previous” 

 Patient update 

received, order 

received, confirmation 

received, patient 

question received, 

 P-1: “The above mentioned resident 

was laying in bed and was found 

sitting on floor. It was an unwitnessed 

fall therefore neuro checks have been 

initiated. No injuries noted. ROM WNL 
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CBC lab results sent 

confirmed.  

[Range of Motion Within Normal 

Limits]. 

BP-104/52, P-64, R-16, O2-98, T-98.3. 

May we please have an order to obtain 

a CBC along with a UA as resident is 

prone to UTIs [Urinary Tract 

Infections]?” 

O-1: “Yes. W. C&S [Culture and 

Sensitivity]” 

 

C-1: “will do thank you” 

P-2: “Awaiting UA. Any orders as of 

now?” 

LCBC: “Lab results CBC sent” 

 

Table 4: Top Five Classifications of Sent and Received Text Messages by APRN* 

 

Total 

Messages Patient Update 

Clerical 

Information 

Confirmation 

of Information 

Questions/Questions 

about patients 

Added to 

Conversation 

Nurse Sent Received Sent Received Sent Received Sent Received Sent Received Sent Received 

1 607 7358 90 2200 69 729 85 1004 105 804 25 766 

2 9 6 4 0 0 0 4 0 1 0 0 0 

3 16 13 8 2 0 2 4 3 4 0 0 0 

4 41 29 21 2 0 0 4 8 10 7 4 0 

5 131 140 79 26 9 10 27 47 14 22 2 7 

6 1 2 0 0 0 2 1 0 0 0 0 0 

7 106 119 64 19 13 43 19 37 5 16 4   

8 10 10 5 2 2 6 2 1 1 1  0 0  

9 1 0 0 0 1 0 0 0 0 0 0 0 

10 22 140 7 51 2 30 5 25 1 31 1 4 

11 1 22 0 1 1 9 0 3 0 0 0 8 

12 1 1 0 0 1 0 0 1 0 0 0 0 

13 0 3 0 0 0 3 0 0 0 0 0 0 

14 70 74 46 10 13 19 5 25 1 9   2 

15 1 2 0 0 1 2 0 0 0 0 0 0 

16 1 9 0 1 1 1 0 2 0 0 0 1 

*Totals do not add up to previous numbers because this table includes only the top 5 classifications 

Discussion 

Texting is used everywhere with an estimated text message frequency to be 145 billion per day worldwide30. In 2014, 

American adults sent and received an estimated 32 texts per day30. In healthcare, texting to share PHI is also becoming 
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a ubiquitous resource used for many purposes, for example, for post ambulatory care discharge follow-up31, chronic 

illness management32, and cardiac rehabilitation in coronary heart disease patients33. Authors are unaware of any other 

studies that have examined content of secure text messages in nursing homes. This research provides evidence that 

texting is a critical process that is used often in clinical communication and should be examined in nursing home 

settings too.  

In this sample, wide variability of use in numbers and types of messages sent and received and content were found. A 

possible explanation for variability in numbers and type of messages sent and received could be due to different staff 

perceptions of how essential it was to send and receive information via an electronic text message system. Staff 

perceptions could be influenced by factors such as vision of leadership; policies, or lack of, guiding use of text-based 

messages; perceived benefits and disadvantages of using the text-based messaging system. Similar explanations have 

been found in other studies examining cross-sectoral text-based communication between hospital and home care 

nurses34.   

There was a good amount of variability to the structure of the text message content in this sample. For example, 

verbatim text messages in Table 3 illustrate the randomness of some message content compared to others including 

organization of content, abbreviations, tone of the message. These characteristics may influence the ability of staff to 

prioritize message contents, provide timely and appropriate response, and/or exhibit trustworthiness in the information 

conveyed within the messages. These characteristics could also contribute to the large amount of confirmations 

(n=1312, see Table 2) in this sample to assure accuracy of information that were sent and/or received by nurses. 

Similar conclusions were offered in a study of an electronic messaging system used for medication administration in 

community dwelling home care patients35. For example, home care nurses using the electronic messaging system 

would make extra phone calls to double check the accuracy of medication lists in messages that they did not trust35.   

Crucial information exchange is taking place with text messages reviewed in this study. Oftentimes vital information 

is shared in a snippet of clinical information such as conditions changes, verbal orders, medication changes, etc. There 

have not been studies that demonstrate how often this type of health information exchange is being captured as part 

of the electronic medical record history. Within these 16 facilities, there was wide variability in thought among 

leadership about what texts to store and record including timing and frequency of storing and recording messages as 

part of the permanent electronic medical record. Policy recommendations for texting in healthcare can address these 

administrative and physical precautions through established consenting processes, digital security plans, procedures 

for storing and deleting messages, directives on message content including length of messages (e.g. 160 characters), 

and best practices related to timeliness of response36. Rigorous research studies are badly needed to determine the 

constancy of how text messages are used in healthcare across multiple facilities and staff using this capability. 

Limitations 

Out of network, users that are not Mediprocity users, are not captured in the exchange of information unless the out 

of network user sends a message to the Mediprocity user. Therefore, there is an incomplete view of health information 

exchange in these facilities using secure texting as a resource. Lack of complete information could make an evaluation 

of text-based messaging systems very difficult creating confounding variables that are hard to control for in a rigorous 

study. However, that does not negate the importance of evaluating these IT capabilities and their impact on quality 

and safety in healthcare systems allowing their use.   An additional limitation is that most of these text messages were 

representative of one nurse, limiting generalizability of findings. However, this finding does strongly suggest that we 

need to explore why nurses or administrators are reluctant to use secure text messages to share PHI content via text 

messages. 

Conclusion 

It is critical to understand how emerging technologies are impacting the work of healthcare providers in the workplace. 

Accessing clinical information through a mobile health IT application using secure text messages via a phone would 

seem to have many benefits. However, these mobile systems can have many pitfalls, such as variability of content and 

structure, leading to unintended consequences, possibly creating threats to patient safety and quality, if the system 

processes are not managed well. Rigorous mixed methods research is needed to determine how these mobile systems 

are impacting care delivery, safety, and patient outcomes. 
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Abstract

Sepsis, a life-threatening organ dysfunction, is a clinical syndrome triggered by acute infection and affects over 1
million Americans every year. Untreated sepsis can progress to septic shock and organ failure, making sepsis one of the
leading causes of morbidity and mortality in hospitals. Early detection of sepsis and timely antibiotics administration
is known to save lives. In this work, we design a sepsis prediction algorithm based on data from electronic health
records (EHR) using a deep learning approach. While most existing EHR-based sepsis prediction models utilize
structured data including vitals, labs, and clinical information, we show that incorporation of features based on
clinical texts, using a pre-trained neural language representation model, allows for incorporation of unstructured
data without an explicit need for ontology-based named-entity recognition and classification. The proposed model
is trained on a large critical care database of over 40,000 patients, including 2805 septic patients, and is compared
against competing baseline models. In comparison to a baseline model based on structured data alone, incorporation
of clinical texts improved AUC from 0.81 to 0.84. Our findings indicate that incorporation of clinical text features via
a pre-trained language representation model can improve early prediction of sepsis and reduce false alarms.

Introduction

Sepsis is a systemic illness caused by a dysregulated immune system response to an infection in the bloodstream
that leaves patients vulnerable to organ damage and death1. Despite the presence of effective treatments for sepsis
prior to organ injury, detecting early signs of sepsis remains a challenge for bedside caregivers. The Surviving Sepsis
Campaign (SSC) proposed the 3-hour sepsis bundle as a guideline for early identification of sepsis, prompt ordering
of blood culture and lactate tests, and administration of antibiotics2–4. However, early identification of sepsis in
emergency and critical care environments – where information overload poses cognitive burdens5 on the ability of
bedside caregivers to integrate information from diverse sources – has remained an unmet need.

The increased adoption of electronic health records (EHRs) in hospitals when coupled with advanced computational
techniques has the potential to help with integration of information from multidimensional and multimodal data across
time and improve situational awareness6. A number of researchers in recent years have focused on application of
advanced analytics in association with structured EHR data to improve detection and prediction of sepsis, and optimize
care protocols. For instance, the InSight model7 used eight commonly measured labs and vitals to detect the onset
of sepsis. Shashikumar et al8 used socio-demographic features, vitals measured in the Intensive Care Units (ICUs)
with multiscale entropy features extracted from Electrocardiogram (ECG) and Blood pressure (BP) time series to
predict the onset of sepsis. Nemati et al9 demonstrated that high-resolution dynamic features from bedside monitors,
including ECG and EMR data, in association with a Weibull-Cox model can be deployed to accurately predict the
onset of sepsis 4-6 hours in advance. Shashikumar et al10 deployed a recurrent neural survival model (DeepAISE) to
predict the onset of sepsis. DeepAISE reduced the false-positive rate through learning predictive features related to
higher order interactions and temporal patterns among clinical risk factors for sepsis.

Previous research has revealed that effective clinical and physiological data can identify and predict sepsis, although
relatively low positive predictive values remain an issue. While these studies are limited to structured EHR data, over
80% of EMR data includes unstructured texts and images comprising patients’ medical history, imaging reports, and
caregiver’s observations and comments11, 12. In this study, we hypothesize that contextual representation of clinical
notes carries information that is beneficial and complementary to structured data for improving early prediction of
sepsis. To test this hypothesis, we used data from a large publicly available database of critically ill patients. The
main challenges of analyzing unstructured EHR data include preprocessing, mapping to standardized ontologies, and
designing and extracting potential predictive features from the resulting ‘cleaned’ text13.
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This work focuses on representation learning using a general purpose neural language model that has been repur-
posed for Biomedical and clinical texts14. Neural networks-based embedding techniques for words, sentences and
documents, such as Word2Vec and Glove15, 16, have gained popularity in recent years due to their compressed rep-
resentations and preservation of semantic similarities. For instance, Rajkomar and colleagues13 showed that a deep
neural network trained on structured and unstructured EHR data not only can successfully predict in-hospital mortal-
ity but also can highlight the specific words in a clinical note that are correlated with a poor outcome. Jinmia et al17

demonstrated that a gated recurrent neural network (GRU) applied to word vector (via Word2Vec) embeddings could
successfully map clinical discharge notes to the ICD-9 codes with an F1 score of 0.68. However, these techniques were
limited in their ability to capture the longer-range context and ordering of words in sentences. More recently, deploy-
ing attentional models and transformers18 have significantly advanced the utility of Natural language processing (NLP)
tools for learning lower-dimensional representations of texts, with pre-trained models such as ELMO19 and BERT20

achieving state-of-the-art performance in NLP tasks such as question answering and sentiment analysis. Lee et al14

proposed the BioBERT model as a domain-specific language representation through training BERT model on biomed-
ical corpora including Biomedical papers published on PubMed. Emily et al21 introduced ClinicalBERT trained on
MIMIC-III notes and showed that ClinicalBERT can successfully outperform prior models in several clinical NLP
tasks.

In this study, the hidden representation of the clinician’s note learned via the application of ClinicalBERT in combi-
nation with vitals and laboratory data was used to predict the onset of sepsis several hours in advance. We show that
information embedded in clinicians’ notes can improve the accuracy of models built only on structured EHR data for
predicting sepsis.

Study Population

We used the publicly available MIMIC-III (Medical information for intensive care) dataset of critically ill patients,
which includes anonymized physiological and clinical data, as well as clinical notes from over 50,000 intensive care
unit (ICU) admissions collected between 2001 and 201222, 23. We excluded patients aged less than 18 years old and
greater than 89 years old, as well as those who stayed in the ICU for more than a month or less than 8 hours. Patients
who were tagged for sepsis prior to ICU admission or those who developed sepsis within the first 4 hours of ICU
admission were also excluded. Patients’ clinical records throughout their ICU stay until they were discharged or
developed sepsis (according to the Third International Consensus Definitions for Sepsis, aka, Sepsis-3) were used
as individual data points. All physician and nursing notes without any reported errors, after removing dates, special
characters and stop-words (except for negations) were included. Data was binned into hourly windows, and the onset
time of sepsis was determined according to the Sepsis-3 definition as per the description provided by Shashikumar et
al10. Table 1 shows the breakdown of ICU admissions into septic vs non-septic patients. After applying the exclusion
criteria discussed above, 40175 patients were included in the dataset and the prevalence of sepsis in this cohort was
approximately 7%. For the purpose of model development and evaluation, we used a training and testing set split of
80% and 20%, respectively.

Methods

In this study, we extend previously discussed methods for predicting sepsis using physiological and clinical data by
incorporating features extracted from clinical notes using a neural language model. The proposed model provides
sequential hourly predictions for sepsis using data only available at or prior to the prediction time, and as such can be
deployed prospectively. We also consider a baseline model by constructing a feature vector that includes frequency
of occurrence of key terms related to diagnoses and drugs extracted using a commercially available clinical NLP tool
(ACM)24. After excluding terms with abnormally high or low frequency18, 25, a term-frequency matrix was constructed
using 2187 unique medical terms. Term frequency–inverse document frequency (TF-IDF) method was used to con-
struct a feature vector, which was then concatenated with physiological, laboratory, and demographics information to
make predictions of sepsis using a long-short term memory (LSTM) recurrent neural network. Missing values at the
start of each record was replaced by population averages per each feature, and sample-and-hold was used elsewhere.

The proposed method replaced the tf-idf features with contextual embedded representations learned using Clinical-
BERT, a state-of-the-art model for word and document embedding and specifically trained on a corpus of Biomedical
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and clinical texts19. Traditional word-level vector representations, such as word2vec26, GloVe16, and fastText27 ex-
press all possible meanings of a word as a single vector representation and cannot disambiguate the word senses based
on the surrounding context and model negations. The BERT language model presents a solution to this problem by
providing context-sensitive embedding for each word in a given sentence, which can be fed into downstream tasks such
as predictive modeling. Here we calculate a document-level representation by feeding all sentences in a document to
the ClinicalBERT model, and averaging the resulting sentence-level representation across a given document. The first
40 tokens from each sentence were considered and the activation-level of neurons from the last four hidden layers of
BERT was used as representation of the sentence (using the full representations from all 12 layers did not improve our
model and increased our computational cost). The resulting document-level representations were then concatenated
with physiological, laboratory, and demographic information to make predictions of sepsis using a long-short term
memory (LSTM) recurrent neural network. Figure 1 provides a schematic diagram of our feature extraction pipeline
and the model architecture.

In order to assess the complementary information available in clinical texts, we designed a study to compare the
predictive power of a model trained on structured data alone with a model that only uses clinical texts and a model
that combines features from both structured and unstructured data. As noted above, two separate methods were used
for extraction of features from clinical texts: 1) Using a TF-IDF model and 2) The ClinicalBERT approach. The
structured data model included 40 physiological and clinical features, as described in the recent PhysioNet Sepsis
Challenge 201928, 29. For the TF-IDF model, the input vector to the LSTM model was of size 2227 (2187 text features
+ 40 structured data features), with a hidden layer size of 800, ReLU activation units and a softmax classification layer
for sepsis prediction. In our second method, we used the contextual representation of each clinical note generated by
averaging the embedding representation for each sentence within the note. Concatenating representations from the
last four hidden layers resulted in a vector of size 768, which resulted in a final feature vector of size 808 after adding
structured data features. This vector was then fed into an LSTM model with a similar architecture as described above.
The Adam optimizer was used to train the model using default learning parameters and mini-batches of size 128. To
address class imbalance, we used a resampling scheme by up-sampling the septic cases within each mini-batch.

Figure 1: Schematic diagram of the proposed model, including preprocessing pipeline and predictive model architec-
ture. The preprocessing pipeline includes retrieving the contextual embedding of each of the clinical notes (on hourly
basis) by averaging the ClinicalBERT embedding representation of sentences within each document. The resulting
representations are then concatenated with the structured clinical data (vitals and laboratory values) and fed into an
LSTM model for early prediction of sepsis.
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Results

Table 1 represents some of the characteristics of the patient population included in this study. Among the 40,175
patients included, 2805 (around 7%) were septic. Septic patients had higher heart rate, and stayed longer in the
hospital. Performance of the proposed and baseline models are summarized in Table 2. ClinicalBERT embeddings of
notes alone (Model I) had an AUC of 0.74, while structured clinical data from vital signs and laboratory measurements
(Model II) achieved an AUC of 0.81. Combining these two sets of features (Model IV) yielded the highest AUC of
0.84. In comparison, combining TF-IDF features with the clinical data (Model III) achieved an AUC of 0.82.

Figure 2: Receiver Operating Characteristic (ROC) Curves for all four models. ClinicalBERT embeddings of notes
alone (Model I) is our baseline method reached the Area Under the ROC Curve (AUC) of 0.74. Structured clinical
data from vital signs and laboratory measurements (Model II) achieved an AUC performance of 0.81. combining
TF-IDF features with the clinical data (Model III) achieved an AUC of 0.82. Combining both structural clinical data
with ClinicalBERT embeddings (Model IV) achieved the best AUC performance.

Discussion and Concluding Remarks

In this study, we extend previous methods on predicting sepsis onset by incorporating latent features extracted from
clinical notes. When comparing against competitive baseline models, we obtained the best prediction performance
using a model that incorporated ClinicalBERT embeddings from EHR notes and structured data (AUC of 0.84 AUC,
Specificity of 0.67 at 0.85 sensitivity level) (see Fig. 2). Combining physiological data with latent representation
of clinical notes extracted using clinical BERT significantly improved the model performance to predict the onset of
sepsis. Excluding the contextual representation of clinical notes led to a drop in the prediction performance by 0.03 in
AUC. Among the two methods that were used for extraction of features from clinical texts, the ClinicalBERT approach
outperformed the TF-IDF model. The TF-IDF model captures the frequency of occurrence of a certain set of words
while transformer models like the ClinicalBERT are able to capture complex patterns embedded in the structure of
a sentence, as well as representations of semantic meaning within sentences. In summary, ClinicalBERT generated
more meaningful representations of clinical notes and enabled the model to predict onset of sepsis more accurately.
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Table 1: Baseline characteristics of the patient population

Variable Description Septic Non-Septic P-value
HR Heart rate (beats per minute) 87.4 85.6 <0.01 (5e-24)
Mean BP Mean arterial pressure (mm Hg) 79.9 80 0.43
SpO2 Pulse oximetry (%) 97.1 97.0 0.2
Temp Temperature(Deg C) 36.9 37 <0.01 (2.6e-11)
SBP Systolic BP (mm Hg) 123.0 122.6 0.01
DBP Diastolic BP (mm Hg) 63.0 60.8 <0.01 (3e-21)
Resp Respiration rate (breaths per minute) 19.9 19.1 0.03
Age NA 63.1 63.5 <0.01 (1.2e-12)
LOS Length of ICU stay (fraction of days) 15.2 9.8 <0.01(2e-4)
Gender (% Male) NA 59 56 NA

Table 2: Summary of performance of all models

Model (Feature set) AUC Specificity1

Model I (ClinicalBERT embeddings of notes + LSTM) 0.74 0.46
Model II (structured data + LSTM) 0.81 0.63
Model III (TF-IDF features from notes and structured data + LSTM) 0.82 0.63
Model IV (ClinicalBERT embeddings of notes and structured data + LSTM) 0.84 0.67

Acknowledgments

This study was supported by an NIH Early Career Award (K01ES025445) to SN and a Halıcıoğlu Data Science
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Abstract 

Parkinson’s disease (PD) patients require frequent office visits where they are assessed for health state changes using 
Unified Parkinson’s Disease Rating Scale (UPDRS). Inertial wearable sensor devices present a unique opportunity 
to supplement these assessments with continuous monitoring. In this work, we analyze kinematic features from sensor 
devices located on feet, wrists, lumbar and sternum for 35 PD subjects as they performed walk trials in two clinical 
visits, one for each of their self-reported ON and OFF motor states. Our results show that a few features related to 
subject’s whole-body turns and pronation-supination motor events can accurately infer cardinal features of PD like 
bradykinesia and posture instability and gait disorder (PIGD).  In addition, these features can be measured from only 
two sensors, one located on the affected wrist and one on the lumbar region, thus potentially reducing patient burden 
of wearing sensors while supporting continuous monitoring in out of office settings.  

Introduction 

Parkinson’s Disease (PD) is a neuro-degenerative disorder that affects more than 10 million people 
worldwide. Its incidence increases with age and an estimated 60,000 new cases are diagnosed in the U.S. each year 
alone. [1] Most people are diagnosed in later years of life, when their motor and cognitive abilities are already on 
decline and PD often impacts their activities of daily living (ADL) as well. [2,3] Major symptoms of PD include 
bradykinesia (slowness of movement), rigidity (stiffness or resistance to passive movement), tremor, as well as gait 
and balance difficulties. [4] There is no cure for PD and treatment generally relies on managing individual symptoms, 
often using dopamine replacement therapy. [5] While on dopamine therapy, patients generally report two distinct 
motor states ( “ON” and “OFF” states) [6] which tend to cycle during the day and is also reflected in the quality of 
their ADLs. For example, in the OFF-state patients may have symptoms of bradykinesia, tremor, rigidity and / or gait 
and motor imbalance. When adequate motor control is regained (as a result of dopamine replacement therapy), patients 
may report being in the ON state. [6]  

Currently two assessments are used to guide PD therapy decisions: 1) scores from the Unified Parkinson’s 
Disease Rating Scale (UPDRS); and 2) patient’s self-report (of ON/OFF symptoms) from a Hauser diary. [7] UPDRS 
is a validated clinical rating scale for measuring Parkinsonian symptoms. Generally, Movement Disorder Society’s 
UPDRS (MDS-UPDRS) is considered the gold-standard for evaluating PD symptoms [8,9] and its scores are widely 
used even as study endpoints in clinical trials. [3] In particular, Part III (of MDS-UPDRS) addresses PD motor 
symptoms for diagnosing bradykinesia, tremor, and gait and balance issues. [10] However, the rating scale relies on 
patient self-report and clinical assessment at the time of patient’s office visit. As a result, MDS-UPDRS may not 
capture the range and variability of motor symptoms (as it only represents a snapshot of patient’s performance on 
clinical assessment tasks e.g. walking, turning). Furthermore, any assessments scores may also suffer from biases 
inherent to the test environment (e.g. being in the doctor’s office) as well as from significant rater variability (in 
scoring of UPDRS tasks). [11] Therefore, it may ultimately benefit to add continuous monitoring using wearable 
inertial sensors to current assessment and evaluation practices though arguably with some patient burden in wearing 
these devices.   

Wearable inertial sensors can reliably collect real-time measurements (kinematic features) from human 
movement (e.g. tremor amplitude and frequency, stride length, speed, etc.) and could aid in monitoring patient’s 
Parkinsonian symptoms especially related to motor state fluctuations. [12–15] We postulated that monitoring of 
kinematic features using wearable inertial sensors may help in automatic detection of patient motor states. We had a 
unique opportunity for studying this in 35 PD subjects recruited as part of a larger study. [16] In this work, we analyzed 
their sensor data to investigate if motor fluctuations in PD patients can be reliably and automatically detected using 
kinematic features from wearable inertial sensors.   
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Methods 

We chose to focus on kinematic features because they may be easily interpretable in a health monitoring 
system. An important aspect of such a monitoring system is to use as few wearable sensors as possible and in 
comfortable locations so as to increase patient compliance or, as in the case of clinical trials, decrease the number of 
subject drop-out. We developed such a system [17] using data from validated [18] Ambulatory Parkinson’s Disease 
Monitoring (APDM) inertial sensors that the PD subjects wore during two clinical visits, once in their ON and OFF 
state each. We first describe the APDM wearable inertial sensors  (“Full-body Kinematic Analysis - APDM Wearable 
Technologies,”) – Opals very briefly, followed by the MDS-UPDRS Part III clinical measures [8] and relevant 
endpoints used in this study. IRB approvals were obtained from Tufts medical center and other relevant parties and 
subjects were consented.  

 
APDM Wearable Inertial Sensors:  

Opal sensor devices are manufactured by APDM wearable technologies (http://www.apdm.com). The Opals 
comprise of a single packaged wearable inertial measurement unit (IMU) with three axial accelerometer, gyroscope 
and magnetometer. Opals stream kinematic data at a high sampling rate (128 Hz) using a wireless access point that 
can synchronize all IMUs within the same network. The accompanying APDM Mobility Lab software (version 
201704210114) produces time-stamped tuples of measurements that include linear acceleration, angular velocity, 
magnetic field strength, and orientation quaternions. In addition, for certain tasks (e.g. walk, turn) the software 
calculates various kinematic features (e.g. stride length, speed, etc.) and then reports their mean and standard deviation.  
We use measurements of 98 kinematic features extracted from 2-minute walks performed by PD patients while 
wearing Opal sensors.  
 
MDS-UPDRS Part III Scores:  

MDS-UPDRS is a clinical rating scale that is widely used to assess movement disorders to particularly track 
the longitudinal course of PD and other movement related disorders. [8,9] Part III of MDS-UPDRS focuses on motor 
function and consists of tasks designed to measure the following symptoms: rigidity, bradykinesia, tremor, global 
spontaneity of movement, and postural instability and gait disturbance (PIGD).  The sum of all sub-scores for the 
above symptoms constitute the total motor score of MDS-UPDRS Part III where higher scores reflect worsening of 
symptoms.  

Study Data: 

The subjects in this study were screened and recruited at Tufts medical center, Boston, MA. Of the 35 study 
participants 21 were male, average age was 68, 2 had Hoehn & Yahr (HY) score 1, 26 had HY score 2 and 7 had HY 
score 3.  Hoehn and Yahr staging rates the disease on a 1 to 5 scale based on an overall pathological process. [20] 
Briefly, subjects were walked through two sessions, one when they were ON, and one when they were OFF, the order 
of which was randomized. First, they went through a standard UPDRS Part III series of instrumented tests that were 
administered and scored by a trained neurologist, after which they performed a series of ADLs: tying shoes, putting 
on jewelry, opening a door, pouring a drink, buttoning a coat, eating with a spoon, etc. As part of this study, the 
subjects also performed a 2-minute Instrumented Stand and Walk (ISAW) test both in their ON and OFF states while 
wearing Opal sensors on their sternum, wrists, lumbar and lower extremities in the doctor’s office. From these ISAW 
tests the Opal sensor system extracted kinematic measurements (e.g. turn speed, stride length, etc.) that were 
subsequently used for the analyses described here. In addition, the following socio-demographic characteristics were 
available for each study participant: gender, height, age, body mass index (bmi), affected side, and (their) handedness. 
MDS-UPDRS Part III sub-scores and total motor scores were calculated from the neurologist’s score of each task. 
Table 1 summarizes the subject characteristics in this study and the neurologist scores.  

Analyses: 

Human movement can be broken down into movement primitives like walking, turning, pronation-
supination, flexion-extension, grasping, pinching, etc. [17] The central idea behind our work is that these primitives 
can be picked up in-the-wild and scored automatically by a sensor system in a manner similar to how a neurologist 
scores individual movements that are part of the UPDRS Part III assessment.  By following these scores over a period 
of time one should be able to observe fluctuations between ON and OFF states. We considered 98 APDM kinematic 
features extracted from the walk test, pronation-supination activity, as well as speed and angle measurements extracted 
from ADLs. Please see mobility lab user guide and white paper for more details (www.apdm.com/wp-
content/uploads/2015/05/02-Mobility-Lab-Whitepaper.pdf). [21] We also used the following clinical variables: age, 
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gender, weight, height, body mass index (BMI), and age at first symptoms to analyze how these variables inform ON 
and OFF states as well as their relation to MDS-UPDRS Part III total motor score and sub-scores. The sub-scores 
correspond to cardinal features of PD that are assessed by tasks as follows: posture and gait score (PIGD i.e. arising 
from chair, gait, freezing of gait, postural stability, posture); bradykinesia score (i.e. global spontaneity of movement, 
finger tapping, hand movements, pronation-supination, toe tapping, leg agility); and rigidity score (i.e. rigidity of each 
limb). The rest of the MDS-UPDRS Part III items concern speech, facial expression and tremor. These items are not 
addressed in this work.  

We conduct multi-step analysis, each building upon the other as follows: 1) evaluate kinematic features for 
group differences in ON vs OFF motor states; 2) analyze kinematic features associated with subject-level changes in 
MDS-UPDRS scores and sub-scores; and 3) use insights gained from previous steps to develop models to track motor 
fluctuations with minimal sensor coverage.  The three distinct steps are described below. 

1) Evaluate ON vs. OFF group differences: We analyze 98 kinematic features (paired for each subject’s ON and 
OFF ISAW test) using the paired sample t-test. Hierarchical clustering [22] was also performed on these features to 
understand group differences as follows.  A distance matrix was computed between all (complete) pairs of normalized 
features using Spearman’s rank correlation. Fisher’s method [23] was used to calculate cluster specific p-values and 
significance of cluster membership to ON vs. OFF sub-group.  

2) Kinematic features associated with changes in motor scores: Next, to understand the directional change in 
clinical endpoints (as a result of change in kinematic features), we fit mixed-effects linear models. [24,25] The model 
accounts for both within subject variations and/or multiple experimental conditions. Here, we model the clinical 
endpoint of interest (e.g. PIGD, bradykinesia, tremor, rigidity, or total motor UPDRS score) as a function of top 
kinematic features. The features used in these models were first tested using one-way repeated measures ANOVA and 
were found to be significant. In linear mixed effects models, together with covariates (gender, height, age, bmi, 
affected side and right or left handedness) they account for fixed effects (i.e. between subjects) while the subject id 
models the random effect. The selected features were introduced in a stepwise fashion and a likelihood ratio test was 
used for model selection, i.e. the model minimizing the variance and significantly different from the previous model(s) 
was selected as the best model. All statistical analyses were performed using R, version 3.3 (lme4 package). Statistical 
significance was evaluated at p <0.01. 

3) Tracking motor fluctuations: Kinematic features found significant in previous steps were further evaluated for 
motor fluctuations, i.e. switching in ON / OFF state. Here also we used mixed linear models and the dependent 
variables were either UPDRS scores, PIGD, bradykinesia or rigidity scores. We performed feature selection for PIGD 
and Bradykinesia models using leave-one-subject-out cross-validation where a mixed-linear model was fitted. The 
random effect was represented by the subject id while the fixed effects were subject age, height, body mass index 
(bmi), gender, for both models; coronal and sagittal range of motion, average turn speed, maximum speed, steps in 
turn for the PIGD model, while the features considered for the Bradykinesia model were median pronation-supination 
speed and angle. The features were considered in all possible combinations together with their interactions. In addition, 
features were also assessed based on the location and the number of sensors, and the kind of activity required to 
measure them (e.g. turn speed is measured from turn events). Additionally, features extracted from pronation-
supination events detected during ADLs were used to predict ON/OFF states switch as a function of Bradykinesia or 
PIGD score. The PIGD score used was the average of the following UPDRS sub-scores: sit to stand, posture, gait, 
freeze, postural stability.  Bradykinesia score used was the average of UPDRS sub-scores of the affected side: leg 
agility, toe tapping, hand flexion-extension, finger tapping, pronation-supination, arm rigidity, leg rigidity and body 
bradykinesia.  

This stage of the analysis required activity classifiers like turn and pronation-supination detectors in order to extract 
the relevant kinematic features when appropriate (i.e. turn speed from turn events, pronation-supination speed from 
pronation-supination events). These classifiers were developed as part of the larger Bluesky project [26] and were 
based on simple integration of the relevant gyroscope signal. Hence turn events were identified from walking trials 
while pronation-supination events were identified from the sum of all ADLs. We specifically focused on predicting 
ON/OFF states as a function of Bradykinesia scores inferred from pronation-supinations and PIGD scores inferred 
from turns. The reason for focusing on turns and not straight walking events were two-fold: first, some of the most 
informative features for walks like stride length and toe-off angle require sensors located on the top of the foot which 
subjects found uncomfortable, second, previous studies showed that in an in-home environment walking is usually 
very short and sparse while there are plenty of turns. [27]  
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Results 

We describe the results for the three analyses listed above: kinematic features significant in ON/OFF sub-groups; 
directional change in MDS-UPDRS Part III score(s) as kinematic feature values change; and motor state detection on 
gait and ADL data where the predicted motor fluctuations were compared to the patient reported ON/OFF.  Please see 
Table 1 for characteristics of study participants and their MDS UPDRS Part III scores summary.  

 
Table 1: Characteristics of PD subjects (N=35) 

 

(a) Socio-Demographics  
Mean (± sd) 

Gender (M) 23 (66%) 
Age(years) 66.4 (± 7.9)  
Right-Handed 29 (83%) 
Hoehn & Yarr 
Score 

1: 2 (6%) 
2: 26 (74%) 
3: 7 (20%) 

Affect Side Right: 14 (40%)  
Left: 14 (40%)  
Both: 7 (20%) 

BMI 27.80 (± 7.09)  
Education (Years)  College: 11 (31%) 

High School: 6 (17%) 
Post-graduate: 18 (52%) 

 
1) Insights from ON vs OFF group differences:  We found 23 kinematic features significantly differed between ON 
and OFF motor states of which left arm range of motion, gait speed (on both sides) and stride length (on both sides), 
were the top five significant features (p < 0.001). We also found highly significant (p <0.001) differences between the 
ON vs OFF states for all clinical scores, i.e. total motor score, bradykinesia, PIGD, Rigidity and Tremor scores. 
However, not every item rated on MDS-UPDRS Part III significantly differed between the two sub-groups. For 
example, kinetic tremor, tremor amplitude, postural stability, freezing of gait, and right toe tapping rating items were 
not significantly different between the two sub-groups (p = 0.05).  
 
Figure 1: Hierarchical clustering of kinematic features (N=35 subjects) 
 

 
 

(b) MDS-UPDRS Part III Scores 
Mean (± sd) 

Total motor score 46.02 (± 17.91) 
PIGD  5.37 (± 3.80) 

Bradykinesia 23.5 (± 9.06) 
Tremor  8.07 (± 4.33) 
Rigidity 8.06 (± 5.36) 

Balance* Speed* Step Mechanics* Cadence Gait Cycle 
Variation 
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Furthermore, we found five clusters (Figure 1) in hierarchical clustering with kinematic features – 1) step mechanics, 
2) gait cycle variation, 3) balance, 4) speed, and 5) cadence and anticipatory adjustment.  Of these five clusters, three 
were significantly different between ON and OFF sub-groups - step mechanics (p<0.00001), balance (p <0.00001) 
and speed (p <0.00001). Please see below for more details of significant clusters. 

 

¥Cluster p-values combined using Fisher’s method (ON vs. OFF 
sub-groups) 

RofM: Range of Motion 

 
2) Change in MDS-UPDRS Part III scores with kinematic feature values: Overall changes in 36 kinematic features 
significantly (p < 0.05) contributed to change in MDS-UPDRS Part III total motor score of PD subjects. Of these, 19 
were more significant (p < 0.01) (Table 2, p1 value) and 13 features significantly differed (p < 0.01) within subject 
i.e. when measured between their ON and OFF states (Table 2, p2 value). A majority of these features were gait 
characteristics indicative of balance and speed.  
Table 2: Repeated Measures ANOVA for MDS-UPDRS Part III Total Motor Score Endpoint 

 
Kinematic Feature 

Feature Type p1 
(main effect) 

p2 
(within subject) 

1 Stride Length R [mean] Gait – Lower Limb 0.0051 <0.0001 
2 Stride Length L [mean] Gait – Lower Limb 0.0042 <0.0001 
3 Gait Speed R [mean] Gait – Lower Limb 0.0026 <0.0001 
4 Gait Speed L [mean] Gait – Lower Limb 0.0024 <0.0001 

Cluster  Type Chi Sq DF p-value¥ 
Black Balance  218.27 24 <0.00001 
Red Speed  88.55 13 <0.00001 

Green Step mechanics  156.31 33 <0.00001 
Blue Cadence 

/anticipatory 
adjustment  

17.79 12 0.813075 

Cyan Gait Cycle 
Variation 

40.90 14 0.05485 

Balance*** 

Step Mechanics*** 

Speed*** 
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5 Toe Off Angle R [mean] Gait – Lower Limb 0.0001 <0.0001 
6 Arm RofM L [mean] Gait – Upper Limb 0.0077 <0.0001 
7 Turn Velocity [mean] Turns 0.0001 <0.0001 
8 Toe Off Angle L [mean] Gait – Lower Limb 0.0007 0.0001 
9 Arm Swing Velocity R[mean] Gait – Upper Limb 0.0054 0.0003 
10 No. of turns Turns 0.0022 0.0004 
11 Midswing Elevation R [std] Gait – Lower Limb 0.0064 0.0013 
12 Stance R [std] Gait – Lower Limb 0.0053 0.0022 
13 Swing R [std] Gait – Lower Limb 0.0053 0.0022 
14 Turn Duration [mean] Turns 0.0011 0.0325 
15 Cycle Duration R [std] Gait – Lower Limb 0.0063 0.0605 
16 Turn Duration [std] Turns 0.0010 0.0679 
17 Cycle Duration L [std] Gait – Lower Limb 0.0071 0.1658 
18 Step Duration L [std] Gait – Lower Limb 0.0068 0.2103 
19 Steps in Turn [std] Turns 0.0029 0.4566 

RofM: Range of Motion 

As with the total motor score endpoint, 55 features were significantly (p < 0.05) different across subjects for the PlGD 
endpoint. Of these 41 were very significant (p <0.01) and 28 features also significantly differed (p < 0.01) within 
subject’s ON and OFF state. Nonetheless, when comparing PIGD to the total motor score endpoint, there were some 
noticeable differences. First, as there were many more significant features for PIGD score when compared to the total 
score (41 vs 19), it may suggest that kinematic features are more specific and sensitive to the PIGD sub-score and 
therefore PIGD may be an important clinical endpoint to evaluate especially when using wearable inertial sensors. 
Second, the lower limb kinematic features were more significantly different in ON vs OFF state, at least in our cohort 
(please see Table 2), suggesting that placement of wearable sensors on lower extremities may be required. We also 
found 39 kinematic features significantly (p < 0.05) different between ON and OFF state for Bradykinesia endpoint. 
Of these 25 were very significant (p< 0.01) and 15 were also significantly different (p<0.01) within subject’s ON and 
OFF state. For other pertinent clinical endpoints, we found less than 10 significant (p<0.05) kinematic features (8 for 
rigidity and 2 for tremor sub-scores).  
 
3) Tracking motor fluctuations:  
The best predictive features for the PIGD model were maximum turn speed and sagittal range of motion (Table 3) 
with an ON/OFF accuracy of 86%, R-squared and mean squared error (MSE) with respect to corresponding 
neurologist sub-scores were 0.55 and 0.262 respectively (Table 5).  
 
Table 3: Mixed-effects Linear model for PIGD Sub-score 

 Coef. Std. Err. z P>|z| [0.25 0.75] 

Const. 3.258 0.236 13.786 0.000 2.795 3.721 

Turn speed -0.830 0.090 -9.234 0.000 -1.006 -0.654 

Sagittal RofM -0.006 0.002 -2.601 0.009 -0.011 -0.002 

Group RE 0.185 0.294     

 
Similarly, for the Bradykinesia model the best predictive features were age and the interaction between pronation-
supination speed and angle (Table 4) with an ON/OFF accuracy of 77%, the R-squared and MSE with respect to 
neurologist sub-scores was 0.36 and 0.346 respectively (Table 5). 
 
Table 4: Mixed-effects Linear model for Bradykinesia Sub-score 

 Coef. Std. Err. z P>|z| [0.25 0.75] 

Const. 1.828 0.814 2.247 0.025 0.234 3.423 

Age 0.023 0.011 2.182 0.029 -1.006 0.044 
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Pron-sup speed*angle -0.020 0.003 -5.836 0.000 -0.011 -0.013 

Group RE 0.156 0.201     

 

Table 5: Model cross-validation performance 

 On/Off Accuracy Sub-score R2 MSE 

PIGD 85.71% 0.55 0.262 

Bradykinesia 77.14% 0.36 0.346 

 

Discussion 

In this study we explored various strategies for automatic detection of motor states in PD subjects. We used 
kinematic features from wearable inertial sensors that the subjects wore on their wrists, sternum, and lower extremities 
while performing “walk” trials in a clinical setting. We applied statistical and machine learning methods to investigate 
automatic detection of ON/OFF states including detecting motor state fluctuations. Our findings suggest that 7 to 10 
kinematic features from wearable inertial sensors may be most informative for detecting motor fluctuations in PD 
subjects during walking. These features are related to arm, trunk and lower extremities and were found to be most 
informative of gait characteristics (balance and speed), at least in this PD cohort. Of the 98 kinematic features, the 
following were found to be of high significance for detection of ON/OFF states - arm and trunk range of motion, toe 
out angle, mid-swing elevation, turn velocity, stride length, and steps in turn (Table 2).  

Our findings corroborate with previous work  [28–30] implicating gait characteristic differences in early PD and 
healthy controls. However, the study from which the present analysis was conducted differs from previous similar 
work in many respects. Early studies in PD using wearable devices, such as a wrist watch equipped with a gyroscope 
or accelerometer, mostly focused on only one dimension of PD symptoms, such as identifying tremor severity [12] or 
bradykinesia [31]. Its only in the last decade that studies began to focus on PD motor fluctuations. [32] However, they 
generally studied a very limited number of PD subjects. [15] In fact, a review article [14] found fewer than 15 subjects 
participated in most research studies that have evaluated wearable inertial sensor technology for PD applications thus 
far. One reason for this could be that past efforts were generally feasibility studies focused on finding early PD 
biomarkers using signal processing methods [33,34], and were not specifically designed for clinical applications. The 
study from which this analysis was generated, on the other hand, has a considerably larger cohort of 35 PD subjects. 
We specifically focus on one clinical application, i.e. to utilize wearable inertial sensors for automatically detecting 
motor fluctuations in PD subjects.  In fact, we use kinematic measures (processed from raw signals) that have been 
clinically validated before [19] and we randomize patient visits for self-report of motor state (i.e. their ON/OFF state). 
We also correlate self-report with neurologist exam ratings on MDS-UPDRS, the gold-standard for clinical 
assessments, and control for many socio-demographic and PD characteristics in this study. Thus, our results obtained 
from a larger cohort of PD subjects who were instrumented and measured in randomized walk trials in a clinical setting 
may be able to detect motor fluctuations from wearable sensors that we believe can be easily worn in ADL. A recent 
study for development of digital biomarkers from our parent study (the Bluesky project) also points to usefulness of 
wearable sensor devices for detecting resting tremor and bradykinesia. [35] 

 
However, as with many studies in elderly population, this study also has a limitation of measuring one set of ON/OFF 
data per subject in a clinical setting. There are a few other limitations too. First, the PD subjects are mostly male 
subjects (66%, Table 1) with mild to moderate PD symptoms (Hoehn and Yahr stage of 1 or 2, i.e. early PD or less 
severe disease), and are right-handed. However, as our methods can detect motor fluctuations in subjects with lesser 
disease severity, we are optimistic about their performance in subjects with higher severity, though other challenges 
(of wearing sensors) in subjects with more severe disease may exist. Second, the subjects performed their assessments 
(walk trials) in a clinical setting and therefore there is a chance that the setting may have affected their performance 
due to unfamiliar surroundings or anxiety. This is also noticed by the visit effect in our analyses (despite ON/OFF 
visit randomization) but as our data also suggests, there is a chance that subjects may have also gotten familiar with 
the scripted task (in visit 2). This suggests that the subjects may be comfortable in wearing such devices in a home 
setting and the caregivers may be more amenable to such interventions if its advantageous for monitoring PD 
symptoms remotely.   
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As expected, the kinematic features extracted from walking events were better at predicting the UPDRS sub-scores 
relating to gait and balance than the sub-scores associated with bradykinesia, tremor and rigidity. Perhaps a similar 
approach can be used to extract kinematic features from other activities of daily living, like sitting, standing, hand 
movements that can better predict other parts of the UPDRS score. Hence, we also considered pronation-supination 
events as a window into bradykinesia symptoms. Besides being an activity that’s already recognized as important in 
measuring bradykinesia by being part of the standard UPDRS test, pronation-supination is also easy to monitor using 
a wrist worn gyroscope. Just as in turning, rotation speed was also found to be highly predictive of a patient’s motor 
state. There are numerous other features that neurologists look for when assessing PD patients, however, for the 
purpose of in-home monitoring a few simple interpretable features that are continuously and passively collected with 
very little burden to the user could provide a more comprehensive and continuous view of a patient’s motor symptoms. 

 
Conclusion 

In conclusion, the present analysis shows that wearable inertial sensors may be very promising for monitoring motor 
fluctuations in PD subjects, particularly when worn on the wrist or trunk. They may present an opportunity for large 
number of applications such as in-home PD monitoring, remote clinical assessments for example for dose adjustment 
or individualized therapy, or as technological endpoints in clinical trials.  Such an application in turn may even inform 
current clinical practices. 
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Abstract 

Current treatments for major depressive disorder are either less effective for older adults (i.e. pharmacotherapy) or 
are challenging to extend to community settings (i.e. psychotherapy). To improve and extend mental health 
treatment for older adults, our team has expanded a previously developed streamlined talk-therapy model to 
incorporate a technology package that includes patient-reported outcome questions (sent via SMS) and a 
smartwatch. The goal of this pilot study was to assess and improve the usability, usefulness, and acceptability of the 
technology package. We completed a pilot feasibility and usability assessment with 15 older adults. Participants 
demonstrated the feasibility of use of the intervention, successfully completing 99% of their assigned tasks during 
the pilot. Findings were used to address usability barriers in preparation for future clinical trials. Our results 
highlight the importance completing usability assessment and involving older adults in the intervention design 
process when incorporating technology into care.   

 

INTRODUCTION 

The population of older adults (those over the age of 65), is growing more rapidly than any other age group in the 
world. The population of the “oldest old,” those over the age 85, is expected to grow 351% by 2050.1 With aging 
populations also comes increased incidence of chronic conditions, such as arthritis, diabetes, hypertension, and heart 
disease.2 The leading cause of disability in older adults, however, is major depressive disorder (MDD).3 MDD 
advances brain and epigenetic age, and increases morbidity and mortality.4 MDD has also been linked to an 
increased risk of frailty, diabetes, stroke, cognitive impairment, cardiac diseases, and arterial disease, not to mention 
related suffering and increased cost of care.5-10 

Despite increased medical need and treatment among older adults, late-life depression (LLD) is undertreated.11,12 As 
with other chronic conditions, disparities in the incidence and treatment of LLD exist based on gender, race, and 
ethnicity,13,14 which is problematic because the older adult population is projected to become increasingly racially 
and ethnically diverse over time.1 Pharmacotherapy for MDD has significantly poorer effectiveness for older adults 
than younger adults and has been demonstrated to help less than half of LDD cases.15,16 Previous studies have also 
demonstrated older adults encounter increased challenges in adhering to pharmacotherapy regimens based on 
cognitive limitations (e.g. learning, working memory) and structural challenges (e.g. obtaining their medications 
from the pharmacy).17,18 Older adults also have a greater risk of depression relapse, although this risk can be 
mitigated with pharmacotherapy and psychotherapy.19,20 Psychotherapy, specifically problem-solving therapy, has 
demonstrated efficacy in improving symptoms of LDD and reducing functional disability.21,22 However, 
psychotherapies are complex, and many community-based therapists (e.g. social workers, care managers) are not 
qualified to deliver these treatments, limiting the scalability of psychotherapy in its current form.23 

The center grant (ALACRITY) associated with this work focuses on streamlining and simplifying LDD treatments 
and improving their scalability for community-based settings.24 In earlier work, the team developed a streamlined, 
stepped therapy grounded in neurobiological constructs but that focuses on simple, efficacious behavioral strategies 
to enhance scalability of treatments that can be effectively delivered by community-based therapists (Engage). The 
streamlined therapy has been effectively taught to community-based therapists and has been demonstrated to be non-
inferior to the gold standard of psychotherapy for LLD, problem-solving therapy.25,26  

 A recent review on the treatment of LLD highlighted key areas for future research, including: building patient-
centered, culturally sensitive treatments; determining if/how to involve technology in LLD treatment; involving 
community health workers; and developing treatment models scalable across settings, particularly those situated in 
the community.13 The ALACRITY Center has addressed each of the aforementioned aims by devising Engage, a 
community care model embedded in senior centers.25,26 In addition to talk therapy, the team has expanded Engage to 
include a technology-facilitated platform (Engage-M). Engage-M incorporates patient-reported outcomes collected 
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via text message with a commercial smartwatch and a mobile phone-based activity tracking application. The design 
was based on a previous concept that increased activity among older adult patients with ischemic heart disease.27 
The intervention can be used in conjunction with counseling sessions with a licensed clinical social worker in order 
to improve access to treatment by allowing social workers to treat more patients, increase number of touch-points 
with the patient, and facilitate patient engagement.  

Given the known barriers to use of health information technology by older adults,28 we considered it essential to 
assess and improve usability and feasibility of the technology-facilitated intervention package before moving ahead 
to assess the efficacy of the intervention on treating LLD. Constructs such as usability and usefulness have been 
demonstrated to predict eventual use of a technology.29 Commercial technologies are also not typically optimized 
for older adults.30 In addition, persons in underserved groups (e.g. older adults, racial minorities, ethnic minorities) 
who would benefit most from community-based care, struggle most in overcoming issues related to usability.30 
Therefore, an initial usability study of the technological intervention was a critical step prior to clinical assessment. 
Here, we report our findings of a usability and one-week pilot feasibility study, in which community-dwelling older 
adults used the Engage-M platform in their daily lives. Our goal was to assess and improve the perceived usability, 
usefulness, and acceptability of a text-message and smartwatch-based intervention for older adults. In addition, our 
findings have implications for future mHealth and wearable based interventions for older adults.  

METHODS 

Intervention description 

The Engage-M intervention involves patients reporting outcomes twice a day via text message and tracking their 
activities using a smartwatch (Withings Steel HR; https://www.withings.com/us/en/steel-hr). See Figure 1.  
The technology platform we partnered with, Way To Health, facilitates sending and receiving text messages and 
receiving patient activity data. Way To Health is a technology platform that facilitates communication with patients 
through SMS-messaging and integration with wearable devices to store activity data.31 Their system uses branching 
logic to have adapted, individually tailored exchanges with patients. For Engage-M, Way To Health sent four SMS 
questions in the morning, and one to three questions in the evening, with automated prompts if participants did not 
respond or sent erroneous responses (e.g. answering with letters to a question requiring numerical input). The 
platform stored patient responses and step and sleep data. The data from patient messages was populated into a 
clinician-facing interface that allowed community therapists to review how the patient was feeling during the week 
and incorporate this information into the patient’s therapy.  

In addition, Way To Health connects with HealthMate, the mobile phone application that interfaces with the 
smartwatch activity tracker. Through HealthMate, the patient’s activity data, in this case sleep and step data, is 
populated in the therapist’s interface in Way To Health. 

Similar to previous interventions developed by our team, the patient-facing portion of the technological intervention 
was based on behavioral economics-based reward systems aimed to increase adherence to treatment and monitoring 
procedures.25 In this case, patients can move between levels (e.g. bronze, silver, gold) based on completing activities 
related to their mental health and well-being in a gamified manner.27 In other words, patients would work with their 
therapist to select an enjoyable activity (such as walking, telephoning a friend, or going to a movie), and then 
receive points if they complete it each week. In an upcoming clinical trial, patients will have the opportunity to 
receive cash prizes for making it to the highest level.  

Study design and Sample 

We assessed the usability, usefulness, and acceptability of the Engage-M intervention using semi-structured 
interviews, questionnaires, and system use data. All participants were recruited from a single senior center in the 
Northeastern United States. Senior center members were eligible for the study if they were over 49 years old, had 
the ability to speak and read English, and if they owned a smartphone. Those meeting inclusion criteria and agreeing 
to participate first completed an initial interview where they received an introduction to the intervention and 
provided feedback. Because time constraints prohibited purposive sampling for MDD, all participants instead 
completed a PHQ-9 and were asked if they had experience with talk therapy (see Table 2).  Participants then 
participated in the intervention for a one-week trial period. Following the trial period, participants completed a 
follow-up interview in which they discussed their perceptions of the intervention. This study was approved by the 
Weill Cornell Medicine Institutional Review Board, and participants provided written informed consent. 
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Figure 1. Format and structure of Engage-M technology package, and how it can be used to facilitate psychotherapy 
sessions.  

Data collection 

Our team included experts in usability assessment, user-centered design, and clinical psychology and psychiatry. 
Three research assistants and a PhD-level user-centered design researcher (NCB) completed in-person data 
collection (i.e. interviews). All of the research assistants had previous experience in a community-based setting 
completing interviews with older adults. Prior to data collection, the team of research assistants underwent a series 
of hands-on, immersive training sessions with the PhD-level researcher who designed the study. 

Initial interview: During the initial interview, participants first received an overview of the intervention, provided 
informed consent (as applicable), and were enrolled in the pilot intervention. As noted in the intervention 
description, the intervention is based on reward exposure linked to a daily planned activity. For the purposes of the 
usability study, we had participants imagine that their planned activity was to go for a walk although we made it 
clear to them it was their choice about whether or not they did this.  

Participants then completed a cognitive walkthrough where they received each of the text messages included in the 
intervention and were asked to “think-aloud” regarding how they thought they should respond to each message. 
Cognitive walkthroughs are an established usability assessment technique in which  users verbalize their thought 
process or “think-aloud” which can help identify design components that are unintuitive or challenging to 
understand.32 During the cognitive walkthrough, study team members also asked participants structured questions to 
assess comprehension of the messages (e.g. “how do you think you should respond to this message if at all?”). 
Following the cognitive walkthrough portion of the interview, participants completed a series of questionnaires, 
including: 

- Unified Theory of Technology Acceptance , and Use of Technology (UTAUT2) assessment adapted for 
assessment of healthcare wearable devices and mobile health technology29,33  

- Demographics survey 
- PHQ-9 – a validated instrument for assessing major depressive disorders34,35 

Study team members then completed the technology setup, gave participants their study provided smartwatch, and 
gave a brief tutorial for using the smartwatch and mobile health application. The study team member also scheduled 
a time with the participant for the follow-up interview. Prior to conclusion of the study, participants had an 
opportunity to ask questions and resolve any doubts. Lastly, the study team member utilized teach-back to ensure the 
participants could repeat their study tasks in their own words.36 

One-week pilot period: Participants were asked to use the smartwatch, respond to morning mood and evening 
activity questions, and sync their smartwatch data with their mobile device by opening the HealthMate application 
once per day. Throughout the pilot period, the W2H system stored data related to participant responses to text 
messages and whether the participant synced their watch with the mobile device application.  

Follow-up interview: After participants completed the one-week pilot, they met in-person with a study team member 
for a follow-up interview. Participants provided feedback related to their experience using the smartwatch and 
responding to study messaging. The study team members also discussed perceived helpfulness of the intervention, 
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willingness to utilize similar interventions, and willingness to recommend the intervention to a fried/family member 
to support emotional health and quality of life. At the conclusion of the interview, the participants completed the 
UTAUT2 a second time. 

Rapid data analysis and iterative intervention re-design 

Table 1 provides a summary of what study phase data was collected in, brief description of the data, and an analysis 
summary related to how results are presented.  

Table 1. Description of the data collected in each study phase including an analysis summary.  
Collection 
phase Description Analysis summary 

Initial 
interview 

Demographics Descriptive statistics 
PHQ-9 Descriptive statistics 
UTAUT2 Not presented here 

Audio recording of cognitive 
walkthrough 

- Transcribed by professional service 
- “Think-aloud” feedback used to summarize common 

errors and issues 

Intervention 
pilot 

Morning mood question responses Descriptive statistics of completion, errant responses 
Evening activity questions responses Descriptive statistics of completion, errant responses 
Steps activity Descriptive statistics of sync completion 
Sleep activity Descriptive statistics of sync completion 

Follow-up 
interview 

UTAUT2 Not presented here 
Audio recording regarding 
intervention feedback 

- Transcribed by professional service 
- Transcripts iteratively reviewed to identify potential 

areas for improvement of the intervention 

A single investigator from our team (NCB), who has extensive experience conducting and analyzing data from 
usability studies, completed the aggregation of descriptive statistics and review of the interview transcripts. Data 
collection, analysis, and intervention re-design occurred in a highly abbreviated time-frame to meet a 6-week 
deadline for launching the subsequent RCT study.37 Rapid development approaches have become increasingly in the 
development of modern technologies and have demonstrated success in creating user-oriented products.38 Given the 
rapid cycle development process, a formal, inductive qualitative analysis was not appropriate. Review of the both 
the initial and follow up interview transcripts focused pragmatically on common problems and areas improvement of 
the intervention. The initial interview transcripts were iteratively reviewed to determine common sources of error or 
confusion (Table 3). Review of the final interview transcripts elicited common barriers to use of the technology 
package and recommendations for improvement.   

The information was summarized and reviewed with another team member with expertise in usability evaluation 
(JSA). The summaries were used to create initial recommendations for updates to the intervention and study conduct 
for an upcoming RCT. The results were then reviewed with all study investigators to come to a consensus on what 
updates would ultimately be made to the intervention and study methods (summarized in the Discussion).  

RESULTS 

Characteristics of Study Participants 

A total of 15 participants met inclusion criteria, consented to participate, and completed the study. Two other 
participants dropped out during the initial interview due to English language and technology barriers. Table 2 
presents the characteristics of the convenience sample of study participants obtained from recruitment in a single 
community senior center.  

Initial Interviews 

Table 3 summarize participants’ comprehension of the various groups of messages included in the study. The most 
concerning error pertained to participants who indicated in their think aloud response that they had flipped the 
orientation of the scale for mood and activity questions. For example, they said they would respond a 10 (“most 
sad”) to the question about sadness then describe that they responded this number because they felt very happy. The 
errors that involved responding an out-of-range value (e.g. not “Yes”/”No”, or a number 1-10) were less concerning 
as the Way To Health platform can trigger an automated error message to prompt the user to enter a valid response.  
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One common theme was that participants 
believed they needed to respond to questions that 
were not designed to require a response (e.g., the 
welcome message at study initiation, or weekly 
updates about participant status). Participants 
also struggled with answering questions about 
their planned activity and how their planned 
activity related to their reward plan. We believe 
that this challenge was because the planned 
activity was hypothetical. This is of less concern 
for the future RCT, in which participants will 
have tailored activities planned with their 
therapist and documented for them in a physical 
calendar. 

Intervention Pilot 

Participants were generally very successful in 
responding to study messages and syncing their 
activity data each day. Participants completed 
99.0% (104/105) of the morning mood questions 
and 100.0% (105/105) of the evening activity 
questions. During the follow-up interview, the 
participant who missed one morning of mood 
question sets noted that they were unable to 
respond because they underwent a surgical 
procedure that morning. Throughout the pilot, 
participants sent a total of 6 invalid responses, 3 
in response to numeric questions (i.e. 1-10) and 
3 in responses to Yes/No questions. The invalid 
numeric response included two instances of 
entering the letter “O”, presumably instead of the 
number “0”, and one instance of entering “0 not 
sad.” The invalid responses to the Yes/No 
questions included “Yo”, “Y Es”, and “No” 
followed by an explanation of why they did not 
complete the activity. Importantly, in all 6 
instances, participants received an error message 
and were able to send a valid response in their 
next message. In addition to the invalid 

responses, participants also responded to messages where a response was not required in 114 instances, equivalent to 
more than once per participant per day. The vast majority of these messages (94/114; 82.4%) involved some 
variation of “okay” and “thank you.”  

Participants successfully synced their step and sleep activity data 100.0% (105/105) and 95.2% (100/105) days of 
the pilot intervention, respectively. The participant that noted that they underwent a surgical procedure during the 
pilot accounted for 60% (3/5) of the days where participants had missing sleep data. 

Table 2. Summary of study participant characteristics. 
  N  % 
Gender    
 Female 8 53.3 
 Male 7 46.6 
Age*    
 50-59 1 7.1 
 60-69 10 71.4 
 70-79 2 14.2 
 80+ 1 7.1 
Race    
 White 2 13.3 
 Black 1 6.7 
 Asian 11 73.3 
 Other 1 6.7 
Ethnicity    
 Not Hispanic 14 93.3 
 Hispanic 1 6.7 
Education    
 High school (no degree) 1 6.7 
 High school degree 5 33.3 
 Some college or 

Associate’s degree 
5 33.3 

 Bachelor’s degree 4 26.7 
Experience with 
talk therapy 

   

 Yes 2 13.3 
 No 13 86.7 
PHQ-9 category    
 None-minimal 8 53.3 
 Mild 5 33.3 
 Moderate** 2 13.3 
 Moderately severe 0 0 
 Severe 0 0 
*N = 14, one participant elected not to answer 
**Treatment, consideration of counseling or pharmacotherapy 
recommended 
 

Table 3. Summary of common errors and confusion related to study messages in initial interview. 
Message Group Response type Common errors and confusion 
Study initiation – 
description of 
reward plan 

None - Did not understand how to gain or lose points 
- Confusion between “points” (e.g. 100) and levels (e.g. bronze, silver) 
- Thought they needed to respond to the message 
- Text very long, required scrolling, especially for those with larger 

font settings 
Morning mood 
questions  

Numeric (1-10) - Flip-flopped scale orientation 
- Wanted clarification for pain question (i.e. physical vs. mental) 
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Follow-up Interviews 

Our assessment of participant feedback focused on issues and recommendations for improvement that could be 
adjusted in an upcoming RCT. One major concern was that messages were too repetitive. Participants also wanted 
additional follow-up or to know that a human was reading their responses, which will presumably be resolved in 
future studies where the intervention is used in ongoing therapy. Multiple participants also noted that they would 
have liked additional training related to how to use the HealthMate app and understand their activity data.  

Other issues noted were outside of elements we could control as investigators using commercially available 
technologies. Some participants noted issues with the watch design, specifically that the viewfinder window which 
showed activity and phone notifications and the analog clock were too small and hard to see. Others noted that, at 
times, the data collected in the HealthMate application seemed inaccurate.  

Overall, the participants described the intervention as acceptable and easy to use. Many participants described that 
the intervention helped them become more self-aware about their mood and activity.  

Final intervention updates based on study results 

Our team utilized the results of the usability study to collaboratively update the Engage-M intervention and the study 
materials for an upcoming RCT. Changes to the intervention focused on the text messaging as the other study 
components, the Withings Smartwatch and HealthMate mobile application, involve commercially available 
technologies that we had little ability to alter. 

Morning mood questions, evening activity questions: We placed the description of the anchors of the scale (e.g. not 
sad, most sad) immediately following the first mention (example below), for each of the messages. Our rationale for 
this change was to avoid comprehension errors about the orientation of the scale for questions that required numeric 
answers. We anticipate that with the initial design the participants may have just seen 0 to 10 and made their own 
assumption about the directionality without fully reading the message.  

Initial message (example) Updated message (example) 
“On a scale of 0 to 10 how sad do you feel today 
(0=not sad, 10=most sad)? Please type a number. 

“How sad do you feel today? Please type a number 
from 0 (not sad) to 10 (most sad).” 

We also found the that usability study was critical in detecting misunderstanding in answering mood and activity 
questions, so we have also added a segment to the RCT study initiation session where patients will think aloud about 
how they should respond to the messages to similarly catch potential issues. 

Based on participant feedback, we also clarified the mood question that asked about pain to refer specifically to 
“physical pain.”  

Out of office message: During the pilot intervention, many participants responded to messages where no response 
was required, which commonly included phrases such as “okay” or “thank you”. While these responses do not raise 
issues, one of the greatest safety concerns related to using this intervention with patients with MDD is that patients 
will report serious symptoms (e.g. severe depression, suicidal ideation) via text thinking their therapist will see it. To 
reduce this possibility, we have added an “out of office message” stating, Thank you for your message. We are not 
monitoring this texting program but if you have any information to share, please discuss with your therapist at your 
next visit. If you need urgent assistance please go to an emergency room. Receiving this message each time the 

Evening activity 
questions  

Numeric (1-10) - Did not understand the word “accomplishment” 

Evening activity 
questions  

Yes/No - Variations of yes/no (e.g. “Y,” “N,” “yes, of course”) 
- Wanted to include information about their planned activity  (e.g. “I 
walked”) 

Weekly reward 
plan updates 

None - Thought they needed to respond to the message 
 

Response reminder Numeric (1-10), 
or Yes/No) 

- Wanted to respond affirmatively (e.g. “okay”) instead of answering 
most recent question 
- Confused about which question to respond to 

Error message Numeric (1-10), 
or Yes/No) 

- Confused by words “value” and “numeric” 
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participant simply sends “okay” or “thanks” may become annoying, so we have configured this message to send 
adaptively, only when it involves a message other than “okay” or “thank you”.  

Study initiation message – description of reward plan: Participants struggled to comprehend the components of the 
study initiation message during the initial interview. We also noted that the message required a lot of scrolling, 
particularly for those who had larger font size settings. To mitigate this issue, we broke the study initiation into four 
shorter messages that send one at a time at the beginning of the study with a lag in between, so participants have 
ample time to read the message. In the RCT, therapists also plan to review the reward plan with the patient during 
study initiation to ensure understanding.  

Reducing repetitiveness: Many participants in the follow-up interview described concerns that the messages were 
too repetitive and would become boring over time. For the RCT, we created three variations of message wording for 
activity reminder and weekly reward plan updates that will be varied at random. We chose these message groups 
because the participant receives them more than once (daily and weekly, respectively) and these messages do not 
involve eliciting responses from patients where consistent wording may be more critical, as is the case with the 
morning mood and evening activity questions. 

Therapist training and study initiation manual: In the RCT, therapists (not research assistants) will complete the 
study initiation. The technology setup process for the intervention is complex due to the number of components 
involved, so we have conducted multiple trainings with the therapists and created a step-by-step manual with 
pictures to walk them through the setup process. We have also incorporated additional steps into the therapist 
manual to ensure the patient leaves the study initiation session equipped with the knowledge necessary to 
successfully utilize the intervention, including: 

1. Standardized phone setup for those receiving a phone as part of the study - therapists will set up study 
smartphones with a standard configuration so the buttons/apps the participant needs (calls, messages, 
HealthMate) are set as shortcuts. 

2. Adaptive phone set up – the therapists have instructions to adjust the font settings on the phone to a size 
easily readable by the patient. In previous iterations of the study, we provided instructions to patients to 
complete this step on their own. 

3. Integration of technologies into daily activities – therapists will discuss with patients to ensure they have a 
place to keep and charge their phone.   

4. Review of patient education booklet – therapists will review newly added information regarding how to use 
their phone (for those receiving a study phone) and use of the tools related to the intervention (messaging, 
HealthMate application). 

5. Patient teach-back – the study initiation session will include with the therapist reviewing the activities the 
patient should complete each day and having the patient repeat the activities in their own words. 

Patient education booklet: Prior to the usability study, team members designed an education booklet regarding 
information on their condition and strategies for mitigating depressive symptoms. The usability study only included 
patients who already owned a smartphone, but to improve accessibility of the intervention in the RCT, participants 
who do not have their own smartphone will be given one. As described above, we have added simple, mostly photo-
based materials explaining the key functions patients will need to complete using a smartphone (charging, making 
phone calls, messaging). The booklet also includes information about the study interventions. The information will 
first be reviewed with patients by their therapist to provide patients an opportunity to ask questions and ensure they 
know where these instructions are should they need them throughout the course of the intervention.   

DISCUSSION 

In this study, we demonstrated the feasibility of older adults using a relatively complex technological intervention 
involving reporting outcomes twice a day via text message and tracking their activities using a smartwatch. This 
required careful attention to technology and instructional design. Below, we highlight four lessons for future studies 
aimed to design useful, usable consumer health technologies, particularly for older adults. For more in-depth 
guidance on designing for older adults, see works such as Czaja et al. 2019.39  

Utilize usability assessment and cognitive walkthroughs to understand what may be challenging or unintuitive. The 
intervention changes we made would not have been possible without input from our older adult participants. The 
think-aloud protocol was particularly helpful in identifying portions of the design that were not intuitive. Our 
participants provided their thoughts with ease. This method was also relatively easy to teach to a group of research 
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assistants who had no prior experience with usability assessment and little knowledge of semi-structured 
interviewing methodologies.   

Tailor the technology to the tasks and the person.40 Our technology setup process involves making the most 
frequently used functions (messaging and the HealthMate applications) for the intervention tasks easily accessible. 
We also plan to work with the participants to ensure device settings (e.g. font size), fit well with their physiological 
and cognitive needs. When possible, it is beneficial to go through these accommodations with the user, as opposed 
to giving them an “out-of-the-box” technology and expecting them to determine how to make accommodations.  

Take advantage of simplified visual design. Since the early days of web design, user interface designers have pushed 
the concept of minimalism, simplifying interfaces “by removing unnecessary elements or content that does not 
support user tasks”.41 We incorporated this concept by shortening text messages into more digestible segments (see 
study initiation message) and providing proximal visual cues to reduce confusion in numeric response questions.   

Leverage key principles of instructional design. Ideally, intuitive technologies would not require instructions. 
However, since technology design is not optimized for older adults and those with less technology experience,30,39 
instructional design becomes and important piece of consumer health technology interventions. Czaja et al.’s chapter 
on instructional design for older adults recommends using Merrill’s phases for effective instruction, including 
integration, activation, application, and demonstration.42 Therapists and instructional materials help the patient 
integrate the technologies into their daily lives by discussing where the phone can be charged and daily wearing of 
the smartwatch. The patient instruction booklet also provides a routine whereby the patient charges their phone each 
night and answer text messages at the same time each day. The phone instructions activate structures of previously 
used technologies, for example, by comparing the noise their phone will make when they have a message to a 
familiar sound, such as a timer. During the initial setup, patients will be asked to apply their knowledge of the 
messages and describe how they think they should be answered. Lastly, the initial setup concludes with the patient 
demonstrating their understanding of the activities they need to complete via teach-back.  

Limitations  

This study contained limitations in the patient characteristics and study time-frame. First, all participants were 
recruited from a single community center. Our sample contained a greater proportion of Asian participants than 
would be expected in a sample of the United States adult population.43 The patients were, however, relatively 
balanced in terms of gender and educational attainment (Table 2). This study was also limited to those who already 
owned a smartphone and did not specifically target those with MDD.  The pilot study also only involved one week 
of technology use, although the actual intervention involves a 12-week use period.  

Many of the limitations of the pilot study will be addressed in an upcoming RCT. Measures to address the 
aforementioned limitations include: 

- Patient recruitment from multiple senior centers 
- Providing smartphones to those who do not already have them 
- Adding inclusion criteria to include only those indicating moderate (or worse) mental health symptoms as 

based on a PHQ-9 assessment 
- Implementing a 12-week study period 

Conclusions 

Our pilot study demonstrated the feasibility of older adults using a text-messaging and wearable device-based 
intervention. Our work provides further proof of concept that these health technologies can be successfully utilized 
by older adults through careful consideration of technology and instructional design. The findings of our study 
underscore the importance of usability testing and incorporating representative end users into the intervention 
design. Our technology and study design process benefited from previously established user-centered design 
concepts including task-technology fit and minimalism, as well as instructional design principles. Future work 
should assess the efficacy of our and other consumer health technology interventions in improving health outcomes 
for older adults.  
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Abstract

Left ventricular non-compaction (LVNC) is defined by an increase of trabeculations in left ventricular endo-myocardium.
Although LVNC can be in isolation, an increase in hypertrabeculation often accompanies genetic cardiomyopthies.
Several enhancements are proposed and implemented to improve a software tool for the automatic quantification
of the exact hyper-trabeculation degree in the left ventricular myocardium for a population of patients with LVNC
cardiomyopathy (QLVTHC-NC). The software tool is developed and evaluated for a population of 18 patients (133
cardiac images). An end-diastolic cardiac magnetic resonance images of the patients are the input of the software,
whereas the left ventricular mass, volumes and proportion of trabeculation produced by the compacted zone and the
trabeculated zone are the outputs. Significant improvements are obtained with respect to the manual process, so saving
valuable diagnosis time. Comparing the method proposed with the fractal proposal to differentiate LVNC and non-
LVNC patients in subjects with previously diagnosed LVNC cardiomyophaty, QLVTHC-NC presents higher diagnostic
accuracy and lower complexity and cost than the fractal criterio.

Introduction

Cardiomyopathies are a heterogeneous group of genetic diseases that impair cardiac muscle structure and function
and can lead to heart failure. Cardiomyopathies are incurable and relatively frequent and constitute a major cause
of morbidity and mortality. Left ventricular non-compaction (LVNC) has been defined by the The American Heart
Association as a distinct primary genetic cardiomyopathy caused by an arrest of the normal compaction process of the
developing myocardium1, whereas the European Society of Cardiology refers to LVNC as an unclassified cardiomy-
opathy2 because LVNC could appear as a morphological trait of other cardiomyopathies, especially hypertrophic
cardiomyopathy (HCM) and dilated cardiomyopathy (DCM). Whether LVNC is a distinct cardiomyopathy or a mor-
phologic trait shared by different types of cardiomyopathies is still debated3,4,5. Besides, acquired and even reversible
forms of hypertrabeculation can also occur and have been described mainly in endurance athletes and pregnant women.

LVNC patients show prominent trabeculations with deep recesses within the myocardium6. LVNC is caused by defects
in the process of compaction by which trabeculae integrate in the ventricular wall, giving rise to the smooth inner
surface of the postnatal ventricle7.

There is controversy about the accuracy of different methods for quantifying the non-compacted myocardium7 and
the timing of measurement (end-systole or end-diastole)5. One of the main problems of non-compaction is the lack
of clear diagnostic criteria that differentiate those patients who will really develop a cardiomyopathy from those who
will not present events at follow-up. The development of a diagnostic algorithm or score is required to establish the
diagnostic criteria.

The estimation of the non-compacted myocardium by endocardium delineation from cardiac magnetic resonance
(CMR) images has been proposed to quantify the non-compacted mass. The traditional technique involves the man-
ual delineation of the different structures by an expert cardiologist, requiring a significant amount of time and being
dependent on the observer’s point of view8.

Recently, Captur et al.9,10 proposed a fractal analysis about endocardial borders to produce a continuous variable,
the fractal dimension (FD), which measures their complexity. The result of the analysis is expressed as the value of
the slope of the integral of the succession of measurements of pixels in a grid and the compacted myocardium is not
evaluated. The integration in hospitals of the fractal analysis is very difficult due to the high cost of the software
license and FD does not represent a completely reliable measurement. Besides, FD has not been correlated with
clinical outcomes.
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In previous works11,12 we proposed and evaluated the first automatic software tool based on medical experience that
accurately quantifies the degree of left ventricle (LV) hyper-trabeculation (QLVT) for a dilated cardiomyopathy series,
using the cardiac images obtained by magnetic resonance (MR). In a recent work13 we presented an updated software
tool for the automatic quantification of the exact hyper-trabeculation degree in the left ventricle myocardium for a
population of Hypertrophic Cardiomyopathy (QLVTHC) patients. End-diastolic CMR images of the coronal slices of
the heart of the patients are the input of the software, while the volumes of the compacted zones and the trabeculated
zones are necessary to produce the percentage quantification of the trabecular zone with respect to the compacted
zone. The tool is capable of adapting to different situations in populations of HCM and DCM patients.

Our main goal is to obtain the percentage quantification of trabeculation in the LV myocardium in a serie of pa-
tients with previously diagnosed LVNC cardiomyophaty (QLVTHC-NC). Manual tuning by cardiologists of different
parameters is required to identify the LV cavity, detect the trabecular zones in the interior of the LV cavity and es-
tablish accurately the external layer of the myocardium. Therefore, some improvements with regard QLVTHC are
proposed, such as the detection of different MSERs in a centered ROI to determine automatically the LV cavity, the
accurate and reliable detection of the RV cavity at any location, the refination of the search to obtain the external
layer of the myocardium and the trabecular zones and the processing of different slices in a reverse order allowing the
proposed method to process patients with different cardiomyopathies efficiently. The software gives understandable
clinical measurements of areas, volumes and masses of the compacted and non-compacted left ventricular myocardium
through the application of machine vision algorithms. This software tool is based on medical experience and it has
been tested by different experts in cardiac image analysis. Therefore, this computationally assisted method can save
valuable diagnosis time compared with the traditional processing, so minimizing the possibility of human appreciation
error. Moreover, the population of patients with LVNC cardiomyopathy will be processed by the fractal analysis9,10

in order to compare to QLVTHC-NC to determine the better diagnostic accuracy.

The rest of the paper is organized as follows. Section 2 outlines the improvements of the computing method pro-
posed (QLVTHC-NC). Several experiments to test the proposal are presented in section 3. A comparison between
QLVTHC-NC and the method proposed by Captur9,10 is performed in section 4. Finally, section 5 summarizes the
work, concludes the paper and introduces future work.

Methods

Based on the QLVT algorithm described in11, we developed an optimized algorithm13, presented in Algorithm 1,
for the automatic quantification of the degree of LV hyper-trabeculation in Hypertrophic Cardiomyopathy patients
(QLVTHC). Several enhancements complemented a tool to process dilated and hypertrophic patients efficiently.

Algorithm 1 Optimized algorithm for the automatic quantification of the LV hyper-trabeculation degree in DCM and
HCM patients (QLVTHC)

1: for each slice of a patient do
2: Detect different MSERs in a centered ROI, identify LV cavity and apply Convex Hull
3: Identify RV cavity
4: Detect external layer of compacted zone
5: Detect trabecular zones
6: Compute areas of trabecular zones and the compacted zone in the LV
7: Obtain percentage quantification of the trabecular zone with respect to the compacted area
8: end for
9: Compute volumes and masses of trabecular zones and the compacted zone. Obtain percentage quantification

LVNC cardiomyopathy could be revealed in many patients. Therefore, the LV cavity, the RV cavity and the exter-
nal layer of the myocardium can present irregular features or different structures to DCM or HCM. Thus, different
enhancements are proposed:

• The integration of DICOM format to read the input images, which are the different slices obtained for a particular
patient based on end-diastolic CMR images (without any annotation by cardiologists). The thickness of each
slice (in mm), the spacing between slices (in mm) and the pixel spacing is automatically determined
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• The different MSERs are detected in a centered ROI (the size of the ROI is the 60% of the completed image
size) of each input image by the use of OpenCV14. As the LV cavity is normally represented by a circular shape,
the centroid of each MSER detected is computed in order to identify automatically the LV cavity anywhere in
the image and for applying Convex Hull15.

• A second optimized search process to obtain the external layer and the trabecular zones, thanks to the previous
application of Convex Hull, is performed. Now in the implementation different lines are drawn between the
centroid of the LV cavity and the possible space where the points of the external layer are found. The lengths
of different lines to search the external layer depend on a parameter called e-expand, which enables us to reach
the external layer of the myocardium. We have optimized this parameter taking into account the properties of
LVNC cardiomyopathy.

• The accurate and reliable detection of the RV cavity at any location of a slice.

• The possibility to appear the slices of a patient in reverse order (from basal to apical), obtaining the total volumes
of the trabecular zone and the compacted zone in a automatic way.

These enhancements complete a tool to process LVNC cardiomyopathies efficiently.

The output of the algorithm allows cardiologists to quantify the exact trabeculation degree in the LV quickly and
automatically for a determined patient with LVNC cardiomyophaty (QLVTHC-NC).

Results

We applied the computing method presented in section 2 to a population of 18 patients (identified from L1 to L18)
with previously diagnosed definite LVNC cardiomyopathy, confirmed by either genetic testing or family aggregation.
Each patient contains different cardiac images or slices obtained by magnetic resonance. Magnetic resonance studies
were performed with a 1.5 T scanner (Avanto: Siemens, Germany) in the Hospital Vall d’Hebron (HVH) in Barcelona
(Spain). The images were obtained in synchronisation with the ECG and in apnea. The left ventricle function was
evaluated with balanced steady-state free precession (b-SSFP) sequences (repetition interval of 3.8 ms., echo time of
1.7 ms., flip angle of 60◦, matrix of 224 × 224, echo train length of 23, slice thickness of 8 mm, slice gap of 2 mm,
with 20 phases).

All participants were recruited from an inherited Cardiomyopathy Clinic. Patients with an available good quality
CMR study were included from a referral centre. The first CMR test was used for the study. Clinical and outcome
data prospectively collected in a database was available for analysis. Left ventricle trabecular myocardial mass (TM)
and compacted mass were measured (compacted myocadium, CM) using the software proposed in the before section
(QLVTHC-NC) for automatic delineation of borders. Mean CM was 77.3 ± 25.8 g and TM 38.6 ± 14.1 g. Mean
percentage of trabeculated myocardium (TM%) from total was 33.1%± 4.6%.

In Figure 1, the volumes of compacted zone (VCZ) and trabecular zone (VT) for 18 patients (133 slices or cardiac
images) with previously LVNC diagnosed cardiomyopathy are presented. There are great differences among the
values of the volumes, showing QLVTHC-NC is capable of detecting volumes of several sizes. Once the volumes are
obtained, the percentage quantification of trabeculated myocardium (TM%), presented in Figure 2, is easily computed
and the masses are calculated using the established density.

0.1 Quality evaluation by cardiologists

To assess the performance of the QLVTHC-NC, an expert evaluation on the output images with the identified zones
was performed by skilled cardiologists. These experts graded the images, using the scale proposed by Gibson et al.16

(Table 1).

For each slice of a patient, the cardiologists observed the original image and the output of the QLVTHC-NC method.
Table 2 shows the mean score of cardiologists to the identification of the different heart parts (LV cavity, trabecular
zones and compacted zone) performed by the proposed method.
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Figure 1: Volumes of compacted zone (VCZ) and trabecular zone (VT) computed by QLVTHC-NC for patients
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Table 1: Evaluation scale to measure the diagnostic quality of medical images

5.0 Exact match: there is no noticeable differences
4.5
4.0 Noticeable differences: they are not diagnostically significant
3.5
3.0 Small diagnostically significant differences
2.5
2.0 Significant diagnostic information is lost
1.5
1.0 Large diagnostically significant differences

The different improvements introduced in QLVTHC-NC reveal the visibility is very clear in all cases. For all the
sequences experimented, the cardiologists were able to detect the presence of diagnostic features clearly, and an exact
measure of the volumes and masses of compacted zone and trabecular zone can be obtained in a short time. 100%
of the evaluated images have no noticeable differences for diagnosis (scores ≥ 4.0). Moreover, most of the images
tested are exact (87.97%) and do not vary by even one pixel according to the cardiologists (scores = 5.0). Moreover,
the rest of the slice tested (12.03%) are practically exact for a correct diagnosis (scores = 4.5 or = 4.0). Therefore,
QLVTHC-NC is ready to operate and adapt to different degree of LVNC cardiomyopathy. Moreover, the tool help to
issue several diagnoses and to analyse the different heart parts in diverse positions and the source of cardiac images
come from an external hospital.
Table 2: Results of mean quality measure obtained from cardiologists for images with LV cavity, trabecular zones and
compacted zone identified by QLVTH-NC

5.0 4.5 4.0 3.5 3.0 2.5 2.0 1.5 1.0
QLVTHC-NC 87.97% 7.52% 4.51% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%

In Figures 3 and 4 the output slices of the QLVTHC-NC are presented for L5 and L6, respectively. In each output
slice, the compacted zone is delimited between the external layer (in grey) and the trabeculated zone (in blue), whereas
the LV cavity without trabecules is also delimited (in red). L5 and L6 have been previously diagnosed with LVNC
cardiomyopathy and the slices appear in a reverse order, LV is not always in the center of the slice and the pixels-value
are very different between them.

Cardiologists can observe the trabeculated and the compacted zone in a simple and precise way, obtaining an accurate
degree of the percentage quantification of trabeculated myocardium in order to establish the appropriate diagnosis
All these slices of these patients have been evaluated by cardiologists with a 5.0, so demonstrating QLVTHC-NC is
able to adapt and detect different forms of compacted zones and trabecular zones accurately and positions in a slice,
a reverse order for the slices to compute the volumes of compacted and trabecular zones, distinct degree of LVNC
cardiomyopathy (TM% of L5 is 47.35 and L6 is 33.98) and very different pixels-value.

Therefore, QLVTHC-NC provides easy and automatic delineation of borders to obtain clinical measurements of vol-
umes and masses of the compacted and non-compacted LV myocardium in diverse situations, positions and distinct
degree of LVNC cardiomyopathy, by adjusting the different parameters. The final output is obtained in less than 10
seconds per slice, thus the processing of a patient can be performed usually in less than 1 or 2 minutes. This time is
insignificant compared with the manual process traditionally used, where cardiologists need around 20 minutes per
slice to delimit, measure and compute the quotient of the thickness between the trabecular area and the compacted
zone for all segments.

Comparison

We have executed the method developed by Captur9,10 to the population of 18 patients (identified as L1 to L18)
with previously diagnosed LVNC cardiomyophaty, obtained by magnetic resonance studies performed in the hospital
mentioned in section 3. We have executed both methods on a 4-core Intel R© CPU i7-4700MQ with Hyperthreading
running at 2.40GHz.

In both proposals the execution time required to process each slice of the input can be less than 1 second. Therefore, a
patient can be processed in real time. Figure 5 shows both the percentage quantification of trabeculated myocardium
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3: (a)-(h) Slices 1 to 9 of L5
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(d) (e) (f)

(g) (h)

Figure 4: (a)-(h) Slices 1 to 8 of L6
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(TM%) obtained by QLVTHC-NC and the global FD obtained by Captur method for 18 patients.
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Figure 5: Results of TM% and global FD10 for patients L1 to L18
The optimum diagnostic threshold for global FD LV was 1,2610, whereas the cut-off for the percentage quantification of
trabeculated myocardium (TM%) was 27.4%12 to differentiate LVNC and non-LVNC patients. Therefore, all patients
have been marked correctly as LVNC by QLVTHC-NC. However, of the 18 patients, four (L4, L6, L11 and L18) has
been mislabelled as health or normal by Captur method. This is due to the compacted myocardium is not evaluated in
this method and the global FD represents the tortuosity measured by pixilation of the line of the endocardial borders. In
the top of the Figure 6 the areas of compacted zone (ACZ) and trabecular zone (AT) are showed for the patients L5 and
L6, respectively, whereas in the bottom of Figure 6, the percentage quantification of trabeculated myocardium (TM%)
for each slice of L5 and L6 are presented. As we can observe in the top of the Figure 6, the sizes of the trabeculated and
compacted zone may vary depending on a given slice and is considered by QLVTHC-NC to determine the percentage
quantification of trabeculated myocardium for each slice and patient. However, the Captur proposal only takes into
account the tortuosity of the left ventricle cavity to determine the fractal dimension, establishing a misdiagnosis in
22.22% of the patients analysed.

Table 3: Results of FD10 and TM% (QLVTHC-NC) for each slice of patients L4, L6, L11 and L18

Basal Mid Apical
Patient B1 B2 B3 M1 M2 M3 A1 A2 A3
L4-FD 1,13 1,21 1,35 1,27 1,28 1,31 1,24 1,06 1,11

L4-TM% 0,81 24,77 33,29 44,75 46,19 49,17 51,89 43,59 30,38
L6-FD 1,22 1,26 1,23 1,18 1,18 1,21 1,17 1,27

L6-TM% 48,14 43,79 37,44 35,61 25,12 31,16 45,73 30,33
L11-FD 1,17 1,23 1,20 1,33 1,33 1,21 1,20 1,22

L11-TM% 35,44 36,20 31,02 41,35 34,06 25,64 18,21 18,87
L18-FD 1,19 1,17 1,17 1,18 1,25 1,14

L18-TM% 33,83 36,73 34,61 26,01 22,46 35,93

Table 3 shows both the FD and the TM% of these patients for each slice divided in basal (B1, B2, B3), mid (M1, M2,
M3) and apical (A1, A2, A3) thirds. The Captur proposal also computed the maximal FD in the basal, mid and apical
thirds and the optimum diagnostic threshold for maximal FD was 1,3010 to differentiate LVNC and non-LVNC thirds
of slices. Now, the identification is not correct as LVNC slice by the Captur method in the M1, M2, A1, A2 and A3
slices of L4, in B1, B2, B3, M1, A1, A2 and A3 slices of L6, in B1, B2 and B3 slices of L11 and in A1, A2, A3 and B3
slices of L18. This local diagnostic marker for LVNC solves and determines as LVNC the mid third of L4. However,
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Figure 6: Area of compacted zone (ACZ) and trabecular zone (AT) for each slice of the patients L5 (a) and L6 (b).
Percentage quantification of trabeculated myocardium (TM%) for each slice of the patients L5 (c) and L6 (d)

the apical third of L4, the basal, mid and apical thirds of L6, the basal third of L11 and the apical and basal thirds of
L18 continue marked as non-LVNC, obtaining an accuracy lower than QLVTH-NC.

On the other hand, both tools labelled as non-LVNC slices B1 and B2 of L4, M3 of L6, A1, A2 and A3 of L11 and A1
and A2 of L18 demonstrating that health slices can be differentiated of LNVC cardiomyopathy.

Moreover, the high cost of the license of the fractal method per year by the complexity of this tool has prevented
reproducibility by other medical centers or hospitals. Conversely, QLTVHC-NC could be used and integrated in
medical centers on request.

Conclusions

We have proposed several improvements for a tool to quantify the hypertrabeculation in the left ventricle of the
myocardium. The proposal is based on the automatic delineation of the left ventricular endocardial and epicardial
borders from CMR diastolic images to perform and adapt efficiently for a population of 18 patients with LVNC
cardiomyopathy, reducing the diagnosis time considerably and minimizing the possibility of human appreciation error.
The input tested are the end-diastolic CMR images of the coronal slices of the heart of the patients (133 slices), which
come from an external hospital.

Understandable clinically relevant values of trabeculated and compacted myocardium (areas, volumes and masses)
are produced by adjusting different parameters. Several outputs are showed with LVNC cardiomyopathy to demon-
strate the efficiency of the tool. The percentage quantification of the trabeculated myocardium varied from 28.62 to
47.35, demonstrating that QLVTHC-NC is able to detect both insignificant and very important trabecular zones and
compacted zones accurately and consistently in patients with different degree of LVNC cardiomyopathy. We have
demonstrated that the tool can be used and integrated in an external hospital (HVH).

In subjects with previously diagnosed cardiomyophaties, the percentage quantification of the trabeculated myocardium
measured by QLVTHC-NC distinguishes LVNC from health with higher diagnostic accuracy than the biological signal
obtained by fractal analysis. Moreover, QLVTHC-NC presents lower complexity and cost than the method developed
by Captur.

The tool can be extended to the exact quantification of the trabecular zones in the right ventricle and therefore, could
be used and integrated in hospitals in order to accelerate diagnoses by cardiologists.
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Abstract 

Opioid use disorder (OUD) represents a global public health crisis that challenges classic clinical decision making. 

As existing hospital screening methods are resource-intensive, patients with OUD are significantly under-detected. 

An automated and accurate approach is needed to improve OUD identification so that appropriate care can be 

provided to these patients in a timely fashion. In this study, we used a large-scale clinical database from Mass General 

Brigham (MGB; formerly Partners HealthCare) to develop an OUD patient identification algorithm, using multiple 

machine learning methods. Working closely with an addiction psychiatrist, we developed a set of hand-crafted rules 

for identifying information suggestive of OUD from free-text clinical notes. We implemented a natural language 

processing (NLP)-based classification algorithm within the Medical Text Extraction, Reasoning and Mapping System 

(MTERMS) tool suite to automatically label patients as positive or negative for OUD based on these rules. We further 

used the NLP output as features to build multiple machine learning and a neural classifier. Our methods yielded 

robust performance for classifying hospitalized patients as positive or negative for OUD, with the best performing 

feature set and model combination achieving an F1 score of 0.97. These results show promise for the future 

development of a real-time tool for quickly and accurately identifying patients with OUD in the hospital setting.  

Introduction 

The misuse of prescription opioids has become a major public health crisis.1 In 2017 alone, 47,600 people in the 

United States died from opioid overdoses, and a further 1.7 million people had prescription opioid-related substance 

use disorder.2 To combat this epidemic, the U.S. Department of Health and Human Services has made increasing 

access to addiction services the first of its five major priorities for fighting the opioid crisis.3 With 19% of patients 

who recognized a need for substance abuse treatment not receiving help due to a lack of information on where to go,4 

it is clear that the current system is not always able to provide patients with the help they need to manage issues related 

to opioid misuse and abuse in an efficient and timely fashion. 

One possible way to increase the number of people who get access to addiction services is to implement a system that 

helps health care providers know which patients should be referred to addiction services while independently alerting 

addiction services to potential patients. While hospital encounters provide an important opportunity for clinicians to 

provide effective interventions to patients, existing hospital screening methods are resource-intensive. Under most 

current workflows, including the one in place at our institution, a provider wishing to refer a patient must first reach 

out to addiction services, who must then reach back out to the provider after receiving the patient’s information. This 

process requires swift communication and coordination between multiple providers, making it easy for patients to 

inadvertently slip through the cracks. Patients’ detailed clinical and behavioral information, including their substance 

use, is often documented in clinical notes in the electronic health record (EHR). A new workflow that leverages natural 

language processing (NLP) techniques and machine learning models to automatically identify potential patients and 

alert the provider and addiction services simultaneously could have significant potential to facilitate an easier and 

more efficient referral process. Further, if this process is conducted in an inpatient setting, a patient’s care team can 

immediately present them with treatment options. In the present study, we used multiple natural language processing 

and machine learning methods to automatically classify patients as positive or negative for opioid use disorder (OUD) 

in an inpatient setting based on information contained in free-text notes. 

Background 

A number of prior studies have focused on the development of automated methods for classifying patients by their 

opioid use status. Many such studies relied on structured EHR data, such as diagnosis and billing codes, prescription 

data, procedure history, laboratory values, demographic information, and other coded variables.5-7 For example, a 

233



recent study involved the development of an automatic phenotyping system that was successfully able to identify 

emergency department patients with OUD based on clinician and billing codes, achieving a positive predictive value 

(PPV) of more than 95%.5 Another recent study used a combination of structured demographic information (e.g., age, 

sex, marital status) and clinical data (e.g., procedure history, laboratory values, medications) to predict sustained 

postoperative opioid prescription in patients status post lumbar disc surgery.6 

While these and similar studies demonstrate the utility of structured EHR data for determining patients’ opioid use 

status, it is also the case that a substantial amount of relevant information is stored in free-text clinical notes, such as 

emergency department visit notes or inpatient progress notes, and is therefore not readily accessible for use in 

downstream informatics tasks. To address this challenge, multiple past studies have leveraged NLP techniques to 

identify various types of information related to patients’ opioid use from information contained in free-text notes.8-13 

For example, a 2017 study used machine learning methods to identify patients with “aberrant” opioid use behavior 

based solely on information from free-text outpatient visit notes with more than 80% accuracy.9 In another recent 

study, the authors developed an NLP tool to identify multiple aspects of opioid-related overdose, such as intentionality 

and substance(s) involved, based on information documented in free-text with high specificity and good sensitivity.10 

Currently, few studies have focused on developing methods for identifying OUD in an inpatient setting based on free-

text clinical notes. The potential benefits of determining patients OUD status in this setting are manifold. Reliance on 

patient disclosure can be ineffective, as many patients are reluctant to disclose substance misuse for fear of judgement 

or mistreatment. Further, when OUD and other substance use disorders are documented, it is often mentioned in free-

text clinical notes (e.g., emergency department visit notes and progress notes), and structured documentation formats 

such as ICD-9/10 billing codes have demonstrated high false negative rates for similar tasks like identifying opioid 

overdoses.14,15 To address these challenges, we describe an NLP and machine learning-based approach to identifying 

hospitalized patients with OUD based on the content of their  free-text clinical notes with the goal of facilitating fast 

and efficient initiation of treatment and referral to ongoing outpatient treatment. 

Methods 

1. Clinical Setting and Data Collection 

This study was conducted at Brigham and Women’s Hospital (BWH), a large academic hospital located in Boston, 

Massachusetts and a member of Mass General Brigham (MGB; formerly Partners HealthCare). The study’s protocol 

was reviewed and approved by the MGB Human Research Committee (IRB). We retrieved all emergency department 

visit notes, inpatient progress notes, and previous hospital discharge summaries (n = 846,302) for 22,626 patients 

admitted to BWH between July 1, 2017 and July 1, 2018.  

2. Methods Overview 

The study design is summarized in Figure 1 and consists of 4 steps. We first adapted a set of guidelines and a list of 

useful terms provided by an addiction psychiatrist into a rule-based NLP algorithm. We then iteratively improved the 

NLP algorithm and conducted manual chart review to determine the accuracy of the NLP system. Once the 

performance of the NLP algorithm was deemed sufficient (which we defined as achieving a precision and recall of at 

least 0.92), we compiled the manually labeled patients into a training dataset which we used with multiple machine 

learning algorithms. Finally, we tested both the NLP classification system and multiple machine learning classification 

algorithms against a randomly selected labeled subset of patients. 

3. Training, Development and Validation Sets 

We manually labeled 915 randomly selected patients with their OUD status (positive, negative, or unclear) based on 

chart review. For the purposes of training and testing the models, patients whose OUD status was inconclusive based 

on the available data were excluded. The initial training set consisted of 599 patients that were manually labeled during 

the iterative rule development and lexicon refinement during the development of the NLP system (see sections 4.1-

4.3). After excluding patients whose OUD status was unclear (n = 16), the final training set contained a total of 583 

patients. The initial development set included 99 patients, with a roughly even distribution of positive and negative 

patients. Because of the rarity of OUD, we oversampled positively labeled patients to help ensure the model could 

identify different types of positive cases. After excluding 2 inconclusive patients, the final development set contained 

97 patients. Finally, we created a validation set of all patients admitted between March 1 and March 14, 2018 (n = 

217), excluding 1 inconclusive patient for a final total of 216 patients. Figure 1 shows the final training, development, 

and validation sets used in this study. 
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Figure 1. Data flow and study design  

4. Case Identification Methods 

We developed an NLP algorithm whose output was used both as the basis for the rule-based classifier’s decision-

making process and as features for multiple machine learning classification methods. Notes were pre-processed using 

MTERMS (Medical Text Extraction, Reasoning and Mapping System), a suite of modular, multipurpose tools 

designed for use with clinical and biomedical text.16 MTERMS has been used to support a variety of clinical 

informatics tasks, including extracting medication and allergy information from narrative clinical text, identifying 

wounds and wound status from free-text notes, classifying smoking status, alcohol use, and other social and behavioral 

factors, and more.16-22 MTERMS has functionality to identify certain relevant contextual information, such as 

negation, and can distinguish between a patient’s personal and family history.23 The development of the NLP 

algorithm involved 3 steps: 1) logic development, 2) lexicon development, and 3) logic refinement. 

4.1. Rule-based Classification 

4.1.1. Logic Development 

We developed a module within MTERMS specifically designed to identify patients with OUD. To develop the NLP 

algorithm, we adopted an empirical study design due to the rarity of patients with OUD, which has an estimated 

prevalence of 0.62-0.77%.24 To develop the NLP algorithm, we received an initial set of guidelines from a board-

certified addiction psychiatrist (JS) at BWH for reviewing patients for potential opioid misuse, as well as a list of 

manually identified terms and phrases related to OUD. We then adapted these guidelines into a set of rules (Table 1) 

to capture the information needed in the clinical notes to automatically classify a patient’s OUD status. 

Table 1. Manually developed rules for classifying patients as positive for opioid use disorder 

 Rule description 

1 Positive fentanyl urine test 

2 At least 3 health issues related to intravenous drug use 

3a Documented history of heroin use 

3b Documented history of treatment for heroin addiction 

4a Documented history of opioid misuse 

4b Suspected history of opioid misuse 

5a Opioid addiction without current treatment plan 

5b Opioid addiction currently being treated 

6a History of intravenous drug misuse with failed treatment attempts 

6b Intravenous drug misuse being managed with treatment 

7a Polysubstance misuse including opioids 

7b Polysubstance misuse without mention of opioids 

8a Nonstandard intake methods of opioids 

8b Suspicion of nonstandard intake methods of opioids 

9 History of medication-assisted treatment or other opioid addiction treatment 

10 Patient administered Narcan prior to intake 

11a Documented opioid seeking behavior 

11b Possible or nonspecific drug seeking behavior 

Patients admitted to BWH 

between 07/01/17 and 07/01/18 

n = 22,774 

Patients with 

terms 

n = 15,545 

Patients without terms 

(classified as negative) 
n = 7,229 

NLP 
filter 

Training set 
n = 605 

Development set 
n = 100 

Validation set 
n = 216 

Machine learning 

model development 

Validation 

Iterative rule 

development 
and lexicon 

expansion 

Rule-based model 

development 
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4.1.2 Lexicon Development 

In parallel to the rule development, we used word embeddings to expand the lexicon of key terms and phrases. Using 

the fastText library,25 we trained word embeddings on approximately 10.5 GB of clinical notes at MGB. We then 

compared the vector representations of the manually curated lexicon to other words in the embedding model and 

ranked them by similarity. We manually selected relevant terms from the ranked list to be added to the lexicon, 

including synonyms and misspellings of words already in the lexicon. This process was repeated iteratively until no 

new useful terms were identified. A subset of the lexicon is shown in Table 2. 

Table 2. Terms used by the NLP algorithm, including common synonyms and misspellings, grouped by category 

Term category Terms 

Drug (non-opioid) Amphetamines; antidepressants; anxiolytics; benzo; benzodiazepine; benzos; cocaine; 

cocainse; ecstasy; ectasy; hallucinogens; hypnotic; illicits; recreational drug; sedative; 

sedative, hypnotic or anxiolytic abuse; sedatives 

Drug misuse Acute drug intoxication, acute intoxication, addict, addiction, alcohol-induce, 

amphetamines abuse, drug abuse, drug overdose, drug user, intravenous drug user, ivd, 

ivda, ivdu, long-term drug misuser, multi-drug misuser, overdose, poly-drug abuser, poly-

drug misuser, polysub, poly-substance, polysubstance abuse, polysubstance drug abuse, 

polysubstance use, prescription drug abuse, psud, sedative abuse, seeking behavior, 

stoned, substance abuse, using substances, withdrawal 

Heroin Heroin, heroin addiction, heroin dependence, heroine, intravenous heroin, iv heroin 

Narcotic Narcotic, narcotic withdrawal, narcotics narcotism  

Opioid Avinza, codeine, dilaudid, fenanyl, fentanyl, fentantyl, fentayl, hydrocodone, morphine, 

opana, opiate, opiates, opioid, opioids, oxycontin, oxycodone, oxycone, oxycoodone, 

oxymorphone, percocet, roxycodone, sufentanyl, vicodin 

Opioid misuse Opiate addiction, opiate overdose, opiate use disorder, opiate withdrawal, opiod abuse, 

opiod addiction, opiod dependence, opiod overdose, opiod use disorder, opiod 

withdrawal, opioid abuse, opioid addiction, opioid dependence, opioid overdose, opioid 

use disorder, opioid withdrawal, oud 

Opioid treatment Addiction psych, addiction psychiatry, addiction services, addiction treatment, 

buprenorphine, mat, methadone, methadone clinic, methadone therapy, naltrexone, 

narcan, opiate maintenance, opioid maintenance, suboxone, suboxone clinic, suboxone 

therapy, vivitrol 

Related illness Abscess, bacteremia, cellulitis, cva, discitis, epidural abscess, hcv, hiv, osteomyelitis, 

septic emboli, spinal abscess, stroke 

4.1.3 Rule Logic Refinement 

From there, we iteratively improved upon the rules and the lexicon, with regular manual chart reviews (JS, BM) to 

evaluate the OUD status of a random subset of the patients labeled by the algorithm. We then modified the rules and 

expanded the lexicon according to the feedback provided after the manual reviews. Once the NLP algorithm’s 

performance was deemed sufficient, we compiled the patients who were manually evaluated during this process into 

a training set for developing machine learning models. We then manually evaluated a final subset of patients labeled 

by the completed NLP algorithm to serve as a balanced development set for tuning the machine learning models. 

The NLP algorithm is described in the following. Each note was first divided into sections using MTERMS’s 

sectioning module, which uses a combination of formatting features (e.g., multiple consecutive spaces or newline 

characters) and section header labels (e.g., “History of Present Illness”, “Discharge Instructions”) to identify different 

sections within a note, then further divided into tokenized sentences. All relevant terms were then extracted from the 

note, with MTERMS’s negation and family history modules applied to rule out irrelevant terms or negative test results. 

Any sections that did not contain a relevant term were automatically classified as negative and excluded from further 

analysis. All sentences in the remaining sections were then checked against the 11 manually developed rules to 

determine the patient’s opioid use status. Finally, note-level results were consolidated into patient-level classifications. 

All patients were assumed to be negative for opioid use disorder by default. Patients were labeled as positive if they 

had enough signs of opioid misuse that addiction services would want to consult the patient. 

In addition to the rules, the presence of certain terms, such as those indicating current or prior treatment or signs of 

relapse, was used to determine if a patient was sober (and if so for how long) or relapsing on past sobriety. The rules 
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were designed to distinguish between someone who is taking maintenance drugs (e.g., buprenorphine, methadone) but 

is not using illicit any opioids versus someone who is abstinent from all opioids, as well as whether or not the patient 

has shown signs of impending relapse, such as cravings. Unlike negated terms or terms associated with a patient’s 

family history, sobriety is determined based on all instances of a term rather than on a term-by-term basis and was not 

limited to a binary sober/not sober classification. This is because a patient’s sobriety status can change over time, and 

sobriety information is often not included with each mention of a term in a clinical note. For this project, we defined 

sobriety as a period of one year of no opioid use, both to follow the guidelines of the Diagnostic and Statistical Manual 

of Mental Disorders, 5th Edition (DSM-V) and because a patient who has not misused opioids in the last year and is 

not demonstrating signs of impending relapse is likely not currently in need of intervention or treatment.  

Most rules did not individually assign a binary positive or negative label, but instead accumulated a score which was 

evaluated after all rules were processed. Each rule’s score is primarily a measure of its confidence in its classification 

but is also subject to rule-specific criteria, such as the combination of terms found or the length and extent of the 

patient’s sobriety. While developing the rule system, we found that the triggering of certain combinations of rules 

tended to correspond to a higher chance of opioid use issues than would be suggested by each of these rules 

individually. A weight of +1 was therefore applied to certain combinations of rules in order to label patients more 

accurately. Once all rules were evaluated, each rule’s score was combined to produce a singular positive or negative 

classification. 

The following is an example of the application of the rule-based NLP algorithm for a hypothetical patient whose notes 

indicate 1) a positive fentanyl urine toxicology at some point during hospitalization and 2) a noted history of opioid 

use for which the patient is already being treated. For this patient, rule 1 will detect the positive urine toxicology test 

via the cooccurrence of indicative terms (e.g., “positive”, “utox”, and “fentanyl”) and flag the patient as a potential 

positive. Rules 2-5a do not apply to this patient and thus are not triggered. Rule 5b is triggered by the presence of 

terms indicative of opioid abuse (e.g., “OUD”, “withdrawal”) in conjunction with terms indicating treatment (e.g., “on 

suboxone”, “MAT”) also flagging the patient as a potential positive. Alone, each of these rules would be insufficient 

to assign a positive label. However, the presence of a positive fentanyl toxicology screening on top of treatment for 

known OUD suggests the treatment may be ineffective, indicating that this patient should be assigned a positive label. 

4.2. Machine Learning-based Classification 

We used Scikit-learn to implement support vector machines (SVM), logistic regression (LR), k-nearest neighbors 

(KNN) and random forest (RF) classifiers,26 using the default parameters for each model. The training set consisted 

of the 605 manually classified patient set created while building our NLP system. The same gold standard development 

and validation sets were also used to ensure the results were comparable to those of the NLP system. Patients who 

could not be classified into the binary positive or negative labels (e.g., because chart review proved inconclusive) were 

excluded from the data set. Each model was trained on multiple feature sets, including both features extracted by the 

NLP system, such as terms and rule-level results, and features independent of the NLP system, such as the full text of 

each of a patient’s notes in bag-of-words form. We used MTERMS to extract terms from the manually developed 

lexicon from each patient’s notes, the full text of the sentence in which the term was found, and the rule-level labels 

used by the NLP system. We additionally used a bag-of-words representation of the full text of a patient’s notes as 

features. Using both features extracted by the NLP system and features independent of the NLP system also allowed 

us to evaluate how successful the NLP system was at capturing useful information from clinical notes. By using the 

individual rule results as features, we were additionally able to rank the relative efficacy of each rule in the NLP 

system by examining the weights given by the machine learning models to each rule result.  

We further used the NCRF++ toolkit for neural sequence labeling to develop a deep learning model for classification.27 

We used the default model architecture, with a character level CNN layer feeding into a word level LSTM layer for 

input, as this structure has proven successful for neural NLP. Starting with a character-level CNN allowed the model 

to learn meaningful information from character combinations inside of full words, such as the root of a verb or a 

negation prefix like “un-”. It also allowed the model to be more robust when faced with unknown words, such as 

misspellings or less common medical terminology, since even if a particular word was previously unseen by the model, 

substrings of alphanumeric characters within the word will almost certainly have been seen previously. The model 

was trained using each patient’s clinical notes pooled chronologically, with the same training and validation data sets 

used for the other machine learning models.  

5. Evaluation 
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Final evaluation was conducted using a held-out validation set of 216 patients admitted during the randomly selected 

two-week period of March 1, 2018 and March 14, 2018. To create the validation set, an NLP filter was applied to all 

patients admitted within this date range to exclude any patients whose notes contained no mentions of opioids or 

opioid-related diagnoses and were thus assumed to be negative for OUD (n = 7,229). Among the remaining 15,545 

patients, 217 patients, that were not already in the training and development sets, were randomly selected for manual 

chart review. Of these, 13 were labeled as positive for OUD, 203 were labeled as negative for OUD, and 1 could not 

be conclusively labeled and was thus excluded, resulting in a total of 216 patients. 

All models were evaluated in terms of precision (or positive predictive value [PPV]), recall (or sensitivity), and F1 

score. Precision is defined as the number of cases correctly identified by the model as positive out of all the cases it 

classified as positive (Equation 1). Recall is defined as the number of cases correctly identified by the model as positive 

out of all known positive cases (Equation 2). The F1 score is the harmonic mean of precision and recall (Equation 3). 

(1)𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
     (2) 𝑅𝑒𝑐𝑎𝑙𝑙 =  

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠+𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
     (3) 𝐹1 𝑠𝑐𝑜𝑟𝑒 = 2 ∙  

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∙ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 

For the rule-based and statistical machine learning classifiers, overall accuracy (Equation 4) was also calculated. 

(4) 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 

Results 

1. Patient Cohort Description 

The final training, development, and validation data sets had a roughly 65/10/25 split and are described in Table 3. 

Across all three datasets, patients were primarily white (69.8% overall), male (52.8%), and had one or more opioids 

on their medication list (76.1%) but did not have any opioid-related diagnoses on their problem list (92.5%). 

Unsurprisingly, the number of patients who had previously been prescribed opioids or received an opioid-related 

diagnosis was higher among patients classified as positive for OUD during manual review across all data sets. 

Table 3. Demographic information by data set and label for the subset of manually reviewed patients 

Characteristic 
Training set Development set Validation set  Total 

Pos Neg Total Pos Neg Total Pos Neg Total Pos Neg Total 

Patients 153 430 583 46 51 97 13 203 216 212 684 896 

Age, mean (SD), 

yearsa 

46.6 

(13.6) 

51.4 

(23.1) 

50.1 

(21.1) 

46.2 

(12.0) 

50.6 

(23.8) 

48.5 

(19.2) 

39.2 

(22.4) 

59.0 

(21.1) 

57.7 

(21.6) 

46.1 

(14.0) 

53.5 

(22.8) 

51.8 

(21.3) 

Sex, %     

Female 37.9 50.2 47.0 37.0 54.9 46.4 23.1 51.3 49.5 36.8 50.9 47.5 

Male 62.1 49.8 53.0 63.0 45.1 53.6 76.9 48.7 50.5 63.2 49.1 52.5 

Race, %     

White 68.0 67.9 67.9 71.7 70.6 71.1 69.2 76.1 75.7 68.9 70.5 70.1 

Black 17.6 10.2 12.2 15.2 7.8 11.3 0.0 10.7 10.0 16.0 10.2 11.6 

Asian 1.3 3.0 2.6 0.0 0.0 0.0 7.7 3.6 3.8 1.4 2.9 2.6 

Others 9.8 9.1 9.3 13.0 11.8 12.4 7.7 5.1 5.2 10.4 8.1 8.7 

Unknown 3.3 9.8 8.1 0.0 9.8 5.2 15.4 4.6 5.2 3.3 8.3 7.1 

Ethnicity, %     

Non-Hispanic 85.6 79.3 81.0 82.6 76.5 79.4 69.2 85.8 84.8 84.0 81.0 81.7 

Hispanic 10.5 10.0 10.1 15.2 13.7 14.4 0.0 5.6 5.2 10.8 9.0 9.4 

Unknown 3.9 10.7 8.9 2.2 9.8 6.2 30.8 8.6 10.0 5.2 10.0 8.9 

Opioid(s) on 

medication list, % 
71.2 66.6 67.8 64.4 60.8 62.5 53.8 70.1 69.0 68.7 67.2 67.5 

Opioid-related 

diagnosis on 

problem listb, % 

17.0 3.2 6.8 22.2 0.0 10.4 15.4 0.5 1.4 18.0 2.2 6.0 

aAge was calculated as the patient’s date of birth subtracted from the date of data collection (07/30/2018) 
bIncludes: Opioid dependence with intoxication delirium (F11.221; ICD-10-CM); Opioid dependence with withdrawal (F11.23); 

Opioid dependence with opioid-induced mood disorder (F11.24); Opioid dependence with opioid-induced psychotic disorder with 

delusions (F11.250); Opioid dependence with other opioid-induced disorder (F11.288); Poisoning by heroin, accidental 

(unintentional), initial encounter (T40.1X1A); Poisoning by heroin, intentional self-harm, initial encounter (T40.1X2A); Poisoning 

238



by other opioids, accidental (unintentional), initial encounter (T40.2X1A); Adverse effect of other opioids, initial encounter 

(T40.2X5A); Underdosing of other opioids, initial encounter (T40.2X6A); Poisoning by analeptics and opioid receptor antagonists 

accidental (unintentional), initial encounter (T50.7X1A); Opioid Abuse And Dependence (All Patients Refined Diagnosis Related 

Groups [APR DRG] v30) 

2. Model Performance 

The performance of the different classification methods is summarized in Table 4. Hand-crafted rules, traditional 

machine learning, and deep neural networks all achieved high performance on the development set, with F1 scores 

ranging from 0.89 to 0.96. Performance on the validation set was more variable, with statistical machine learning 

models consistently outperforming both the rule-based and DNN models. The rule-based algorithm was comparable 

to the statistical machine learning models in terms of precision but achieved a notably poorer recall, indicating a higher 

rate of false negative classifications. On the other hand, the DNN model had somewhat higher recall than precision, 

although both measures were low compared to other methods. 

Table 4. Results by classification method and data set 

 Rules 
Machine learning models 

DNN 
LR SVM KNN RFC 

Development set 

Precision 0.9400 0.9601 0.9601 0.9033 0.9388 0.9167 

Recall 0.9420 0.9592 0.9592 0.8980 0.9388 0.8684 

F1 score 0.9399 0.9592 0.9592 0.8972 0.9388 0.8919 

Accuracy 0.9495 0.9592 0.9592 0.8980 0.9388  

Validation set 

Precision 0.9324 0.9654 0.9730 0.9730 0.9730 0.5000 

Recall 0.8052 0.9676 0.9722 0.9722 0.9722 0.6667 

F1 score 0.8563 0.9639 0.9683 0.9683 0.9683 0.5714 

Accuracy 0.9722 0.9676 0.9676 0.9676 0.9722  

The most and least useful NLP-based features according to the machine learning models are listed in Tables 5 and 6. 

Ranks according to individual models were averaged together to determine the overall ranks used in Tables 5 and 6. 

Unsurprisingly, inconclusive NLP results generally received low weights, especially when they involved more 

complex rules, such as the presence of multiple diagnoses related to intravenous drug use, which received the lowest 

weight across all machine learning models. On the other hand, definitive results for rules specifically related to OUD 

were typically considered more important, such as a documented history of heroin use or opioid misuse, which were 

ranked most important and second most important, respectively. 

Table 5. The 5 most important NLP features by weights assigned during machine learning (where 1 is most important) 

Rank Rule Rule result via NLP 

1 3. Documented history of heroin use and/or addiction Positive 

2 4. Documented positive or suspected history of opioid misuse Positive 

3 8. Documented positive or suspected nonstandard intake methods of opioids Positive 

4 7. Documented polysubstance misuse Undetermined 

5 7. Documented polysubstance misuse Positive 

Table 6. The 5 least important features by weights assigned during machine learning (where 1 is least important) 

Rank Rule Rule result via NLP 

1 2. At least 3 health issues related to intravenous drug use Undetermined 

2 5. Opioid addiction with or without current treatment plan Undetermined 

3 8. Documented or suspected nonstandard intake method of opioids Undetermined 

4 9. History of medication-assisted or other opioid addiction treatment Undetermined 

5 11. Documented opioid or other drug seeking behavior Undetermined 

Discussion 

We developed a set of expert-created guidelines for identifying patients with opioid use disorder based on information 

from free-text clinical documents including emergency department visit notes, inpatient progress notes, and past 

hospital discharge summaries. Using MTERMS, we implemented an NLP algorithm to automatically identify the 

information captured by these guidelines for subsequent use in multiple types of classifiers, including a rule-based 

classifier, machine learning models and a deep neural network (DNN) using the NLP output as features. Our results 
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suggest an NLP algorithm based on a physician-constructed ruleset can be used to accurately identify problematic 

opioid use based on information from free-text alone, especially when used as features for machine learning models.  

While the rule-based model had strong results, using NLP-generated features for machine learning classification 

models proved more robust to sparse data, with comparable results on the development set, which had a relatively 

even representation of positive patients, and much stronger results on the validation set, which had a much lower 

proportion of positive patients. As the training set is more similar to the development set than the validation set in 

terms of the split between positive and negative patients, the stronger results on the validation set suggest the machine 

learning models are better at adapting to variations in dataset composition, which is particularly important when 

considering the viability of implementing the model within a hospital’s EHR system, where the features of the current 

subset of patients with problematic opioid use can vary over time based on unpredictable real world factors. However, 

due to this sparseness, evaluating the different machine learning models relative to each other is made more difficult, 

as the models shared most errors. 

The use of the information captured by the NLP algorithm proved to be the performant set of features across all 

machine learning-based models, with the inclusion of all other tested features leading to worse performance. This also 

held true for the DNN model which, despite its comparatively low performance overall, achieved the best classification 

results when only the NLP-based features were used. However, since the data sets for machine learning were relatively 

small, the performance on other larger feature sets could be a result of a lack of similar training data to learn from, 

especially for feature sets using text from the clinical notes. Similarly, we suspect the DNN did not perform as well 

as the other models due to its greater dependency on large data sets for generating reliable results. The rule-based 

model performed best for cases where OUD or related risk factors were explicitly stated in a note’s text. Most incorrect 

classifications involved patients whose notes contained statements that were either ambiguous or inclusive statements 

(e.g., “may also be methadone withdrawal, though he is young for this”). Similarly, patients with multiple pieces of 

relevant information scattered throughout their notes were more likely to be misclassified. Because the rule-based and 

machine learning models both relied on the same NLP output, many cases were missed by all model types, suggesting 

a need for further development of the NLP algorithm to better handle ambiguous or uncertain information.  

Although our positive label does not inherently represent an opioid-related diagnosis, an extreme number of patients 

that were manually determined to be of-interest to addiction services lacked any opioid-related diagnosis, including 

patients with problematic heroin usage or noted opioid misuse. This demonstrates the potential of our NLP surveillance 

system to help doctors better connect patients in need to addiction services. Patients with OUD, and substance use 

disorder (SUD) more broadly, are under-recognized in hospitals for a host of reasons. Among these are the stigma 

associated with SUD, making patients reluctant to disclose or discuss drug usage, as well as patients’ fears that they 

will be treated poorly if their SUD diagnosis was known, for example by having pain medication withheld due to 

concerns about “drug-seeking” behavior. Additionally, many providers also feel uncomfortable discussing SUD and, 

in some cases, lack sufficient training in how to ask patients questions related to SUD in the first place. In a majority 

of hospitals, the availability of SUD treatment in the hospital setting is limited. However, many hospitalized patients 

with SUD are willing to consider treatment when approached in the hospital, and these are critical opportunities to 

both initiate treatment and link patients to ongoing treatment as outpatients. 

Limitations 

Our models were trained and tested on data from a single institution and rely partially on hard-coded NLP rules. 

However, while the specific language used may vary across different institutions, the underlying rules are based on 

clinical guideline standards and are thus portable. To facilitate this, possible future work should aim to formalize and 

define the mapping from these clinical standards to NLP-based rules. Although the lexicon and rules must be manually 

updated as new terms or criteria are identified, a combined rule-based and machine learning approach can lead to 

improved performance. Deep learning proved infeasible due to the large quantity of patients that would need to be 

labeled given the rarity of OUD, but given sufficient resources, deep learning may be able to yield better performance. 

In the present study, patients who could not be conclusively classified as either positive or negative during manual 

review were excluded from the training data set. In reality, however, such patients would still likely benefit from 

screening by a clinician, and the ability to accurately identify these patients for potential interventions is critical. 

Additionally, while we overall had a large set of patient notes, the effort required for manual chart reviews limited the 

number of patients in our manually evaluated data sets for machine learning. The validation set was created from a 

random sample; while we ensured a representative sample size for the evaluation by manually reviewing over 200 

cases, the low prevalence of OUD among the population led to a relatively low number of positive cases.  
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Future Directions 

A critical next step will be to evaluate our method on a larger data set better determine its accuracy and to assess its 

scalability. A larger sample size can provide a more generalizable representation of the patient population and will 

cover OUD patients with different presentations and levels of OUD severity, which can help facilitate more accurate 

model development. This will require further manual chart review to generate a sufficiently large set of labeled 

patients. However, recent similar work leveraging semi-supervised and reinforcement learning suggests such 

techniques can reduce the amount of manual required without sacrificing performance.28,29 From there, we aim to 

integrate our algorithm within our institution’s EHR system to automatically screen patients for potential OUD in real- 

or near real-time. In the event of a positive classification, we will implement system to automatically alert a specialist 

within addiction treatment services of that patient’s need and facilitate communication between addiction services and 

the patient’s care team. We are currently working with clinical and technical leadership at our institution to initiate 

this process.  

Conclusion 

Automatically identifying hospitalized patients with opioid use disorder based on information documented in free-text 

clinical notes has great potential to increase timely access to addiction treatment services for patients in need. Our 

results demonstrate the viability of leveraging NLP-generated features to train a machine learning model for 

automatically classifying patients by OUD status. Future work will focus on integrating our algorithm with the EHR 

for real-time patient screening.  
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Abstract 

Dietary supplements (DSs) have been widely used in the U.S. and evaluated in clinical trials as potential interventions 

for various diseases. However, many clinical trials face challenges in recruiting enough eligible patients in a timely 

fashion, causing delays or even early termination. Using electronic health records to find eligible patients who meet 

clinical trial eligibility criteria has been shown as a promising way to assess recruitment feasibility and accelerate 

the recruitment process. In this study, we analyzed the eligibility criteria of 100 randomly selected DS clinical trials 

and identified both computable and non-computable criteria. We mapped annotated entities to OMOP Common Data 

Model (CDM) with novel entities (e.g., DS). We also evaluated a deep learning model (Bi-LSTM-CRF) for extracting 

these entities on CLAMP platform, with an average F1 measure of 0.601. This study shows the feasibility of automatic 

parsing of the eligibility criteria following OMOP CDM for future cohort identification.  

Introduction 

The use of dietary supplements (DS) has increased over the past two decades with the growing interests in improving 

overall health.1,2 DS use is more prevalent in the older population than younger adults, among women than among 

men, and the prevalence of use increases with age in both men and women.2 The DS users opt to use DS by personal 

choice and are usually non-smokers, have a lower body mass index (BMI) and exercise regularly.3,4,5 The most 

commonly used DS are multivitamins, omega-3 or fish oil, vitamins B6, B12, C, A and E, iron, selenium, chromium, 

zinc, magnesium-containing compounds, calcium and calcium-containing antacids.6,7,8 

Clinical trials are one of the most valuable resources for healthcare practitioners to practice evidence-based medicine 

as clinical trials are usually accepted as the most unbiased measures of efficacy and safety for new interventions.9,10 

Patient recruitment is an essential part of the clinical trial with eligibility criteria (study specific patient characteristics) 

determine whether a patient should be included or excluded from the study.11 However, patient recruitment is a 

challenging and pressing issue for researchers as it has several barriers, including the lack of patient awareness of 

clinical trials and access to trials, age limitations, complex study designs, fewer eligible patients than expected due to 

restrictive eligibility criteria and several other reasons.12,13,14 An analysis of registered trials showed that approximately 

85% of trials were not able to complete required recruitment in the pre-defined time and around 20% of the trials were 

closed or terminated early due to inadequate patient recruitment,15 limiting the statistical power of the  evidence related 

to the new interventions.16 Moreover, more than 70% of clinical trial generalizability assessment studies reported low 

generalizability of completed trials, partly due to low enrollment.17 

The rapid growth of the electronic health records (EHR) provides an unprecedented opportunity to harness its data to 

full potential for secondary use.18 Moreover, the last few years have also witnessed an increasing number of clinical 

research networks focused on building large collections of data from EHRs and claims to provide cohort discovery 

services. Two notable examples are the National Patient-Centered Clinical Research Network (PCORnet), funded by 

Patient-Centered Outcomes Research Institute (PCORI), and the CTSA Accrual to Clinical Trials (CTSA ACT) 

initiative.19,20 In addition, a number of national efforts are building tools, algorithms, and data models to identify the 

eligible patients and to reduce the recruitment delays due to the aforementioned challenges. For example, (1) i2b2 has 

a widely used cohort discovery tool21; (2) the Electronic Medical Records and Genomics (eMERGE) Network is 

building computable phenotypes for cohort discovery22; (3) the stakeholders of the Observational Health Data 
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Sciences and Informatics (OHDSI) consortium are developing open source analytical tools based on the OMOP 

(Observational Medical Outcome Partnership) Common Data Model (CDM).23 The majority of the approaches 

develop computable representations of the clinical trial eligibility criteria and apply it to EHR data to find eligible 

patient cohorts. However, as the eligibility criteria is majorly in primarily in free-text format, it is essential to 

understand the schema of the criteria, the elements (entities and attributes) and potential to parse the data to extract 

the elements to provide decision support for clinical trial cohort identification.24  

The NER approaches such as EXACT25, EliXR26, EliIE27, ULTRA28, etc., which were developed to represent 

eligibility criteria in a structured format and were confined to certain drugs and medical conditions.  Recently, Si et al. 

developed a natural language processing (NLP) system to extract medical terms in eligibility criteria of Alzheimer’s 

disease clinical trials and represent them using the OMOP CDM.29 Criteria2Query was developed to systematically 

transform eligibility criteria text into SQL queries over OMOP CDM databases.30 To the best of our knowledge, 

understanding the eligibility criteria of DS trials and developing computable representations have not been 

investigated. From our previous published study, we identified that the dietary supplement (DS) trials eligibility 

criteria are different from drug clinical trials in the aspects like trial objectives and criteria related to trial objectives, 

demographics (such as age, gender, race), and disease or lab parameters. For certain diseases, drug clinical trials are 

more therapeutic oriented whereas dietary supplements are either preventive and therapeutic. 31 Thus, making the DS 

clinical trial eligibility criteria unique. So, the objective of this study was to (1) understand data elements associated 

with DS trials’ eligibility criteria and assess if they can be mapped to OHDSI CDM; (2) develop and evaluate NLP 

methods, especially deep learning-based models, for extracting eligibility criteria data elements. In this project, we 

first manually annotate free-text eligibility criteria from a sample of 100 DS clinical trials following OMOP CDM 

v6.0 and then train and compare both conventional machine-learning-based versus deep-learning-based models on the 

CLAMP platform to automatically extract different components of eligibility criteria.   

Background 

Observational Medical Outcomes Partnership Common Data Model (OMOP CDM) 

The OMOP CDM harmonizes the disparate observational databases with minimal loss of information and enables the 

interoperability among the databases.23 It aims to facilitate research, support the conduct of EHR and manage the 

claims data. An integral part of CDM is OMOP standardized vocabularies which enable the exchange of patient data 

among different systems and allow mapping for use in research  (https://ohdsi.github.io/TheBookOfOhdsi/). In this 

study, the definition of entities and attributes such as observation, procedure, device, condition, drug and measurement, 

are determined following the OMOP CDM standardized vocabularies and clinical data tables. 

Named Entity Recognition (NER) 

Clinical NER is a critical task for information extraction (IE) from text and to identify semantics (for example, entities, 

attributes, relations and events) to support the clinical and translational research. The widely-used clinical NER 

approaches include MedLEE32, MetaMap33, KnowledgeMap34 and cTAKES35. These systems were designed for 

clinical notes in EHRs or text in the biomedical literature. Studies that investigate the adaptability of these systems to 

parse clinical trial eligibility criteria are limited. EliXR26, EliIE27 developed by Weng et al. and EXACT25 developed 

by Yu et al. were designed specifically for parsing eligibility criteria of drug clinical trials. These tools are often 

limited to certain types of entities and attributes. Early NER methods used dictionary-based, rule-based and supervised 

machine learning. Later, hybrid methods became popular as combinations of different methods improved the overall 

performance. Most recently, state-of-the-art deep learning methods have been widely used in textual data 

representation. One of the most effective NER models being used is Bi-directional long short-term memory (LSTM) 

with a Conditional Random Field (CRF) on the top layer (Bi-LSTM-CRF).36 

Clinical Language Annotation, Modeling and Processing (CLAMP) 

CLAMP is a clinical language annotation, modeling and processing software designed by Xu et al.37 It is a user-

friendly tool and follows the Unstructured Information Management Architecture (UIMA) architecture. The key 

building blocks of CLAMP are NLP pipelines, machine learning and hybrid approaches, corpus management and 

annotation tool. CLAMP has multiple components such as sentence boundary detection, tokenizer, part-of-speech 

tagger, section header identification, abbreviation recognition and disambiguation, named entity recognizer, assertion 

and negation, UMLS encoder and rule engine. CLAMP’s named entity recognizer contains different types of NER 
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approaches - machine learning-based, dictionary-based, regular expression-based, and deep learning-based. The 

software has diverse applications in different clinical domains.38 

Methods 

Overview of the study 

In this study as shown in Figure 1, we followed five steps: (1) obtaining the clinical trial eligibility criteria of DS 

clinical trials from ClinicalTrials.gov; (2) analyzing the eligibility criteria and mapping to OMOP CDM v6.0; (3) 

developing the gold standard annotation; (4) developing named-entity recognition algorithms (i.e., CRF and Bi-

LSTM-CRF) using CLAMP; and (5) evaluating the NER models using gold standard annotations. 

Figure 1. Overview of the Method for Extracting Clinical Trial Eligibility Criteria. 

Data source and collection 

ClinicalTrials.gov is an online repository developed by the U.S. National Library of Medicine (NLM) and the National 

Institutes of Health (NIH). The repository contains 332,005 research studies which are privately or publicly funded.39 

We obtained 859 clinical trials from ClinicalTrials.gov by applying the search criteria: (1) using DSs as an 

intervention, (2) NIH funded trials, and (3) restricting the location to the United States. The extracted trials belong to 

22 disease categories. We limited the study to Behaviors & Mental Disorders and Nervous System Diseases consisting 

of 149 trials and Nutritional and Metabolic Disorders comprising 199 trials because these two categories of disease 

categories are the most prevalent domains. Clinical trial data can be obtained in various forms – XML, PDF, plain 

text, etc. We chose the XML format as it retains the structure of the original document. The document contains both 

the structured and unstructured data clearly marked with the respective section tags as shown in Figure 2. The 

documents were parsed to extract the eligibility criteria.                     

Analyzing the eligibility criteria and mapping to OMOP CDM 

Eligibility criteria, including both the inclusion and exclusion criteria, are the list of requirements that an individual 

must satisfy to be enrolled in the clinical trials. Eligibility criteria can be either short or lengthy, largely free text 

descriptions spanning several sentences. Each trial comprises an average of 10 criteria (including inclusion and 

exclusion). Eligibility criteria contain the information about the individual demographics, observation and findings, 

condition, lifestyle and treatment, as shown in Figure 3. The temporal measurement, which is essential but not in the 
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schema, is an element associated with observation, diagnosis, prognosis and treatment.  As OMOP CDM standardizes 

data using a common information model and multiple standard terminologies bridging the interoperability among 

disparate observational databases, we compared the elements in the schema with OMOP CDM v6.0, domains and 

mapped the elements to OMOP CDM data tables. We observed that entities like condition, observation/findings and 

lifestyle, procedures, demographics from the schema can be mapped to OMOP CDM data tables such as condition, 

observation, procedure and person, respectively. Whereas the sub-entities in the treatment such as drug and device 

can be mapped to drug and device in OMOP respectively. We found that information about dietary supplements is 

missing from the OMOP CDM data tables and this element makes this study unique. 

Figure 2. The eligibility criteria section of an example clinical trial (NCT03860792) 

Figure 3. Schema of the elements in clinical trial eligibility criteria. In this figure, different colors are used for the 

main categories (green) as well as the components (light blue) in eligibility criteria. The category ‘ethical 
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considerations’ and the components associated with it are marked in red as they cannot be found in EHR. The schema 

laid the foundation to map entities to OMOP CDM.  

Manual annotation  

We developed the first iteration of the annotation guidelines based on the OMOP CDM v6.0. We added dietary 

supplements as an entity as it appears in these DS clinical trials. Three annotators (AB, YX and NW) independently 

annotated 5 randomly selected trials using CLAMP by understanding the first iteration of the guidelines. The team 

compared the annotation results, discussed the difference of opinions and revised the annotation guidelines. While 

annotating, we observed that certain criteria have information about lifestyle choices and annotated the lifestyle 

choices as observation following OMOP CDM. Next, the team independently annotated 5 trials from each category. 

The team then discussed and annotated another set until a reasonable interrater agreement is reached and until no 

discrepancy among annotators. Inter-annotator agreement was computed over 10 trials, revealing a kappa of 0.94. 

After finalizing the annotation guidelinesa, totally 100 trials, 50 trials for each of the two categories, were randomly 

selected for final corpus annotation which comprised approximately 1843 Sentences. The entities and attributes 

described in the guidelines are given below in Table 1.  

Table 1. Eligible criteria entities and attributes with selected examples. 

  Semantic Class Example Criteria (entities and attributes are underlined and marked in blue) 

Entity Demographics Women must be > 18 to 45 years of age; BMI = 27 kg/m2;  

Observation  Bilirubin greater than 1.2 g/dl; MMSE below 24, dementia or unstable clinical depression by exam 

Procedure  History of bilateral hip replacement 

Condition  Uncontrolled hypertension (BP over 180mm HG)  

Drug  Taking metformin, propranolol and other medications 

Dietary supplement (ds)  Use of St. John’s Wort or any other dietary supplement 

Device  Claustrophobia, metal implants, pacemaker or other factors affecting feasibility and 

/ or safety of MRI scanning 

Attribute Measurement  BUN above 40 mg/dl, Cr above 1.8 mg/dl, CrCl < 60 mg/dl 

Qualifier  Signs and symptoms of increased intracranial pressure; severe hypercalcemia  

Temporal_measurement  Use of systemic corticosteroids within the last year 

Negation  Use of anti-diabetic drugs other than metformin 

Developing Named Entity Recognition algorithms using CLAMP  

We used CLAMP as a platform to develop NER algorithms on 1843 annotated sentences. We chose CRF as the 

baseline model. We also implemented a deep learning model, Bi-LSTM-CRF model, using TensorFlow framework, 

which has been demonstrated superior performance in other NER tasks.36 LSTM network is better than traditional 

RNNs to find long range dependencies due to their updated hidden layer. As NER tasks often require contextual 

information (both past and future input features) from the sentence, we made use of a bidirectional LSTM network. 

The Bi-LSTM networks were trained using backpropagation through time technique and both forward and backward 

hidden states were concatenated to obtain contextual representations for the input sentence. To make full use of 

contextual tagged information, we then combined the Bi-LSTM networks with a CRF network to get a Bi-LSTM-

CRF network. Finally, a 5-fold cross validation (80 trials for train and 20 trials for test) was applied to compare the 

performances of two models. The NER performances on each entity and attribute were reported using precision, recall 

and F1-measure.  

 
a https://z.umn.edu/annotation_guidelines 
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Results 

Distribution of dietary supplements in clinical trials 

In this study, we observed that a wide range of DS have been studied as the interventions in clinical trials. Figure 4 

lists the distribution of trials on each DS for two categories of diseases. As shown in Figure 4, the most studied dietary 

supplements in trials on Behaviors & Mental Disorders and Nervous System Diseases were fish oil, omega-3 fatty 

acids, vitamin D, vitamin E, DHA, EPA, soy, lipoic acid, selenium, folic acid and the those only studied once were 

black cohosh, boswellia serrata, chamomile extract, etc.  

Figure 4. Distribution of DS as intervention in clinical trials on Behaviors & Mental Disorders and Nervous System Diseases 

Whereas in those trials on Nutritional and Metabolic Diseases (Figure 5), vitamin D is predominated with 130 studies, 

followed by calcium, fish oil, omega-3 fatty acids, chromium picolinate were widely studied. 

Figure 5. Distribution of DS as intervention in clinical trials on Nutritional and Metabolic Diseases 

Statistics of Eligibility Criteria 

Among the 1843 eligibility criteria sentences, 229 criteria were not annotated as the criteria were not computable 

(corresponding data not in EHR). Descriptive statistics of the unannotated and annotated eligibility criteria corpus are 

 

 

248



provided in Table 2 and Table 3, respectively. Among the unannotated 229 sentences, 23.14% of the sentences belong 

to the criteria referring to unwillingness or willingness of the subject, whereas 2.18% belong to partners or caregivers. 

Out of annotated 1614 sentences, condition entity is the largest (1401 terms), followed by drug (688 terms) and 

observation (671 terms) while device is the smallest (47 terms). Among the attributes, the qualifier is the largest (643 

terms) followed by temporal measurement (445 terms). The average of terms of each semantic class that can be found 

in a trial range approximately from 2 to 5.  

Table 2. Descriptive statistics of the unannotated eligibility criteria and examples 
Category No. (%) Example Criteria 

Unwillingness / 

Willingness 

53 (23.14) unwillingness for subject of childbearing potential to use contraception during the 

first year of the study 

She must be willing to practice an acceptable method of birth control 

Others 39 (17.03) The patient does not have an outside care provider for treatment of depression 

Access to a smart phone or internet and telephone 

Ability / Inability 31 (13.54) Inability to swallow oral capsules 

Ability to use a bolus calculator function with the current insulin pump with pre-

defined parameters for glucose goal, carbohydrate ratio, and insulin sensitivity 

factor 

Informed consent 28 (12.23) Signed protocol specific informed consent prior to registration 

Subjects who refuse to sign the protocol consent document 

Participation in other trials 25 (10.92) Enrollment in any concurrent research protocols that would interfere with 

participant safety or research data integrity 

Previous participation in Phase 1 pharmacogenomic study 

Investigator’s opinion 21 (9.17) The patient is, in the opinion of the investigator, mentally or legally incapacitated 

Any other reasons that, in the opinion of the Investigator, the candidate is 

determined to be unsuitable for entry into the study 

Location 14 (6.11) Lives far away from study site 

Live and work within 1 hour of the study site 

Language 13 (5.67) Fluency in English or Spanish 

Non-English speaking 

Partners/care takers 5 (2.18) Both parents/partners are required to participate in this study, not just one or the 

other 

Living at home with a parent or guardian 

NER Models Evaluation  

The detailed performance of the CRF and Bi-LSTM-CRF for the named entity recognition task is given below in 

Table 3.  

Table 3. Descriptive statistics of the annotated eligibility criteria and performance of the models for entity and attribute 

recognition. The best F1 measures for each semantic class are in bold.  

Eligibility Criteria Corpus (100 trials) CRF  BI-LSTM-CRF  

Semantic Class # of 

mentions 

Precision Recall F1 

measure 

Precision Recall F1 

measure 

Entity demographics 223 0.648 0.494 0.561 0.713 0.628 0.668 

observation 671 0.711 0.535 0.610 0.615 0.642 0.623 

procedure 122 0.750 0.214 0.333 0.712 0.679 0.681 

condition 1401 0.665 0.649 0.657 0.694 0.714 0.704 

drug 688 0.711 0.615 0.659 0.752 0.791 0.769 

dietary supplement (ds) 175 0.429 0.237 0.305 0.512 0.572 0.529 

device 47 0.750 0.200 0.316 0.182 0.205 0.192 

Attribute measurement 321 0.635 0.564 0.597 0.648 0.682 0.662 

qualifier 643 0.670 0.513 0.581 0.683 0.598 0.637 

temporal_measurement 445 0.714 0.542 0.616 0.653 0.666 0.656 

negation 215 0.817 0.519 0.635 0.867 0.618 0.704 

In almost all entities and attributes except device, Bi-LSTM-CRF outperformed CRF model. The macro-average of 

F1 measure for the Bi-LSTM-CRF model is 0.601. The semantic class which performed the best in the Bi-LSTM-

CRF model is drug with an F1 measure of 0.769 followed by condition with 0.704. The semantic class which 

performed the least in Bi-LSTM-CRF is device (0.192). 
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Discussion 

The widespread adoption and use of EHRs together with the NLP tools have led to the ability to identify and recruit 

patient cohort to conduct clinical trials according to eligibility criteria. However, EHRs may or may not contain all 

eligibility criteria data elements required for patient cohort identification. One could also incorporate clinical notes in 

the EHR to find patients that meet criteria that are not captured in the structured field in EHR, e.g., MMSE of dementia 

patients. The eligibility criteria schema and elements should be better understood and analyzed to differentiate the 

criteria that are not computable.  

In this pilot study, we first analyzed the eligibility criteria schema and elements (entities and attributes) for the DS 

clinical trials obtained from ClinicalTrials.gov for two disease categories, Behaviors & Mental Disorders and Nervous 

System Diseases, and Nutritional and Metabolic Diseases, the top two categories based on the frequency of DS uses. 

Eligibility criteria comprise multiple elements which are bound by restrictions such as qualifiers (severity of disease), 

negations and temporal constraints; identifying the individual entities and attributes would make EHR computability 

easier. As our long-term goal is to accelerate the patient recruitment using EHR data, we followed the commonly used 

OMOP CDM to annotate the eligibility criteria. Through our analysis on eligibility criteria of DS clinical trials, we 

found that dietary supplement is currently out of scope of OMOP CDM. As clinical notes will contain information 

about dietary supplements, we included the entity in our annotation and NER development. While annotating we 

observed that certain criteria can be easily computable to extract from EHR data while the rest are either hard or 

impossible to compute. The eligibility criteria whose corresponding data cannot be found in the EHR were not 

annotated even if certain terms in the criteria qualify for one of the entities or attributes as this information is not 

computable.  

The annotators faced a few challenges while annotating the criteria. For example, the annotators had noted certain 

problems while annotating the criteria including (1) the criteria had both the qualifier and disease condition (e.g., 

multiple myeloma); (2) the criteria were difficult to differentiate as they shouldn’t be annotated (e.g., aerobically 

trained with V02 max greater than 2 SD above age-adjusted mean); (3) ambiguity (e.g., certain abnormal laboratory 

values); (4) had interconnected entities (e.g., hepatic, renal and gastrointestinal diseases). The annotators had 

overcome these challenges through multiple rounds of discussions and annotations until no discrepancy among 

annotators. 

To explore the feasibility of the NLP techniques, especially state-of-the-art deep learning models, for parsing these 

eligibility criteria automatically, we leveraged the annotation and CLAMP platform to compare two models. The 

precision and recall of the entities and attributes for the CRF model are mostly lower than the Bi-LSTM-CRF model 

except for entity ‘device’.  In the Bi-LSTM-CRF model, within the 5 folds for the entity ‘device’, three folds did not 

find the entity whereas the other two showed low precision and recall values. By analyzing the original train/dev/test 

dataset, we observed that the difference in values in different folds is due to a small dataset for device (totally only 47 

mentions). CRF requires a list of features, while Bi-LSTM-CRF is a feature engineering free model but require a large 

dataset. This is one main reason why the current performance is still suboptimal. The most common semantic classes 

“drug”, “condition” and “negation” in clinical trials reached the F1 measure over 0.70 whereas the F1 measure for 

other semantic classes is above 0.50 except for the semantic class “device”. The low F1 measures could be due to a 

small dataset and lower number of mentions in the annotation corpus. 

This study has a few limitations. The major limitation is a small dataset which resulted in low performance with 

respect to certain entities and attributes. The other notable limitation is the differences in individual perception while 

annotating certain concepts (e.g., condition, qualifier) in the dataset which resulted in some inconsistent annotations. 

Future work will focus on using a large dataset and improving the annotations consistency which would eventually 

improve the performance of the NER models. We will also try other deep learning modes, such as BERT, which shows 

promising performance in 11 NLP common tasks.  

Conclusions 

In this study, we investigated the data elements associated with eligibility criteria associated with the clinical trials 

which use DS as an intervention. We analyzed the criteria and found both computable and non-computable criteria. 

We manually created eligibility criteria entities followed the OMOP CDM v6.0. We annotated these entities for 100 

trials and used the annotated data to develop a Bi-LSTM-CRF model for NER task. This study demonstrates the 

feasibility of using CDM to represent the DS clinical trial eligibility criteria and using deep learning models for NER 

task in clinical trials. This study lays the foundation for future matching patients using their EHR data to DS clinical 

trials.  
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Abstract

Due to the fast pace at which randomized controlled trials are published in the health domain, researchers, consultants
and policymakers would benefit from more automatic ways to process them by both extracting relevant information
and automating the meta-analysis processes. In this paper, we present a novel methodology based on natural language
processing and reasoning models to 1) extract relevant information from RCTs and 2) predict potential outcome values
on novel scenarios, given the extracted knowledge, in the domain of behavior change for smoking cessation.

1 Introduction

Medical evidence is disseminated in unstructured, natural language scientific evaluation reports that describe the con-
tent and results of randomized controlled trials (RCTs). The evidence-based research is so vast that, at present, more
than 100 reports of RCTs are published on average every day1.

Systematic reviews seek to collate evidence that fits pre-specified eligibility criteria in order to answer a specific
research question2. However, the time taken to complete them is estimated at about 1,000 hours of highly skilled
manual work3 or 67 weeks4, from pre-registration stage to publication. It is evident that systematic reviews across the
vast amount of literature are very time consuming and cannot cope with the fast pace at which new research studies
get published. More evidence is produced and published than it is possible for researchers to be able to use, synthesize
and analyze effectively with these conventional methods5–7. This is also true for behavior change researchers, health
professionals and consultants that explore the literature of behavior change intervention reports, in order to understand
the most effective methodology (or intervention) to help a certain population improve a specific target behavior (for
example, stopping smoking). The volume and rate at which research is produced about behavior change is beyond the
capability of human researchers to compare and understand which interventions are most effective and to be able to
generalize the results to varying populations in different contexts8.

In this context, health consultants and policy makers, as well as researchers, would benefit from automatic ways to
extract information from RCTs and synthesize it in order to predict reasonable estimates of outcomes for new trials
without waiting for a real-world evidence-based study to be conducted. Some effort in developing automatic ways to
analyze RCT reports has been conducted in the NLP and health communities, by applying rule-based9, 10, or machine
learning approaches11–14 to the automatic extraction of information from evaluation reports. However, none of these
studies present a systematic way to both extract the information and make prediction based on that information. An
additional challenge stands in the complex structures of RCT reports. Usually RCT reports compare two or more
‘arms’ representing groups of participants that receive different interventions, most commonly the intervention being
evaluated versus a comparator condition. Therefore, it is necessary to associate features such as characteristics of the
population being studied with each arm. The task is made more difficult by the propensity of authors of reports to refer
to arms using many different terms at different points in the report. Few studies at the moment have investigated arm
detection15.

Our Contributions. In this work, we intend to take a step forward in the research on the automatization of meta-
analysis, by combining information extraction and regression solutions studied to extract information from RCT re-
ports and make inferences on the potential success of a new intervention. We introduce a novel system that first
recognizes the relevant information in RCTs, and then uses this information to estimate outcome values in new situa-
tions with a given population and set of interventions.

253



2 Related Work

Conducting systematic reviews of published literature is a common method by which literature, including RCTs among
other types of scientific studies, can be synthesized and analyzed effectively to answer specific research questions16.
An ongoing challenge in conducting systematic reviews is the time taken to complete them and it has become clear that
the current method of conducting systematic reviews is not sustainable given the amount of time and effort required by
researchers to manually conduct each review. There are a number of ways in which researchers are coming together
in an attempt to develop more efficient approaches to analyzing evidence at a rate which would reduce the waste
which is increasingly being recognized5, 7, like rapid systematic reviews17 or living systematic reviews6. As well as
altering existing traditional methods to conducting systematic reviews in an attempt to speed up the systematic review
process, technology is being used where possible to automate the process and reduce the manual work required by the
researchers. A list of current tools available is the SR Toolboxa, a publicly available online catalog of software tools
to aid the production of systematic reviews. A review of such tools has produced a practical guide of how and when
to use them18.

On the other hand, to enable those technologies, work has been done in the area of Natural Language Processing
and specifically information extraction to automate the task of extracting knowledge from existing RCT reports or
systematic reviews. Jasch19 provides an exhaustive survey of IE approaches on BCI literature. Previous work has
mainly concentrated on identifying PICO attributes10, 20, 21 (P = patient, population or problem, I = intervention, C
= comparison and O = outcome) either at the word or sentence level. We do not use the PICO classification, but
rather the more fine-grained Human Behaviour Intervention Ontology (BCIO)22, described below. The reason is the
necessity to extract fine-grained information to be able to provide more detailed information to the final user and to
improve the feature space used later for prediction. Most research has extracted information from medical abstracts,
although some studies have used the full text of the articles23. Some of the methods are rule-based9, 10, some are
based only on abstracts manually chosen to be more suitable to the study11. A few works have been conducted on
supervised approaches for medical information extraction, which usually concentrate only on abstracts12–14. Other
studies have exploited the entire article, for the extraction of papers’ metadata24: the authors propose a preliminary
system based on CRF for extracting formulaic text (authors’ names, email and institution) as well as some key study
parameters in a free text form, from PubMed Central articles. They reach promising results for the formulaic text, but
only moderate success for the free text attributes. Similarly to Lin et al.24, we exploit the entire text of the article, but
our task of extracting attributes and arms is much more challenging than the extraction of formulaic text, as it varies
from Behavior Change Techniques (BCTs) to numbers, such as outcome values or ages, which are highly ambiguous.

Few studies to the best of our knowledge have tackled the problem of arm extraction (i.e., extracting arm names and
associating entities to the correct arm). One of the seminal studies25 in PICO extraction collapsed intervention arms
and comparison arms. In another study15, the authors experiment with the use of co-reference for arm identification.
The authors try to identify if tokens in medical abstracts are part of an arm name. We also exploit a statistical approach
to extract arm name mentions, and then further try to associate the extracted entities with the those arm names.

With respect to prediction, recent work26 has looked into inferring whether a given treatment is effective with a spec-
ified outcome from clinical trial reports. Differently from our work, they do not take into account any information
outside the treatment itself for inferring the outcome and manually annotate the treatments and the outcome, concen-
trating only on the inference part.

To summarize, given previous work in information extraction from RCTs and prediction of outcome of clinical trials,
our contribution differs for the following aspects: 1) to the best of our knowledge this is the first attempt to provide
outcome predictions based on automatically extracted data; 2) we extract a wide variety of information (around 60
entities) based on the BCIO; 3) we propose a first method for extracting armified results.

3 Ontology and Dataset

Ontology. To evaluate the effectiveness of a behavior change intervention there are many characteristics of the study
which are relevant to consider. To be able to compare across multiple published reports it is necessary to have a

ahttp://systematicreviewtools.com/about.php
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common structure to extract the relevant information needed to understand which methodology is most effective for
particular interventions (e.g., interventions for smoking cessation). To facilitate the extraction of relevant information
from published reports, an ontology of behavior change interventions22 was developed as part of the Human Behaviour
Change Project.b The ontology was created following a methodology developed for the projectc and provided a
structured classification of terms relevant to behavior change interventions.

The upper level of the Behaviour Change Intervention Ontology (BCIO) was developed using a basic structure of key
entities and causal relationships about behavior change. The lower levels were developed to a more granular level
using both a top-down approach, i.e., searching for key relevant terms in other classification systems or ontologies,
and a bottom-up approach, i.e., from expert manual annotation. The lower levels of the ontologies were used as the
structure for information extraction of data from full text reports. The entities in the lower level ontologies can be
grouped into a number of upper level entities, which represent the most relevant information to extract from published
reports to compare and evaluate the effectiveness of interventions. The upper level entities are:

• Population: An aggregate of people who are exposed to a behavior change intervention.
• Setting: An aggregate of entities constituting the environment in which a behavior change intervention is pro-

vided.
• Outcome behavior: Human behavior that is an intervention outcome.
• Effect estimate: A behavior change evaluation finding that characterizes the difference between behavior

change intervention outcome estimates of two behavior change intervention scenarios.
• Source: A role played by a person, population or organization that provides a behavior change intervention.
• Delivery: A part of a behavior change intervention that is the means by which behavior change intervention

content is provided.
• Reach: The difference between the behavior change intervention study sample and the planned behavior change

intervention population.
• Content (BCTs): A planned process that is part of a behavior change intervention and is intended to be causally

active in influencing the outcome behavior. A behavior change technique (BCT)27, specifically, is a planned
process that is the smallest part of intervention content that is observable, replicable and on its own has the
potential to bring about behavior change.

From these eight upper levels, 57 lower level entities were used to extract data from the published reports, these entities
and examples of the data extracted can be found in Table 1. Of the hundreds of lower level entities across the BCIO
these 57 were chosen as they were 1) found the most often in reports, 2) included in other relevant ontologies such as
PICOd or 3) believed to be most relevant for predicting intervention effectiveness.

Dataset. A total of 407 behavior change intervention reports were manually annotated, according to the structure of
the BCIO, to create a database of relevant information related to smoking cessation intervention RCTs. The reports to
annotate were identified through the Cochrane Database of Systematic Reviewse and through a collaboration with the
IC-Smoke projectf. A full account of the source of reports can be found online on OSFg. To be included for annotation
the reports had to be 1) a randomized controlled trial (RCT), 2) included in a systematic review on smoking cessation,
3) included in a meta-analysis in a systematic review, and 4) have a behavioral outcome value related to smoking
cessation.

A total of seven researchers with expertise in psychology and behavior change independently annotated the reports
using EPPI-Reviewer.h Each report was annotated by two researchers and the pairs were varied across each 10-15
papers to minimize inconsistencies in the data. An annotation is a chunk of text assigned to its corresponding entity
in the ontology (e.g., 19.5 years of age represents the entity “Mean age”). As well as capturing the value of the entity,
annotators label the context in which it appears. A full account of the annotation procedure was provided by Bonin

bhttps://www.humanbehaviourchange.org/
chttps://osf.io/86m75/
dhttps://linkeddata.cochrane.org/pico-ontology
ehttps://www.cochranelibrary.com/cdsr/about-cdsr
fhttps://osf.io/23hfv/
ghttps://osf.io/myje6/
hhttp://eppi.ioe.ac.uk/eppireviewer4/
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Figure 1: Overall pipeline of the knowledge system

et al.28 Given the complexity of the task, double coding was required. Each annotated report was reconciled between
two researchers and discrepancies were resolved. Finally, to ensure a high quality of data the inter-rater reliability
(IRR) for pairs of annotators was assessed at various time points during the process. Krippendorf’s alpha29 was used
to quantify the agreement (observed disagreement/expected disagreement) between the researchers. The agreement
for individual entities varied, but overall a score above the acceptable threshold of agreement (α=0.67) recommended
by Krippendorf30 was achieved. The HBCP-corpus, constituting 407 published reports, was created as a part of our
previous work28. To alleviate legal issues regarding open access, a subset of this collection, named OA-HBCP-corpus,
was also created, comprising a sub-collection of fully open-access papers with annotation for 57 entities.

4 Knowledge System

In order to extract information from unstructured RCT reports and to make inferences over the extracted information,
the methodology developed relies on two core components:

• a knowledge extraction module, which takes as input the text extracted from RCT PDFs, and returns relevant
entities associated with the respective arms; and

• a knowledge prediction module, which uses the extracted information to estimate outcome values in unseen
settings.

Both modules leverage the BCIO ontology. Figure 1 shows the entire workflow and, in the subsequent sections, we
describe the methodologies behind the two components.

4.1 Knowledge Extraction Methodology

The aim of the knowledge extraction module is to extract structured knowledge from RCT reports in the form of
entities (described in Table 1) with an associated arm. We first extract each entity and then associate it to the correct
arm. The association of an entity with the corresponding arm is conducted by the arm associator described below.
Specifically, the knowledge extraction module starts by taking as input a parsed PDF document. It has been tested
using the ABBYY PDF parseri and a parser based on GROBID31 with improved table parsing32. However, the code is
easily adaptable to other PDF parsers. Then extraction is done by framing the problem as a named entity recognition
task, for which we can use supervised machine learning. Figure 2 shows the pipeline of this module. The advantage
of supervised approaches is their scalability and the fact that they do not require handcrafted rules. However, they
also require large amount of data, which can be difficult to acquire. One of the challenges of our task is the variety in
the entities to extract. Some of them, like BCTs are strings of text, others like ‘outcome value’ are numbers (usually
percentages). In addition, usually those relevant entities are mentioned only once in a paper, so the variety of context
from which a system can learn is limited.

In practice, we trained a named entity recognition model to extract RCTs listed in Table 1. We use BIO tagging for our
task, where B, I and O represent the beginning, inside and outside of an entity, respectively. We employ a BiLSTM-
CRF model, using the recent Flair framework33 based on the concatenation of the following embeddings: GloVe
(pre-trained on Wikipedia and Gigaword)34, flair news-forward and news-backward contextual string embeddings
(pre-trained on 1-billion word corpus). It is worth noting that annotations were created per document and, for each
annotated entity, a snippet of text that contains the annotated entity is also highlighted as the corresponding context

ihttps://www.abbyy.com/
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UL BCIO Class Entities Example annotation

Population

Mean age The mean age of participants in the smoke-less-app group was 45
Proportion identifying as female gender Sixty-one participants (65.6% female; mean age of 47.3 years)...
Proportion identifying as male gender Seventy (62%) participants were female and 43 (38%) were male
Proportion identifying as
belonging to a specific ethnic group Latinos accounted for 83.4% (n = 371) of the participants
Proportion belonging to
specified individual income category 15% of participants have annual incomes of <£10000
Proportion belonging to specified
family or household income category 15% of participants had household annual incomes of <£10000
Mean number of years in education completed Participants had completed 10 years of education on average.
Proportion achieved university or college 60% of participants had obtained university degrees.
Proportion employed In the intervention group, 75% of participants were in paid employment.
Aggregate relationship status 60% of participants reported being single or never married
Proportion in a legal marriage or union Most participants (95%) were married.
Aggregate patient role [...] a smoking cessation intervention for hospital patients with COPD.
Aggregate health status type [...] a smoking cessation intervention for hospital patients with COPD.
Mean number of times tobacco used Participants smoked on average 20 cigarettes per day.

Setting

Country of intervention The intervention took place in 18 GP clinics in Greater Manchester, UK.
Lower-level geographical region [...] took place in 18 GP clinics in Greater Manchester, UK.
Healthcare facility [...] health centre within easy access of participant’s homes.
Hospital facility Hospital inpatients were given brief advice at their hospital bedside
Doctor-led primary care facility The intervention took place in 18 GP clinics in Greater Manchester, UK.

Outcome behaviour

Smoking We measured smoking cessation through a self-report questionnaire.
Longest follow up [...] smoking status at 1 month,[...], 12 month follow-up points.
Self report Smoking status was assessed via a self-report questionnaire
Biochemical verification Abstinence was defined as expired CO below 10ppm
Outcome value 54% of participants were biochemically verified abstinent at 6 months [...]

Effect estimate
Odds Ratio Odds ratios were calculated to test the effectiveness [...]
Effect size estimate The intervention was effective (OR 1.07, (0.47, 0.9)
Effect size p value The intervention was effective (OR 1.07, (0.47, 0.9), p<0.05)

Delivery

Face to face the three interventions consisted of ten 90-min sessions
Distance counselling included an initial intake and counselling phone call
Printed material All five booklets compared in this study were identical
Digital content type Patients also received [...] and a relaxation audio tape.
Website / Computer Program / App [...] plus access to a smoking cessation website [...]
Somatic Those who smoked were offered nicotine replacement therapy
Patch [...] in the form of the nicotine patch
Pill Participants began taking one pill (150-mg of bupropion SR or placebo)[...]
Individual Participants [...] received up to four one-on-one sessions [...]
Group-based All participants received 10 weeks of group-based CBT [...]

Source

Health Professional All patients attended a 30-min individual counselling by the study nurse.
Psychologist Therapists were a male clinical psychologist [...]
Researcher not otherwise specified All instructions were provided by trained research assistants [...]
Interventionist not otherwise specified Two patient navigators received 10 hours [...]
Expertise of Source Counsellors were three Master’s-level professionals

Reach Individual-level allocated Smokers (n = 94) from 26 states [...]
Individual-level analysed Psychodrama group (n= 61) Control group (n= 52).

Content - BCT

1.1.Goal setting (behavior) During the counselling sessions, [...] solutions, set a goal to quit [...]
1.2 Problem solving [...] encouraged to reflect on barriers to change and identify solutions,
1.4 Action planning [...] come up with a detailed action plan to help them quit
2.2 Feedback on behaviour [...] GPs gave participants feedback on their current smoking levels
2.3 Self-monitoring of behavior [...] to closely monitor their smoking [...]
3.1 Social support (unspecified) During the counselling sessions, [...]
4.1 Instruction on how to perform the behavior In addition to being offered NRT and a quit smoking self-help guide, [...]
4.5. Advise to change behavior [...] participants were advised to quit,[...]
5.1 Information about health consequences [...] informed of the negative health effects of smoking ,[...]
5.3 Information about social
and environmental consequences [...] social impact of smoking, and were informed [...]
11.1 Pharmacological support In addition to being offered NRT [...]
11.2 Reduce negative emotions [...] informed about meditation as a useful stress-reduction tool.

Table 1: Extracted entities grouped according to the higher level ontology classes with example annotation. Bold-face
text represents the annotated text within its context (which is truncated to fit the table width).

257



Figure 2: Knowledge extraction module workflow

(Table 1). One of the challenges is that 40% of the information to be extracted occurs in tables. Since tables usually
exhibit diverse formatting structures across a collection, it is particularly difficult to correctly extract the values from
them. To overcome this issue, we transform the content, structured in table format, into text. Specifically, to generate
the training instances for our model, we first generate pseudo-sentences for each table element transforming every cell
in a table in the following format: < rowheader > of < columnheader > has a value of < cellvalue >. We then
map all annotated entities back to their contexts in the BIO tagging format.

During the inference stage, given a test document in PDF, we first extract all sentences from the document. We then
augment this with the pseudo-sentences generated from each table. Next, we apply the trained model to these sentences
(both original and pseudo) to extract the RCT entities.

We also extract arm names as one of the entities. Once the list of potential arm name mentions and the list of entities
are extracted the arm associator module creates tuples of<armName,entity>, by detecting, for each entity, the closest
instance of an arm name in a window of size t (t is set empirically). If no instance of arm name is found, the entity is
associated to the default arm. The default arm indicates that the entity value is common to all arms in the study.

Since each arm can have many mentions in the RCT report, we need to cluster the arm name mentions and as a
consequence the associated extracted entities. We use a complete-link clustering algorithm where the similarity of two
clusters is the similarity of their most dissimilar members35. We cluster the different arm names into n classes with n
corresponding to the number of arms. n is detected by exploiting the common pattern that authors often use to indicate
the number of groups, e.g., ′into/in′ + n+ groups and extracting the value n corresponding to the number of arms.
In the end, for each cluster, the more frequent arm name mention is elected as cluster label.

It is worth noting that associating predicted entities to the corresponding arm names is a very challenging problem.
The task requires performing cross-sentence information extraction and inference. It is left to future work to explore
novel arm association methodologies.

4.2 Knowledge Extraction Evaluation

In this section, we describe how we test the knowledge extraction module. We use the corpus described in Section 3
and focus on extracting the 57 entities mentioned there (plus the arm names). We split the corpus into training and test
sets so that we can learn an extraction model on the training data and then test that model with unseen test data. We
have 300 PDFs in training and 97 in test, while 10 reports were excluded that did not have relevant annotationj. After
training the BiLSTM-CRF model on the 300 RCTs of the training set, we extract entities from the test set and evaluate
whether the extracted entities are correct or not. We compare our model with an unsupervised rule-based baseline36,
which involves first, retrieving passages that are more likely to contain a relevant entity, and then extract the value
within this passage using a series of ad-hoc extractors based on pattern matching and regular expressions. Our choice
of baseline is motivated by previous work37 showing that an unsupervised approach (i.e., without machine learning
but using expert queries) performs well against supervised and semi-supervised approaches. Our goal in this work is
not to optimize the machine learning approach but show that the system we propose, automatic information extraction
feeding into a prediction system, is a viable alternative to handcrafted manual approaches.

jThe dataset is available at https://github.com/HumanBehaviourChangeProject/Info-extract/blob/master/
HBCP-Corpus.zip and more details about the dataset are provided by Bonin et al.28
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Rule-based Flair (w/o Table) Flair (w/ Table)
Upper level ontology Prec Rec F1 Prec Rec F1 Prec Rec F1

Population 14.37 29.40 17.33 17.24 13.88 11.21 27.42 31.99 25.51
Content 41.37 83.33 53.04 60.61 55.89 53.62 57.97 59.00 56.52
Source 14.25 12.72 12.11 19.13 11.37 13.41 21.52 17.28 17.86
Delivery 17.89 24.75 15.74 55.14 38.30 37.25 50.10 48.08 46.37
Outcome Behaviour 22.18 26.65 23.93 43.00 53.48 44.43 37.63 64.62 44.92
Effect estimate 28.87 41.42 33.86 31.75 40.92 32.51 28.55 47.07 31.70
Reach 29.92 48.74 37.07 11.17 21.71 14.74 9.92 14.94 11.92
Overall 24.12 38.14 27.58 34.00 33.65 29.60 33.30 40.42 33.55

Table 2: Mean precision, recall, and F1 per upper level ontology for the Flair model trained with (w/ Table) and
without the pseudo-sentences from tables (w/o Table) compared with the unsupervised rule-based baseline. Macro-
averages are used for precision, recall, and F1 of presence value-type attributes.

Table 2 reports arm-agnostic performance, grouped by upper level ontology categories, for the baseline and the Flair
approaches. For the Flair approach we report both results of the model trained with and without the table pseudo-
sentences. For each value attribute, recall is calculated as the number of attributes where the target values are correctly
predicted divided by the number of these annotated attributes. Precision is calculated as the number of predicted
attributes with correct values out of all the ones predicted for this attribute. F1 score is the harmonic mean of the
precision and recall. The attributes listed in Table 1 are associated with different value types. For example, content
entities (e.g., BCTs) are Boolean variables ({0, 1}) denoting the presence or absence of the entity in the arm, while
the population and outcome behavior attributes are real numbers. The matching criteria for true positives therefore
depends on the type of attribute, e.g., Boolean values must match true or false for presence, but mean age can match
the real value to a given level of precision.

From Table 2, we observe that the supervised machine learning approach (Flair) outperforms the rule-based one
in almost all the upper level categories (with some exceptions, such as Effect estimate and Reach, for which there
exists only a small number of annotations). In addition, we notice that using the table contents for training the
model improves the results. Specifically, table content makes a difference for those entities, such as outcome value or
population, that are often reported in table format. As expected, recall is higher for Flair with table sentences because
it can recover more annotation, but this is at the expense of precision, which is generally better without tables. Recall
is better still with the rule-based approach, which could be altered to have even better coverage, however the current
baseline strikes a balance between precision and recall.

The F1 results, even with our state-of-the-art statistical approach remain fairly low. There are a few contributing
factors, some of which we are addressing in future work. The entity extraction is a feasible, but still quite difficult task
as evidenced by the IRR in Section 3. The heterogeneity of the entity representation make it difficult to learn without
sufficient data. We also note that current results come from a unique trained model, but improvements are possible
when training dedicated models. It remains the case that the supervised approach presents two main advantages 1) it
is more flexible and scalable, as in it can learn new context, given new documents, and 2) it shows better results for
the majority of the entities.

4.3 Knowledge Prediction Methodology

After extracting relevant information from each study arm of an RCT on smoking cessation, we use it as input to
predict outcome values, i.e., the percentage of people who stopped smoking. The aim is to provide a user with an
estimated prediction of the success of a set of BCTs on a specific population with a given set of outcome qualifiers,
particularly useful for situations where no RCT with the given situation exists. To obtain the outcome value predictions,
we employ a regression based approach, which models the outputs, y ∈ R, as a function φ of input vectors x of feature
values. Given a training set of feature vectors associated with the outcome values, the function φ can be estimated
with standard approaches such as minimizing the hinge-loss (for SVM). Specifically, in our experiments, we employed
SVM as our regression approach (i.e., Support Vector Regression (SVR)38) because it can handle any non-linearities
to be introduced for estimating the regression coefficients. One of the rationales for employing feature-based models
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Trained with RMSE MAE

Ground truth 11.99 8.53
RB extraction 12.96 9.03
Flair extraction 12.78 8.94

Table 3: Comparison of outcome prediction as a regression problem, using different training sets. For both RMSE
and MAE, a lower value indicates a more effective outcome prediction.

in our study (over data-driven ones) is that, firstly, the feature-based models are more conducive to debugging and
explanations (e.g., by observing what set of input features are strongly correlated with the output values), and secondly,
they can be trained on small quantities of data (which is the situation in our case). We also experimented with other
regression models but they were exhibiting the same trends as SVM, so, in this paper, we chose to focus on comparing
configurations of the training data rather than of the machine learning algorithms.

A feature vector x, in our regression experiments, is constructed with all the entities corresponding to one arm of one
study. The entities can be numerical or categorical, in which case they are turned into numerical values, e.g., a BCT is
treated as a categorical variable with two values, namely {0, 1}. To give specific details about the experiment setting,
the total number of features (dimensions of the input vectors) is 168, whereas the total number of instances used in
our experiments is 819, which we split into a 4:1 ratio of train and test, respectively. The outcome values, which
correspond to the percentage of people who stopped smoking, were normalized in the range [0, 1], the mean being
0.16. We conduct the regression experiments under three settings, each using a different training sets:

• with ground-truth input features and outcome values;
• with input features and outcome values automatically extracted using the baseline rule-based system (RB);
• with input features and outcome values automatically extracted using Flair.

The objective is to investigate to which extent the automatic extraction process (Section 4.1) affects the effectiveness
of outcome value prediction. Predicting from automatically extracted input indeed corresponds to the realistic scenario
where the prediction system can be regularly re-trained using the most recent publications in the field without going
through a long and costly manual annotation process first.

4.4 Knowledge Prediction Evaluation

Table 3 presents the results of our experiments. We use standard metrics for regression: root mean square error
(RMSE)k and mean absolute error (MAE)l, both evaluated using the ground-truth outcome values of the test instances.
In all cases, the SVM parameters are identical: the regularization parameter (c - higher values prevent over-fitting on
the training set) and the kernel width (γ - lower values associate more importance to local effects in the input feature
space) are both set to 0.1, determined by a grid-search we conducted using the ground-truth input and outcome values.

As expected, the best prediction is obtained by the model trained on the ground-truth entities, that uses manually
annotated data. However, the performance gap between the model trained on ground truth data and the models trained
on automatically extracted data is small. The only small increase in error for the systems trained on automatically
extracted entities indicates that we can output predictions of comparable quality without needing to manually annotate
an ever increasing quantity of new studies. We also note that the prediction systems trained on automatically extracted
entities have a similar performance drop compared to ground-truth training, but we still note that the model trained
on Flair extractions, which was our better approach in the task of extraction (Section 4.1), performs better than the
rule-based baseline on the downstream task of outcome value prediction.

5 Conclusions and Future Work

In this paper, we presented a novel methodology based on information extraction and prediction models to extract
relevant information from RCTs and predict potential outcome values on unseen setting scenarios in the domain of

kRMSE measures how spread out these residuals are with respect to the actual values.
lMAE measures the absolute value of the difference between the predicted and the ground-truth outcome values.
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behavior change for smoking cessation. We showed that statistical information extraction approaches can be used to
extract a wide variety of behavior change entities, with the advantage of being more adaptable to new contexts and
new data than rule-based approaches. We also showed that the data automatically extracted can be used to train a
prediction model for the identification of outcome values with similar performance to the one trained on manually-
extracted entities. The work described in this paper is part of an ongoing effort, where we are focusing on improving
the effectiveness of both components. Future works along this direction could involve improving the arm association,
extracting multiple outcome values at different follow-up points and incorporating text information from documents
to further improve outcome value prediction.
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Abstract 

Identification of comorbidity subgroups linked with Autism Spectrum Disorder (ASD) could provide promising insight 
into learning more about this disorder. This study sought to use the Rhode Island All-Payer Claims Database to 
examine mental health conditions linked to ASD. Medical claims data for ASD patients and one or more mental health 
conditions were analyzed using descriptive statistics, association rule mining (ARM), and sequential pattern mining 
(SPM). The results indicated that patients with ASD have a higher proportion of mental health diagnoses than the 
general pediatric population. ARM and SPM methods identified patterns of comorbidities commonly seen among ASD 
patients. Based on the observed patterns and temporal sequences, suicidal ideation, mood disorders, anxiety, and 
conduct disorders may need focused attention prospectively. Understanding more about groupings of ASD patients 
and their comorbidity burden can help bridge gaps in knowledge and make strides toward improved outcomes for 
patients with ASD. 

Introduction 

Autism Spectrum Disorder (ASD) is a group of complex behavioral and developmental disorders that have a broad 
range of clinical presentations including communication barriers, social-emotional deficits, hyperactivity, 
hypoactivity, and repetitive movements.1 While ASD prevalence continues to rise at an estimated 1 in 59 children 
based on the latest report by the Centers for Disease Control and Prevention (CDC) in 2014,2 there is still much 
unknown about this disorder. Epidemiological evidence indicates that certain medical conditions are more prevalent 
in children with ASD compared to children in the general population, which makes the study of comorbidities an 
important focus in the field.3 In particular, recent efforts have focused on identifying and characterizing subgroup 
patterns of ASD comorbidities. In several studies, common comorbidity profiles or subgroups that are linked with 
ASD include seizures, attention deficit hyperactivity disorder (ADHD), gastrointestinal (GI) disorders and other 
psychiatric disorders.3–9 A few recent articles have identified that co-occurring psychiatric and medical conditions 
with ASD account for a substantial burden, and further research and attention is needed in this area for better 
understanding of the effects of these comorbidities on patient outcomes and direction for overall treatment.10,11 Being 
able to effectively subcategorize patients with ASD based on comorbidity patterns may have broad implications. A 
characterization of disease development trajectory can facilitate prognosis, inform treatment decisions, and assist in 
risk stratification for future complications and safety concerns. Categorizing a heterogeneous patient cohort into more 
homogeneous subgroups is also the first step toward more powerful genomic and molecular studies that can lead 
toward a better understanding of the etiologies involved in ASD.12  

Previous studies have indicated that children with ASD are at an increased risk for being diagnosed with one or more 
co-occurring mental health conditions,4,10 but not much is known about the unique relationships and patterns of the 
different mental health comorbidities along with the unique trajectories and outcomes of these patients. Research 
focusing on the treatment and understanding of mental health comorbidities associated with ASD patients has been 
limited.10 Due to overlapping symptoms and diagnostic bias or interpretation, assessment and prognosis can be 
extremely challenging and complex. Unsupervised learning approaches such as association rule mining (ARM) and 
sequential pattern mining (SPM) can be used as a preliminary analysis to ascertain similarities and temporal patterns 
for ASD patients diagnosed with one or more mental health disorders.  

Data mining methods can be used to link comorbidities and identify unknown patterns to gain knowledge and 
understanding about the disorder. ARM is a well-established method to discover and identify unique relationships in 
a dataset. SPM uses longitudinal data to identify temporal or ordered patterns in a dataset.13 In this study, ARM and 
SPM were used to find unique associations between different combinations of mental health disorders in ASD patients 
compared to the general pediatric population. Combining these two methods can help identify common mental health 
diagnoses and combinations of diagnoses seen in ASD patients. Taking an unsupervised approach throughout is 
preferred in an attempt to minimize clinician label bias with the goal of uncovering unknown patterns and 
relationships. Although this study does not present new methods, this work presents a new framework on combining 
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different machine learning techniques used in a variety of fields to find patterns and relationships between mental 
health comorbidity patterns in patients with ASD from a large dataset with limited previous research. 

This study sought to use the All-Payer Claims Database in Rhode Island to better understand mental health conditions 
linked to ASD. The goal of this study was two-fold. First, this study aimed to identify and validate common mental 
health conditions seen from patients with ASD by using medical claims data in the state of Rhode Island.14–19 Most 
research thus far has only been preliminary with little validation from disparate data sources. By using a large set of 
medical claims data, trends within the ASD population can be tracked and visualized. The diagnosis rates within a 
large medical claims dataset can further validate common mental health comorbidities seen in the ASD population. 
The second aim of this study was to further analyze and identify patterns of ASD patients also diagnosed with mental 
health conditions using ARM and SPM. Further analysis is needed to determine the importance of the subgroups and 
infer similarities and relationships.   

Methods 

Overview 

This study used data from the Rhode Island All-Payer Claims Database (or HealthFacts RI). All analyses were 
performed using Julia Version 1.3 and R-statistical software Version 3.6.1. All of the data were preprocessed in a 
secure computing environment at Brown University. Code for pre-processing and analyses can be found in the 
supplemental GitHub repository.  

Dataset 

HealthFacts RI is a deidentified 
dataset with data beginning in 
2011, which includes information 
from healthcare claims, insurance 
enrollment information, provider 
information and other data from 
Medicare, Medicaid and large 
commercial insurance companies 
(Figure 1). This dataset is publicly 
available and is monitored and run 
by the State of Rhode Island 
Department of Health. It 
comprises over 300 million 
medical claims and includes 
insurance claim information for 
over 1 million patients, which is 
most of the insured Rhode Island 
residents. 

The database consists of solely structured data from medical claims, and the sole features of interest for this project 
included patient’s internal member ID, age, gender, and all associated diagnoses for each patient. In this study, ASD 
patient cases were extracted from the database using MySQL queries by joining different tables of the HealthFacts RI 
database and extracting each patient’s diagnosis codes reported as International Classification of Diseases, Ninth and 
Tenth Revision (ICD-9-CM and ICD-10-CM) codes. Two sets of data were extracted. One dataset with all pediatric 
patients ages 2-21 and another with all pediatric patients ages 2-21 with a diagnosis of ASD (ICD-9/10-CM: 299*/ 
F84*). The data extracted included information from the entire lifetime of the database (2011-2018). The ages were 
chosen because these are the time points at which ASD is most likely to be detected. Ages 18-21 were included as 
most pediatricians can see patients up to 21 years old, and it also includes development of mental health trajectories 
into the young adult years.  

Mental Health Comorbidity Analysis 

The data were pre-processed to aggregate various comorbidities into major categories using Phenome Wide 
Association Studies (PheWAS) categories called PheCodes.20 The dataset consists of all unique patients and their 
associative PheCode categories. Table 1 shows an example of ICD diagnosis codes mapped to their correlative 
PheCode group. 

Figure 1. Overview of Study Approach 
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Table 1. Example of ICD-9/10-CM diagnosis billing codes linked to a PheWAS group for depression 
PheWAS Mapping from ICD-9/10-CM to PheCode Example 

ICD-9-CM ICD-10-CM PheCode Phenotype 

311,296.36,296.35,296.34,296.33,296.32,296
.31,296.3,296.3,296.26,296.25,296.24,296.23
,296.22,296.21,296.2,296.2 

F33.9,F32.4,F33,F32.5,F32.81,F32.8,F33.8,F33.1,F32.1,F
33.0,F32.3,F33.41,F33.3,F33.4,F32.2,F32.9,F33.42,F32.0
,F32,F33.40,F33.2, F32.89 

296.2, 296.22 

Depression/ 
Major 

Depressive 
Disorder 

The initial MySQL query included all diagnoses for each patient. The PheCodes were filtered to only include all of 
the mental health diagnoses diagnosed for each patient in the dataset. This was done for both the entire pediatric 
population (ages 2-21) and for the dataset with only patients diagnosed with ASD (ages 2-21). Subsets of the ASD 
patient population were also separated to take a closer look at gender (male, female) and age groups (toddler (2), 
preschooler (3-5), middle childhood 1 (6-8), middle childhood 2 (9-11), young teen (12-14), teenager (15-17), and 
young adult (18-21)). The age groups were determined based on the CDC definition of age groups.21 Mental health 
diagnoses and PheCodes were chosen based on a review article by Rosen et al. that identifies the different mental 
health diagnoses groups with a call to action that more research is needed to more comprehensively understand the 
risk and treatment for individuals diagnosed with ASD. These included: anxiety disorders, depressive disorders, 
bipolar disorder, externalizing/ behavior disorders, oppositional defiant disorder/ conduct disorder, schizophrenia/ 
psychotic disorders, and ADHD as well as a section with other co-occurring conditions (e.g., post-traumatic stress 
disorder [PTSD]).10 Table 2 describes the 38 PheWAS groups included for analysis in this study. 
Table 2. Mental health diagnoses PheWAS groups included in study 

PheCode Phenotype PheCode Phenotype PheCode Phenotype 
295.0 Schizophrenia and other 

psychotic disorders 
300.11 Generalized anxiety disorder 305.2 Eating disorder 

295.1 Schizophrenia 300.12 Agoraphobia; social phobia; and 
panic disorder 

306.0 Other mental disorder 

295.2 Paranoid disorders 300.13 Phobia 312.0 Conduct disorders 
295.3 Psychosis 300.2 Generalized anxiety & phobic 

disorders 
312.3 Impulse control disorder 

296.0 Mood disorders 300.3 Obsessive-compulsive disorder 313.1 Attention-
deficit/hyperactivity 
disorder (ADHD) 

296.1 Bipolar 300.4 Dysthymic disorder 313.3 Autism 
296.2 Depression 300.8 Acute reaction to stress 315.0 Developmental delays and 

disorders 
296.22 Major depressive disorder 300.9 Posttraumatic stress disorder 315.1 Learning disorder 
297.0 Suicidal ideation or attempt 301.0 Personality disorders 315.2 Speech and language 

disorders 
297.1 Suicidal ideation 302.0 Sexual and gender identity 

disorders 
315.3 Mental retardation 

297.2 Suicide or self-injury 303.3 Psychogenic disorder 316.0 Substance addiction and 
disorders 

300.0 Anxiety; phobic and 
dissociative disorder 

303.4 Somatoform disorder 317.0 Alcohol-related disorders 

300.1 Anxiety disorder 304.0 Adjustment reaction 

Association Rule Mining 

ARM is a data mining technique that can be useful for determining relationships between data elements through 
analysis of patterns in frequent itemsets in the data. This unsupervised learning technique, originally proposed by 
Aragwal et al. in 1993, uses the Apriori algorithm to find a rule or combination of transactions that are related.22 The 
classic example of ARM is the market basket analysis where association rules help uncover relationships of products 
purchased together at a grocery store. It is used in many other fields including healthcare. Several studies have used 
ARM to investigate comorbidities among certain patient populations;23–27 however, to the best of our knowledge, few 
studies have comprehensively studied the associations between mental health comorbidities and ASD. ARM uses an 
efficient algorithm to compute a complete set of frequent itemsets based on a minimum support parameter. An 
association rule can be visualized as {X→Y} (or commonly seen as: left hand side{lhs}→right hand side{rhs}), which 
is the likeliness of finding Y which also has X. An itemset, {X,Y}, is the list of all items that form the association 
rule. Table 3 is an example of transactions of mental health comorbidities seen in this study along with two arbitrary 
examples of returned association rules.  
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The support metric gives information on how frequent an itemset occurs in all the transactions. It is the fraction of 
transactions containing that particular itemset. Confidence is another metric commonly used to rank and analyze 
association rules. Confidence is the probability of the occurrence of {Y} given that {X} is present. A higher confidence 
means a higher probability that X and Y occur together throughout the dataset. Lift is another metric commonly used 
to look at the ratio of confidence to baseline probability of occurrence of {Y}. Lastly, this study also used the chi-
square metric for purposes of evaluation and the final determination in statistical significance level of the association 
rules. Chi-square can be calculated directly from the values of support, confidence and lift.28 The chi-square statistic 
is used to test for independence between the left hand side and right hand side of the rule {X→Y}. The null hypothesis 
is that there is no relationship between the itemsets and they are independent. A higher chi-square value indicates that 
the {X} and {Y} are not independent. The contingency table below shows the relationship between itemsets {X,Y} 
and the formulas for support, confidence, lift, and chi-square (Table 4). 

The ARules and ARulesViz packages were used in Julia 
and R to run the Apriori algorithm and visualize the top 
ranked rules.29 ARules was run on the All pediatric 
patients dataset and then on the ASD dataset. The rules 
were joined in a table to remove the rules common 
between the two to leave only the unique rules for ASD. 
The same process was done for the gender and age 
groups. The “transactions” entered into the Apriori 
algorithm were comma separated phenotype 
descriptions of the PheCodes to run in the package to get 
an output of ranking rules (Table 3). A support parameter 
cutoff of 0.01 was used to include enough transactions in 
the dataset to be significant but also include diagnoses or 
combinations of diagnoses that had lower prevalence 
within the dataset, which could still be important for 
evaluation. Most commonly, confidence, support, and 
lift are used as the parameters to rank rules to see which 
ones are the most similar or meaningful as mentioned 
above. The association rules for each group were ranked 
and evaluated based on these statistics. Chen et al. found 
that these parameters are not always the best measures to 
use for ranking as important rules can be missed due to 
lower occurrence of the certain itemsets.30 In the case of medical comorbidities, it is important to not overlook some 
of the less frequent diagnoses as these can be important, and other more common diagnoses can overshadow 
interesting patterns. Instead the chi-square statistic was used as the final parameter to rank the rules and determine 
statistical significance or importance. ARulesViz was used to generate a visualization of the top rules (See GitHub 
repository for all code). 

Sequential Pattern Mining 

SPM is a data mining technique used to detect ordered patterns within a dataset. It was introduced by Rakesh Agrawal 
in 1995 as a follow-up to association rule mining, and was originally used in retail to determine the order of items 

Table 4. Contingency table for {X→Y} and associated 
formulas for measures of interestingness used for ranking and 
evaluation of the results from ARM and SPM rules 
 

Support {X→Y}  Lift {X→Y}

𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑏𝑏𝑏𝑏𝑤𝑤ℎ 𝑋𝑋 & 𝑌𝑌
𝑇𝑇𝑏𝑏𝑤𝑤𝑇𝑇𝑇𝑇 # 𝑏𝑏𝑜𝑜 𝑤𝑤𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑡𝑡𝑤𝑤𝑤𝑤𝑏𝑏𝑇𝑇𝑇𝑇 

𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐
𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡 𝑤𝑤𝑐𝑐𝑡𝑡ℎ 𝑌𝑌/𝑡𝑡𝑐𝑐𝑡𝑡𝑡𝑡𝑡𝑡 # 𝑐𝑐𝑐𝑐 𝑡𝑡𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡

  

𝑇𝑇 
(𝑡𝑡 · 𝑐𝑐 − 𝑏𝑏 · 𝑐𝑐)2 · (𝑡𝑡+𝑏𝑏+𝑐𝑐+𝑐𝑐)

(𝑡𝑡+𝑏𝑏) · (𝑐𝑐+𝑐𝑐) · (𝑏𝑏+𝑐𝑐) · (𝑡𝑡+𝑐𝑐)
  

Confidence {X→Y} Chi-Square (𝜒𝜒2) {X→Y}

𝑇𝑇𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡 𝑤𝑤𝑐𝑐𝑡𝑡ℎ 𝑏𝑏𝑐𝑐𝑡𝑡ℎ 𝑋𝑋&𝑌𝑌
𝑇𝑇𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡𝑡𝑡𝑐𝑐𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡 𝑐𝑐𝑐𝑐𝑐𝑐𝑡𝑡𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

𝑇𝑇(𝑇𝑇𝑤𝑤𝑜𝑜𝑤𝑤 − 1)2
𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠 𝑡𝑡𝑏𝑏𝑇𝑇𝑜𝑜

(𝑡𝑡𝑏𝑏𝑇𝑇𝑜𝑜 − 𝑇𝑇𝑠𝑠𝑠𝑠𝑠𝑠) (𝑇𝑇𝑤𝑤𝑜𝑜𝑤𝑤 − 𝑡𝑡𝑏𝑏𝑇𝑇𝑜𝑜)

𝑡𝑡
𝑡𝑡+𝑐𝑐

  
𝑡𝑡  · (𝑡𝑡+𝑏𝑏+𝑐𝑐+𝑐𝑐)

(𝑡𝑡+𝑏𝑏)2
  

 Y Y'

X n P(X ⋂ Y) = a n P(X ⋂ Y') = b

X' n P(X' ⋂ Y) = c n P(X' ⋂ Y') = d

Table 3. Examples of mental health diagnoses per patient in dataset (transactions) and arbitrary examples of how 
the association rules are returned (itemset {X,Y} as {X→Y} rule) 
 

Patient ID Mental Health Diagnoses (Transactions) 

1 ADHD,Anxiety disorder,Depression,Major depressive disorder,Adjustment reaction 

2 Learning disorder,Other mental disorder,Speech and language disorder,Mental retardation 

3 ADHD,Mental retardation,Mood disorders,Conduct disorders,Anxiety disorder 

Example Rule Association Rules 

1 {Developmental delays and disorders,Mood disorders} => {Mental retardation} 

2 {ADHD,Anxiety disorder,Conduct disorders} => {Bipolar} 
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purchased sequentially over time.31 Since that time there have been many applications in medicine to help determine 
risk of health related events with a temporal relationship. Applications are seen in pharmacology, hospital 
readmissions and comorbidity analyses.32–38 In one study, Wang et al. studied comorbidities commonly seen with Type 
2 Diabetes.38 There have not been any applications with ASD to the best of our knowledge. The cSPADE (Sequential 
Pattern Discovery using Equivalence classes) algorithm was used using the R package, aRulesSequences, to get 
ordered items based on sequence ID (list of patients) and their corresponding items with transaction times, which was 
the age of the patient when the diagnosis first occurred in the medical claims and the list of mental health diagnoses 
respectively. 

Since the goal of SPM was to identify common temporal or ordered patterns of diagnosis, the dataset was preprocessed 
to only include the diagnosis on the first time it appeared as an ICD-9/10-CM code in the medical claims dataset. SPM 
was performed to analyze the data for frequent diagnosis patterns across the entire ASD population. Further work will 
be done to break down and analyze more granular age and gender groups along with determining if a next diagnosis 
in a sequence can be accurately predicted based on the ordered data. Similarly, as mentioned above with the ARM 
analysis, a support parameter cutoff of 0.01 was used to include enough rules for analysis but still have enough cases 
within the dataset to be significant. Confidence was used as the measure for ranking the rules and evaluation of 
significance. 

Results 

Some initial descriptive statistics 
within the dataset were evaluated to 
examine the diagnosis rates of ASD 
per year to compare to the CDC 
national rise in the past decade 
(2011-2018). As seen in Figure 2, 
the rise in diagnosis rates since the 
inception of the HealthFacts RI 
database (2011) shows a similar 
trend to the CDC data. It cannot be 
compared 1-to-1 because the CDC 
collects survey data at specific time 
points and ages,2 but the numbers 
give insight into diagnosis rates 
within this specific database over 
time. From the data extracted from 
HealthFacts RI, there were medical 
claims data included for a total of 
328,378 pediatric patients (ages 2-21), 8,806 ASD patients (ages 2-21), 6,853 males, and 1,976 females. Out of the 
8,806 patients with ASD in the dataset, 6,213 (or ~70%) had a mental health diagnosis identified in one of the 38 
PheWAS groupings listed in Table 2. Table 5 includes descriptive statistics for mental health disorders and total 
patients per gender and age group analyzed using ARM.  

Mental Health Comorbidities 

Previous studies have shown mental health comorbidities to be 
more common in patients with a diagnosis of ASD compared 
to the general pediatric population. The HealthFacts RI 
database was analyzed to look at the basic statistics of 
diagnosis rates reported in the dataset. Some phenotypes were 
grouped together based on similarity of conditions. A majority 
of mental health conditions showed higher proportion or 
percentage within the ASD patient population compared to the 
general pediatric population (Figure 3). Out of the initial 38 
mental health PheWAS groupings chosen for this study (Table 
2), 14 groups were selected as being most relevant to the ASD 
population. Some of the groupings were combined (as seen in 
Table 6 PheCode column), and some were removed based on prevalence (<0.5%) and specificity of the diagnosis 
grouping. Table 6 describes the groups that showed higher prevalence in the ASD population. 

Figure 2. Diagnosis rates from HealthFacts RI database

Table 5. HealthFacts RI database ASD prevalence by 
gender and age group 
 

Group Number Percentage 
Pediatric Patients (2-21) 328,378 --
ASD Total (Ages 2-21) 8806 2.68% 
ASD- Mental Health 6213 70.55% 
Males 6853 77.82% 
Females 1976 22.44% 
Toddler 387 4.44%
Preschooler 1138 13.04% 
Middle Childhood 1  1418 16.25% 
Middle Childhood 2  1634 18.73% 
Young Teen  1619 18.56% 
Teenager 1425 16.33% 
Young Adult  1103 12.64% 
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Figure 3. Mental Health Comorbidities – All pediatric population compared to ASD pediatric population 

Table 6. Mental health condition statistics from the HealthFacts RI database for ASD pediatric patients ages 2-21 
Mental Health Conditions Pediatric Population (Total: 328378) ASD Population (Total: 8806) 

PheCode Phenotype Total Percentage Total Percentage 
313.1 Attention-deficit/hyperactivity 

disorder (ADHD) 
47110 14.35% 3072 34.89% 

300.0, 300.1, 
300.11, 300.2 

Anxiety disorders 56141 17.10% 2335 26.52% 

315.0 Developmental delays and disorders 16187 4.93% 1506 17.10% 
315.2 Speech and language disorders 20120 6.13% 1454 16.51% 
312.0 Conduct disorders 21221 6.46% 1135 12.89% 
296.2, 296.22 Depression/Major Depressive 

Disorders 
35456 10.80% 945 10.73% 

296.0 Mood disorders 14652 4.46% 893 10.14% 
315.3 Mental retardation 4081 1.24% 683 7.76% 
297.0, 297.1, 
297.2 

Suicidal ideation or attempt/Suicide or 
self-injury 

10575 3.22% 438 4.97% 

300.3 Obsessive-compulsive disorder 4075 1.24% 413 4.69% 
296.1 Bipolar 6301 1.92% 327 3.71% 
300.9 Posttraumatic stress disorder (PTSD) 9085 2.77% 286 3.25% 
312.3 Impulse control disorder 2843 0.87% 165 1.87% 
295.0, 295.1 Schizophrenia/Psychotic Disorders 1182 0.36% 72 0.82% 

Association Rules 

ARM was performed on the pediatric population, ASD, gender, and age groups. Included below are the results for 
several of the top 30 association rules unique to the ASD patient population (Table 7). ARM analysis showed frequent 
combinations of anxiety, mood disorders, ADHD, conduct disorders, and suicidal ideation together. This is visualized 
in the networking diagram shown in Figure 4 of the top 25 rules ranked by chi-square statistic. The combination of 
disorders seen in the middle of the diagram occur frequently together in this dataset. This initial analysis of mental 
health conditions is extremely informative for future studies to design algorithms to help predict patients at risk for 
some of these disorders and the safety concerns associated with them. Anxiety, mood disorders, and conduct disorders 
is validated in the literature through multiple studies seen in patients with ASD.3–9  Suicidal ideation was a diagnosis 
that was somewhat unexpected. An interesting combination of disorders seen frequently in the dataset included 
ADHD, anxiety, mood disorders, and conduct disorders (left hand side) often associated with suicidal ideation due to 
the high chi-square statistic value showing that these are likely not independent of each other. There is little literature 
available on the risk of suicidal ideation or suicide attempt linked to ASD. Future studies are needed to better 
understand the risk of suicidal ideation/attempt or self-harm in this patient population and identify interventions that 
could be specifically tailored for patients with ASD. Figure 5 includes a visualization for the top 30 rules in the male 
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and female ASD groups. The female gender group showed more 
diagnosis patterns centered around depression, which was not seen 
in the top rules for the entire ASD population. Other combinations 
of diagnoses seen in the female group included: anxiety, 
depression, mood disorders, dysthymic disorder, and suicidal 
ideation. Ten of the top 30 rules for the male group focused more 
on conduct disorders, impulse control disorders, and ADHD, but 
overall contained similar rules to the whole ASD population 
association rules. Association rules for each group can be found in 
the supplementary material in the GitHub repository.  

Table 7. Top association rules for ASD patient population 
Association Rules 

Rule lhs rhs chiSquare p-value(𝜒𝜒2) confidence support 
1 {ADHD, Anxiety disorder, Mood disorders, Other mental disorder} {Suicidal ideation} 657.3981 5.50E-145 0.5096 0.0171 
2 {ADHD, Conduct disorders, Mood disorders, Other mental disorder} {Suicidal ideation} 554.7208 1.18E-122 0.4757 0.0158 
3 {ADHD, Anxiety disorder, Conduct disorders, Mood disorders} {Suicidal ideation} 548.5109 2.65E-121 0.4755 0.0156 
5 {ADHD, Anxiety disorder, Conduct disorders, Other mental disorder} {Suicidal ideation} 520.7474 2.91E-115 0.4202 0.0174 
8 {ADHD, Conduct disorders, Suicidal ideation} {Mood disorders} 452.2976 2.28E-100 0.7355 0.0183 
11 {ADHD, Conduct disorders, Other mental disorder, Suicidal ideation} {Mood disorders} 415.3604 2.50E-92 0.7717 0.0158 
12 {Developmental delays and disorders, Mood disorders} {Mental retardation} 413.8745 5.26E-92 0.5374 0.0185 
20 {Anxiety disorder, Mental retardation, Mood disorders} {Conduct disorders} 358.6943 5.42E-80 0.7770 0.0185 

21 
{Anxiety disorder, Developmental delays and disorders, Mood 
disorders} {Conduct disorders} 356.8445 1.37E-79 0.7971 0.0177 

29 {Conduct disorders, Mood disorders} {Bipolar} 316.2073 9.71E-71 0.2426 0.0159 

Sequential Patterns 

The top ordered items of SPM rules were analyzed to see sequential analysis of mental health condition diagnosis over 
time by age of when the first diagnosis appeared within the medical claims ICD-9/10-CM diagnoses (several of the 
top 50 rules can be seen in Table 8). The SPM analysis identified ordered sequences of mental health disorders in the 
dataset. Combinations of different diagnoses commonly showed to result in ADHD included conduct disorders, 
anxiety disorders, mood disorders, and suicidal ideation in a temporal manner. For example, the top SPM rule indicated 
that the combination of {Developmental delays and disorders, Speech and language disorder, and Autism} => 
{ADHD} temporally then resulted in a diagnosis of ADHD with a confidence of 40.5%. Another rule seen with a 
confidence of 29.3% was {Conduct disorders, Autism} => {ADHD} and {Mood Disorders, Autism} => {ADHD}. 
This is validated in literature and ADHD is a very common co-occurring diagnosis with ASD.9,26,39 A RHS rule of 
suicidal ideation was observed several times throughout the top 100 SPM rules. As stated with the ARM results, future 

Figure 5. Networking diagram of the top 30 
association rules for the male and female 
ASD groups. 

Figure 4. Networking diagram of the top 30 association rules 
for the ASD patient population. 
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work is needed to stratify the risk and design predictive models for the risk of suicidal ideation/attempt and self-harm 
behaviors. These are major safety concerns and limited studies have focused on the correlation between suicide and 
ASD.  

Table 8. Top Sequential Pattern Mining (SPM) rules for ASD patient population 
Sequential Pattern Mining Rules 

Rule lhs rhs confidence support 

1 
Developmental delays and disorders, Speech and language 
disorder, Autism  ADHD 0.40566038 0.01333333 

2  Autism ADHD 0.36491557 0.36186047 
3  Mental retardation, Autism Conduct disorders 0.36082474 0.01085271 
4  ADHD, Anxiety disorder, Autism Conduct disorders 0.33766234 0.01612403 
5  Speech and language disorder, Autism   ADHD 0.32231405 0.02418605 
6  Developmental delays and disorders, Autism ADHD 0.3137931 0.02821705 
7  Mood disorders, Autism   Conduct disorders 0.30726257 0.01705426 
8  Developmental delays and disorders, Autism Speech and language disorder 0.30344828 0.02728682 
9  ADHD, Autism Anxiety disorder 0.29606299 0.05829457 
41  Mood disorders, Autism   Suicidal ideation 0.18994413 0.01054264 

Discussion 

Research has indicated that early intervention is key to improving outcomes for patients with ASD. Many research 
efforts have focused on the early diagnosis of ASD; however, not many studies have focused on studying the 
progression of the disorder. Studying the comorbidity profiles and characterizing the safety outcomes for patients with 
ASD is an important focus in the field. Data mining methods leveraging clinical data can be used to identify unknown 
patterns and characterize the risk factors and outcomes leading to these comorbidities. The progression of ASD is 
complex and risk stratification, or the development of tools to predict risk for divergent progressions of ASD, is needed 
to intervene as early as possible and improve outcomes for ASD patients. This study confirmed that mental health 
comorbidities in children with ASD have a high prevalence, generating concern for patient safety.10 Safety concerns 
include suicide attempt and aggressive behaviors that lead to harm to self or others. Implementation of clinical 
interventions using informatics techniques can help improve outcomes for patients with ASD at increased risk for 
these significant safety concerns. 

Analyzing data within a large medical claims database such as HealthFacts RI shows valuable insight into patterns 
and similarities in the patient population. This database was created to be accessible by providers, state agencies, 
researchers, and health systems, and insurers to help identify areas to improve healthcare and reduce costs. Rhode 
Island is an ideal area to obtain more holistic data due to the wide variety of demographic, social and economic factors 
within one entire state. The use of medical claims data in healthcare research has shown to have advantages such as 
large amounts of data, diverse sample sizes, consistent variables, anonymity, and accessibility.40 Although challenges 
exist with medical claims data, the use of ICD-9/10-CM diagnosis codes allow us to gain knowledge about large 
patient cohorts. Previous literature has identified high rates of mental health disorders in patients that have ASD 
compared to the general pediatric population. The results from this study validated that for a majority of mental health 
conditions (PheWAS groupings), there was a higher proportion of diagnoses seen in the ASD population than the 
general pediatric population. ARM showed interesting combinations of comorbidities related to common outputs (rhs). 
Based on the observed patterns and temporal sequences, suicidal ideation, mood disorders, anxiety, and conduct 
disorders may need focused attention prospectively. Understanding more about groupings of ASD patients and their 
comorbidity burden can help bridge gaps in knowledge and make strides toward improved outcomes for patients with 
ASD. Rules with large chi-square included combinations of disorders with a highly similar relationship to suicidal 
ideation as the right-hand side in the majority of rules. This was often missed in the confidence, support, and lift 
measures due to frequency of the condition in the dataset. This is interesting because the unique combinations of 
diagnoses linked with suicidal ideation is a safety concern important to focus on in future work. 

Medical claim datasets are a rich source of information for a large population. This makes it a great data source to 
study, but there are also limitations. Medical claims data only shows billing data, and it is well known that ICD-9/10-
CM codes have some disadvantages and do not represent the whole picture. For example, there were a large number 
of patients excluded from the study because the only diagnosis on file was one for ASD. Mental health conditions are 
often hard to study because much information resides in clinical notes. Due to data incompleteness, future studies will 
look at other data sources including Electronic Health Record (EHR) data and data from current clinical studies for a 
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cohort of ASD patients. These future studies can take into account factors other than diagnosis codes and use 
techniques such as natural language processing to better study patients with mental health comorbidities in the ASD 
population. This study was a preliminary analysis of mental health comorbidities seen in patients diagnosed with ASD. 
The results indicated that patients with ASD have a higher proportion of mental health diagnoses than the general 
pediatric population. ARM and SPM methods identified patterns of comorbidities that are commonly seen among 
ASD patients. Based on the patterns and temporal sequences seen, some disorders that need focused attention in future 
work include suicidal ideation, mood disorders, anxiety, and conduct disorders. Since it is now well-established that 
patients with ASD are at a higher risk of being diagnosed with another mental health disorder, other factors can be 
studied to stratify risk for being diagnosed with specific mental health disorders. Time series analysis and predictive 
modeling can help determine patients who may be at risk for some of these mental health disorders and help prevent 
safety concerns such as suicidal ideation and self-harm. Future work will include the use of clustering techniques to 
subcategorize patients based on their entire comorbidity profile. Additionally, behavioral and mental health clinicians 
will validate the patterns of mental health comorbidities identified in this study as part of formal evaluations. 

Conclusion 

This study aimed to use unsupervised machine learning methods to better characterize patients with ASD, and further 
expand to specifically characterize patterns and similarities for patients with multiple mental health comorbidities. 
Using the HealthFacts RI database, structured ICD-9/10-CM codes were extracted to look at correlated conditions 
across the pediatric patient population. The results indicated that there are common groupings of specific mental health 
disorders that are seen as unique combinations compared to the general pediatric population. We were able to identify 
common combinations of clinically accurate mental health conditions seen in patients with ASD. This was also the 
case for SPM and the order in which these diagnoses first appear by date in the dataset. Further analysis will be done 
to study some of the interactions of conditions not studied extensively up to this point, along with other medical 
comorbidities (other than mental health) for this patient population. These results validated current literature and help 
to inform future work for the design and development of models and algorithms to help predict trajectories and 
outcomes for patients with ASD. 
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Abstract 

Research has demonstrated cohort misclassification when studies of suicidal thoughts and behaviors (STBs) rely on               
ICD-9/10-CM diagnosis codes. Electronic health record (EHR) data are being explored to better identify patients, a                
process called EHR phenotyping. Most STB phenotyping studies have used structured EHR data, but some are                
beginning to incorporate unstructured clinical text. In this study, we used a publicly-accessible natural language               
processing (NLP) program for biomedical text (MetaMap) and iterative elastic net regression to extract and select                
predictive text features from the discharge summaries of 810 inpatient admissions of interest. Initial sets of 5,866                 
and 2,709 text features were reduced to 18 and 11, respectively. The two models fit with these features obtained an                    
area under the receiver operating characteristic curve of 0.866-0.895 and an area under the precision-recall curve                
of 0.800-0.838, demonstrating the approach’s potential to identify textual features to incorporate in phenotyping              
models. 

Introduction 

From 1999 to 2017, the age-adjusted suicide rate in the United States increased 33%, making suicide the 10th                  
leading cause of death since 2008.1,2 Along with opioid overdoses, suicide is part of the “deaths of despair” that                   
reversed progress in U.S. life expectancy down for the third year in a row in 2017.3,4 A complicated web of risk                     
factors has slowed progress toward preventing suicide, though work so far has found that some risk factors such as a                    
suicide attempt in the past year may be more important than others.5 However, underdiagnosis of suicide attempts                 
and the broader category of suicidal thoughts and behaviors (STBs) continues to undermine a complete etiology. 

Diagnoses during healthcare encounters are indicated in electronic health records (EHR) and insurance claims data               
using the International Classification of Diseases (ICD). The United States used the 9th Revision, Clinical               
Modification (ICD-9-CM), which contains over 14,000 diagnosis codes, until October 2015 when it switched to the                
10th Revision, Clinical Modification (ICD-10-CM) that contains over 69,000 codes. Each code is for a different                
diagnosis.6 Researchers, clinical decision support tools, and many others use these ICD codes to identify cohorts of                 
patients with diagnosis(es) of interest, a process called case detection or “EHR phenotyping.” While using these                
codes is an efficient way to create a cohort to study and may be sensitive enough for other conditions, research                    
suggests they may not capture all or even most patients with STBs.7 A recent study in the emergency department                   
setting performed manual chart review and found that only 30% of charts that had suicide attempt documented had                  
the ICD code associated with suicide or intentional self-inflicted injury.8 A similar study of a network of primary                  
care clinics found only 19% of patients whose physician had documented suicide attempt had the corresponding                
ICD code.9  

In response, other EHR data are being explored to better identify patient cohorts. While many of these efforts have                   
focused on structured EHR data, a growing body of literature has incorporated unstructured data (e.g., clinical notes)                 
by applying natural language processing (NLP) to extract, represent, and analyze information captured within              
narrative text.10-19 Given the sophistication of NLP, the complex nature of STBs, and the relative novelty of these                  
techniques to mental health, no consensus exists for a standard approach. The optimal level of NLP standardization                 
is unclear in part due to how features of suicidality, including text features, may differ across geographic, clinical,                  
and sociodemographic factors, among others. The approaches of several studies have involved collecting an initial               
sample of the clinical notes of potential STB-positive cases using keyword searches (e.g., ‘suic’) and heuristic rules                 
(e.g., a potential STB-positive case from clinical text must contain two or more occurrences of the word stem                  
‘suic’). Other studies have developed custom text processing and machine learning programs (e.g., support vector               
machines, random forests). 

Such pioneering approaches have had promising results that are key in empirically demonstrating the value of                
unstructured data. However, these approaches likely take significant time and cognitive effort for teams to               
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pre-process the text and develop exhaustive lists of potential keywords and rules. Such pre-processing and lists may                 
not transfer well to other settings with different expertise and documentation trends. Therefore, it is worthwhile to                 
explore other text feature selection methods that may be more easily reproduced and modifiable. The present study’s                 
contribution toward this goal is an approach that combines a knowledge-intensive and publicly available NLP tool                
along with an accessible statistical feature selection method for STB prediction studies using text features. Patient                
admissions with intentional or unintentional drug overdose were selected as the initial application because intent is                
particularly difficult to determine and the potential to identify discriminative text features was of interest.20  

Methods 

Overview 

The methodological approach consisted of four core steps: (1) development of a sensitive data mart, (2) text feature                  
extraction, (3) text feature selection, and (4) evaluation. Discharge summaries from relevant admissions in the               
Medical Information Mart for Intensive Care III (MIMIC-III) database were extracted and run through the MetaMap                
NLP system. A set of salient concepts identified by MetaMap were used as features to represent each document. The                   
resulting high-dimensional feature matrix was further reduced via feature selection with penalized regression.             
Logistic regression models were fit based on the features selected by the penalized regression process, and then                 
these models were used to predict classification in the validation dataset. The details of the data and each step in the                     
approach are described in the sections below. 

Data source 

The study used discharge summaries from the MIMIC-III database containing EHR data for more than 60,000                
intensive care admissions between 2001 and 2012 at Beth Israel Deaconess Medical Center in Boston,               
Massachusetts.21 Discharge summaries were selected over other EHR document types because of their availability,              
comprehensiveness, and level of detail. As in other STB phenotyping studies, we identify a subpopulation of                
patients at higher risk for STBs: patients treated for an overdose. By selecting a patient population at higher risk for                    
STBs, we follow an established EHR phenotyping practice that addresses the low prevalence of STBs in the broader                  
EHR population while also acknowledging that different clinical subpopulations may have STBs documented             
differently.22 Given the observations of interest were admissions of patients with a non-fatal overdose or suicide                
attempt by poisoning, the inclusion criteria for an admission were: (1) at least one discharge summary document, (2)                  
patient discharged alive, and (3) at least one diagnosis code matching the ICD-9-CM criteria in Table 1. The                  
diagnosis criteria used ICD-9-CM codes because the admissions are from 2001 to 2012, before the United States                 
changed to ICD-10-CM in 2015. These diagnosis code criteria were adapted from a guide published by the Centers                  
for Disease Control and Prevention.23 

Table 1. Diagnosis Criteria and Outcome Labels 

Text feature extraction 

The discharge summaries for these admissions were extracted from MIMIC-III and each discharge summary was               
processed using MetaMap. MetaMap is a program developed and maintained by the National Library of Medicine                
(NLM) to map biomedical text to the Unified Medical Language System (UMLS) Metathesaurus. MetaMap is               
flexible in how it processes input text, evaluates potential UMLS Metathesaurus mappings, and generates output.24               
The present study used MetaMap Indexing (MMI) fielded output.25 The process resulted in one output document for                 
each input discharge summary document, where each output document contained a list of all the UMLS concepts                 
assigned by MetaMap to the discharge summary. The text feature extraction process is shown in Figure 1.  
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Figure 1. Methods Pipeline: Text Feature Extraction 

An example of MMI output is in Figure 2. Each row in Figure 2 represents a mapping between a UMLS concept and                      
a trigger word or phrase in the input document. Within each row are pipe-delimited fields, each containing                 
information about attributes of the concept mapped.  

Figure 2. Example of MetaMap Output 

For the present study, the UMLS concept unique identifier (CUI), UMLS preferred name of the concept, negation,                 
and the concept’s UMLS semantic type were most relevant. In the UMLS Metathesaurus, each concept is assigned a                  
unique ID called a CUI. In Figure 2, the concept preferred name and its CUI are in the second and third                     
pipe-delimited fields of each row. Similarly, each concept is assigned a biomedically meaningful category called a                
semantic type.26 In MMI output, the semantic type abbreviation can be seen in the fourth pipe-delimited field of each                   
row as shown in Figure 2. For example, many concepts identified in the discharge summaries in this study had the                    
semantic type “inpo” (i.e., “Injury or Poisoning”), which is shown in the second row of Figure 2. Finally, a negation                    
flag indicates if a concept is negated. The flag is 1 if negated, 0 otherwise, and is located at the end of the fifth                        
pipe-delimited field.  

Each MetaMap output file was ingested and combined        
into a single dataset of one-hot encoded UMLS CUI         
features, where each CUI was a binary feature indicated         
by 1 if the CUI was present in the discharge summary for            
a given hospital admission or 0 if it was not present.           
Similar to a bag-of-words representation that describes       
the occurrence of words in a document, this is a          
bag-of-CUIs approach that does the same by describing        
the occurrence of CUIs in a discharge summary        
document. Before using any machine learning methods,       
semantic type and negation criteria for CUI feature        

inclusion were applied to reduce the number of features, p. A CUI had to be (1) non-negated and (2) belong to one                      
of the semantic types listed in Table 2, which were selected based on their prima facie relevance to suicide attempts.                    
This step reduced the number of features to 5,866. The breakdown by semantic type can be seen in Table 2. Initially                     
excluded, the “Finding” semantic type was retained because five of the seven explicit suicide concepts extracted                
belonged to it.  

The outcome labels were also binary and based on the ICD-9-CM codes in Table 1, where an admission with a                    
suicide attempt code (i.e., E950.0-E950.4 or E950.9) was labeled with 1 and 0 if not. Even after pragmatic steps to                    
reduce the number of features, the two datasets had 5,866 or 2,709 features (5,866 − 3,157 “Finding”), making                  
suicide attempt classification among these admissions a p >> n problem.  

Text feature selection 

Figure 3 provides an overview of the text feature selection and evaluation processes. Elastic net logistic regression                 
was used for further feature selection. The elastic net is a method that combines L1- and L2-regularized regression,                  
also known as least absolute shrinkage and selection operator (LASSO) regression and ridge regression,              
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respectively.27 Thus, the elastic net takes advantage of the tendency of LASSO to eliminate features, but accounts for                  
groups of correlated features, which LASSO does not do. The elastic net equation to be minimized is in Figure 4.                    
The balance between the LASSO and ridge penalties is controlled by the hyperparameter α and ƛ determines the                  
magnitude of the combined penalty.  

Figure 3. Methods Pipeline: Text Feature Selection and Evaluation 

A second option for ƛ is the value that most regularizes 
the model within one standard error of the minimum, 
ƛ1se. Given a core objective of the present study was to 
provide a parsimonious set of CUI features that are most 
relevant to classification, ƛ1se is used. Two other 
important method specifications were setting α to 0.5 
and performing elastic net over many iterations to identify the most relevant CUI features. 

As mentioned, glmnet uses k-fold cross-validation to tune ƛ. The default is ten folds and that is maintained in this                    
study. It is important to consider that each cross-validated fit splits the data into a different set of k folds, which                     
means the optimal ƛ and the CUI features kept in the model will change from one fit to another. To address this                      
instability, 100 iterations of the 10-fold cross-validated fit were run. A CUI feature needed to be non-zero in all 100                    
of the iterations in order to be used in the final logistic regression model. 

Since more than 54% of CUI features belonged to “Finding” and these were included because of a hesitancy to                   
exclude the five suicide concepts among them, an important objective of the study was to explore the benefit of the                    
“Finding” CUIs. To that end, the iterative fit process was performed separately to two datasets, a “Full” dataset                  
containing all 5,866 features, including the “Finding” CUI features, and a “Reduced” dataset without the “Finding”                
CUI features. The two processes each yielded a set of CUI features that appeared in all 100 iterations. Two final                    
logistic regression models were fit, one for each set, and their performance compared. 

Evaluation 

The performance of the two final logistic regression models was evaluated using precision, recall (i.e., sensitivity),                
the precision-recall (PR) curve, area under the PR curve (AUC-PR), specificity, the receiver operating characteristic               
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(ROC) curve, and area under the ROC curve (AUC-ROC). Precision, also known as positive predictive value, is the                  
ratio of the correct positive predictions to the total predicted positives. In other words, precision measures the                 
probability that a positive prediction from the classifier is correct. Recall, also known as sensitivity or the true                  
positive rate, is the ratio of the correct positive predictions to the overall number of truly positive cases. Recall                   
expresses the probability that the prediction will be positive, given that the true status of the case is positive.                   
Precision and recall are often useful when there are a small number of cases among many controls because they                   
focus on the performance of a classifier to identify positive cases correctly. Such a situation is common for STB                   
classification and a naive model that predicts all observations in a test set as negatives could be perceived to have                    
high accuracy because of how well it identifies true negatives. Since precision and recall do not measure true                  
negatives, they avoid this pitfall. 

It is often desirable to consider precision and recall together, which is done with the F1 score, PR curve, and                    
AUC-PR. The F1 score is the harmonic mean of precision and recall and provides a measure of the tradeoff between                    
them at a set probability threshold. While the F1 score measures performance at a set probability threshold, the PR                   
curve plots precision and recall at varying probability thresholds. Additionally, AUC-PR is a summary of how well                 
the model identifies cases and is essentially the precision averaged over recall values from 0 to 1. The baseline for                    
AUC-PR is the prevalence of cases. 

The prevalence of suicide attempts among admissions with an overdose, the population of focus in the present study,                  
was high and meant the data were more balanced than what might be observed among a broader population.                  
Therefore, ROC curves and AUC-ROC were also used for evaluation. A ROC curve plots the recall (i.e., sensitivity)                  
against (1 − specificity) of a classification model. Specificity, also known as negative predictive value, is the ratio of                   
correct negative predictions to the correct negative predictions and incorrect positive predictions (i.e., how many               
actual negative cases are predicted correctly). Subtracting specificity from 1 gives the false positive rate. The ROC                 
curve shows the tradeoff between sensitivity and (1 − specificity) at different outcome probability thresholds               
predicted by a model. Additionally, the AUC-ROC is a value between 0 and 1 that is used to summarize the                    
accuracy of the classifier in discriminating between cases and controls. The closer to 1 the AUC is, the better, with                    
an AUC of 0.5 being random chance. Still, precision and recall are most useful when class imbalance exists and                   
identification of positive cases is particularly important, as is the case for STB classification.  

Results 

There were 810 admissions that met the inclusion criteria. Of the 810 admissions, there were 383 coded suicide                  
attempts (i.e., prevalence = 47.3%) and 427 overdoses not explicitly coded as suicide attempts. A 70/30 train-test                 
split yielded a training set of 567 admissions and a test set of 243 admissions. The test set contained 109 coded                     
suicide attempts (i.e., prevalence = 44.9%) and 134 admissions not coded as suicide attempts.  

In the elastic net fit process for the full model, 18 CUI features were kept in all 100 iterations. The average ƛ1se was                       
0.086. In the fit process for the reduced model, 11 CUI features were kept in all 100 iterations. The average ƛ1se                     
was 0.092. The sets of 18 and 11 CUI features were selected out of 5,866 total CUI features that met the initial                      
semantic type inclusion criteria. 

The logistic regression model fits with each set of CUI features can be seen in Table 3. The table also includes the                      
frequency counts of the presence of the CUI by outcome as well as the semantic type of the CUI. Seven of the 18                       
features had the “Finding” semantic type, and those seven are the difference between the set of features selected                  
from the full data and the set of features selected from the reduced data. There are no CUI features in the set from                       
the reduced data that are not included in the set from the full data. In the full model, 11 features have statistically                      
significant odds ratios (OR) that range from 0.11 to 11.18. In the reduced model, 9 features have statistically                  
significant odds ratio (OR) coefficients that range from 0.14 to 11.49. For example, in the reduced model an                  
admission which has the CUI “C0038663 Suicide Attempt” in the discharge summary is 11.49 times as likely to                  
have been coded as a suicide attempt as one that does not have the CUI in the discharge summary. Another example                     
is the CUI feature “C1306597 Psychiatric Problem,” which has an OR of 1.85 in the full model. This can be                    
interpreted as follows: an admission with the CUI in the discharge summary is 1.85 times as likely to have been                    
coded as a suicide attempt as one that does not have the CUI in the discharge summary. 
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Table 3. Logistic Regression Full and Reduced Model Summaries 

feature Odds Ratios [95% CI] Frequency of CUI = 1 Semantic Type 
Full Reduced Suicide Attempt 

(n = 109) 
Not Attempt 

(n = 134) 

Intercept 0.26** 
[0.12, 0.58] 

0.15*** 
[0.08, 0.26] 

NA NA NA 

C0011570 Mental Depression 1.14 
[0.39, 3.37] 

1.37 
[0.57, 3.34] 

72 61 Mental or Behavioral 
Dysfunction 

C0020538 Hypertensive Disease 0.49* 
[0.26, 0.90] 

0.42** 
[0.24, 0.73] 

26 61 Disease or Syndrome 

C0023890 Liver Cirrhosis 0.11** 
[0.02, 0.46] 

0.14** 
[0.03, 0.50] 

1 12 Disease or Syndrome 

C0029944 Drug Overdose 1.59 
[0.22, 9.33] 

2.58*** 
[1.52, 4.42] 

85 69 Injury or Poisoning 

C0038661 Suicide 7.15*** 
[2.59, 23.97] 

NA 23 3 Finding 

C0038663 Suicide Attempt 1.83 
[0.74, 4.46] 

11.49*** 
[6.83, 19.85] 

82 25 Injury or Poisoning 

C0085281 Addictive Behavior 0.30* 
[0.08, 0.87] 

0.19** 
[0.06, 0.55] 

1 17 Mental or Behavioral 
Dysfunction 

C0344315 Depressed Mood 1.69 
[0.56, 4.90] 

1.66 
[0.67, 4.08]  

75 65 Mental or Behavioral 
Dysfunction 

C0438696 Suicidal 3.74* 
[1.12, 14.83] 

5.78** 
[1.88, 20.74] 

11 2 Mental or Behavioral 
Dysfunction 

C0455503 History of (H.O.) Depression 1.42 
[0.72, 2.81] 

NA 24 17 Finding 

C0748061 Psychiatric Hospitalization 9.82*** 
[2.95, 39.31] 

8.46*** 
[2.85, 30.90] 

17 4 Mental or Behavioral 
Dysfunction 

C1306597 Psychiatric Problem 1.85* 
[1.02, 3.37] 

2.16** 
[1.29, 3.65] 

65 35 Mental or Behavioral 
Dysfunction 

C1535939 Pneumocystis Jiroveci Pneumonia 0.58(.) 
[0.32, 1.03] 

0.52* 
[0.31, 0.89] 

45 59 Disease or Syndrome 

C3838679 4+ Answer to Question 0.43* 
[0.20, 0.92] 

NA 83 110 Finding 

C4018909 Overdose 1.73 
[0.30, 11.94] 

NA 82 63 Finding 

C4084795 PSA Level Less than Five 0.63 
[0.30, 1.29] 

NA 76 106 Finding 

C4554104 Suicidal Ideation, Common Terminology 
Criteria for Adverse Events (CTCAE) 

3.36** 
[1.40, 8.41] 

NA 27 8 Finding 

C4554105 Suicide Attempt, CTCAE 11.18*** 
[4.35, 29.76] 

NA 78 18 Finding 

A threshold predicted probability of 0.5 or greater was used, and the resulting confusion matrix, F1 score, precision,                  
recall, AUC-PR, and AUC-ROC for each model can be seen in Tables 4a and 4b. The model fit from the full model                      
has slightly worse precision, meaning the suicide attempts it predicts are less often actual suicide attempts than the                  
reduced model. Conversely, the full model has better recall than the reduced model, meaning its predicted suicide                 
attempts identify more of the actual suicide attempts. The difference in the two models’ recall scores is larger than                   
their difference in precision, which is why the F1 score of the full data model is larger. 

The PR curves for each model are in Figures 5a and 5b. The full model had an AUC-PR of 0.838 and the reduced                       
model had an AUC-PR of 0.800. Both are a marked improvement over the baseline of 0.449 (i.e., prevalence in test                    
data). The ROC curves for each model are in Figure 6. The full model had an AUC-ROC of 0.895 and the reduced                      
model had an AUC-ROC of 0.866. 
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 Figure 5a. Precision-Recall Curve, Full Model  Figure 5b. Precision-Recall Curve, Reduced Model 

 Figure 6. Receiver Operating Characteristic Curve 

Discussion 

The present study evaluated an approach to text feature extraction and selection that blends two strategies. First, it                  
takes advantage of MetaMap, a publicly available natural language processing tool and MetaMap’s output as               
decision rules for initial CUI feature selection. Second, the approach uses elastic net penalized regression to reduce                 
the number of features to as few as 11. In addition to being conceptually accessible and easily modified, the hybrid                    
strategy allows for the exploration of downstream effects, including performance, of a decision like the CUI                
inclusion criteria based on semantic type. For example, the present study explored what performance tradeoff, if any,                 
exists for including those suicide-related “Finding” CUIs that intuitively seem important but whose inclusion means               
sifting through many other “Finding” CUIs that are likely unimportant for the context. Interestingly, the average                
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magnitude of ƛ1se was quite small at 0.086 and 0.092 for the full and reduced data, respectively, but resulted in                    
more than 99.6% reduction in features selected for the models. For models that include only CUIs, AUC-PRs of                  
more than 0.80 and an AUC-ROC of almost 0.90 were better than expected. The PR curve for the reduced model                    
drops after recall of around 0.20 and steadily decreases until 0.70 when it drops again and sharply decreases. In                   
comparison, the PR curve for the full model maintains a higher precision with occasional stepped drops and a sharp                   
decrease after recall of 0.80. This could suggest the full model’s ability to classify as positive only those cases                   
actually positive while continuing to increase its coverage of the actual positive cases. 

The two sets of CUI features produced by the elastic net processes included intuitive features: CUIs that explicitly                  
mention suicide and suicide attempts as well as CUIs that relate to psychiatric conditions and hospitalization.                
However, they also include features that do not immediately make sense and warrant further exploration. For                
example, C3838679 4+ Answer to Question and C4084795 PSA Level Less than Five do not appear related to                  
suicide attempt classifications. A review of the MetaMap output for these two CUIs showed that the trigger words                  
were exclusively “4” for C3838679 4+ Answer to Question and “5” for C4084795 PSA Level Less than Five. The                   
triggers did not include any other words. Discharge summaries, including those in the present study, often have                 
numbers in the form of numbered lists or quantities, and that is likely what caused these two errant CUIs. It is likely                      
these occurrences could be managed using MetaMap’s processing options or pre-processing (e.g., removal of              
numbering or selecting specific sections in the discharge summary). However, it is important to reiterate the intent                 
of the study was to avoid barriers to reproducibility by relying on statistical feature selection techniques in lieu of                   
significant pre-processing expertise. 

The primary goal was to identify CUIs for inclusion in more comprehensive models that contain structured                
sociodemographic and clinical data. The intent is not to suggest classification models which only contain CUIs or                 
text features. Therefore, while the models’ ORs are not at their core crucial to the overall objective, they are still                    
worth briefly discussing. Such wide confidence intervals for many of the ORs is due to the sparsity of the data and                     
how well the presence of certain features separated cases and controls for suicide attempt.  

Within the context of the present study, performance and diagnostic metrics serve as a proof of concept for a                   
pipeline that is able to process unstructured text and perform feature selection while maintaining replicability,               
customization, and explainability to stakeholders who may not be experts in statistics or informatics. Future work                
will focus on six areas that would build on the study: (1) obtaining gold standard outcome labels, (2) using a                    
different type of clinical document or different NLP system, (3) incorporating structured data, (4) exploring effects                
of adjustments to pragmatic inclusion criteria around negation and semantic type, (5) additional tuning of the elastic                 
net and final model fitting process, and (6) exploring other machine learning approaches for comparison. 

It is important to acknowledge the source of the outcome labels. The labels were ICD-9-CM codes that are assigned                   
by hospital coders based on their review of the patient chart and documentation. They are not labels designated by                   
trained clinicians with a structured process of retrospective chart review and inter-rater agreement evaluation via               
Cohen’s kappa. This means the study itself did not have the objective of identifying missed cases of suicide attempt,                   
though the pipeline and methods are in service of that effort. It is likely performance may change if gold standard                    
labelling by trained clinicians was performed with the training and test data.  

There are several other sources of clinical text besides the discharge summary, including chief complaints, progress                
notes, case management notes, and consult notes. Discharge summaries were selected because of their              
comprehensive nature. Each of these other types of notes are documented for different purposes. Consult notes could                 
be particularly useful for patients with STBs as a consultation by a psychiatrist may be requested to determine the                   
nature of an injury and suicidality of a patient. Processing and using the specialized text of the consult note could                    
reveal nuanced insights. MetaMap was selected out of pragmatism and availability. It has several options that impact                 
how it maps text to UMLS concepts. Exploring these options may be beneficial, especially if they can serve as                   
further upstream feature selection. There are also other NLP systems besides MetaMap, including Apache clinical               
Text Analysis and Knowledge Extraction System (cTAKES) and Clinical Language Annotation, Modeling, and             
Processing (CLAMP). Both cTAKES and CLAMP are accessible, intended for clinical text, and merit further               
consideration and comparison. 

The present study focused on text feature extraction and selection techniques. The resulting feature matrices were                
sparse and incorporating structured EHR data would likely improve the performance of the classifier. There are                
myriad structured EHR features, ranging from administrative and demographic information such as length of stay or                
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insurance type to clinical features such as lab values and survey tool responses. Several studies have explored which                  
of those features are most promising in predicting STB risk, and a useful next step may be adding text features                    
selected using a process similar to the one demonstrated here. 

As mentioned, CUI features were only included if they were not negated in order to maintain clear interpretation of                   
ORs that resulted from final model fits. Especially if there were situations where a CUI was negated for one                   
admission and not for another. Interpreting these would be challenging. Additionally, the choice of which semantic                
types are most relevant is subjective and exploring further the effect of using them as inclusion criteria is                  
worthwhile.  

One area of computational future work is tuning α to find the optimal value rather than selecting 0.5. This can be                     
done via k-fold cross-validation in the same way ƛ1se was tuned. Additionally, the selection of 100 iterations versus                  
1000 iterations or some other number was in part due to the time to run the program. Finally, moving from one-hot                     
encoded features to term frequency inverse document frequency or a more complex representation like word2vec               
embedding would add useful information to the process and final model fits. Next steps also include implementing                 
additional types of classification algorithms for comparison. Other studies have used support vector machines,              
random forests, neural networks, and logistic regression, among others. An important consideration for presenting              
alternative models is the transparency of the model and how important that is for its final use, especially for work as                     
sensitive as labeling a previously unlabeled patient as having STBs. 

Conclusion 

Predicting STBs and identifying those most at risk continues to be difficult and there is evidence that STBs are                   
missed when case definitions rely solely on ICD codes. Researchers have increasingly used machine learning               
approaches with structured EHR and claims data for STB phenotyping. Several are adding unstructured clinical               
notes data to their efforts, but there have been persistent barriers to efficiently processing these data into something                  
usable for models that might end up deployed in support of real-time clinical decision making. The present study                  
presents a flexible approach to doing so by using both pragmatic choices and statistical feature selection methods,                 
demonstrating promising results. As NLP becomes more mainstream in STB research, processing pipelines that are               
reproducible and modifiable will be key.  
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Abstract 

Rapidly increasing costs have been a major threat to our clinical research enterprise. Improvement in appointment 

scheduling is a crucial means to boost efficiency and save cost in clinical research and has been well studied in the 

outpatient setting. This study reviews nearly 5 years of usage data of an integrated scheduling system implemented at 

Columbia University/New York Presbyterian (CUIMC/NYP) called IMPACT and provides original insights into the 

challenges faced by a clinical research facility. Briefly, the IMPACT data shows that high rates of room and resource 

changes correlate with rescheduled appointments and that rescheduled visits are more likely to be attended than non-

rescheduled visits. We highlight the differing roles of schedulers, coordinators, and investigators, and propose a 

highly accurate predictive model of participant no-shows in a research setting. This study sheds light on ways to 

reduce overall cost and improve the care we offer to clinical research participants. 

Introduction 

U.S. health care costs in 2018 totaled $3.6 trillion, or $11,172 per person, according to the Centers for Medicare & 

Medicaid Services [1]. Due to these continuously rising expenditures, extensive effort has been made to curb costs 

with one key focus being appointment scheduling as it serves the primary purpose of providing timely access to health 

services [2]. Despite its importance, previous research has highlighted a number of deficiencies in current scheduling, 

where missed participant appointments, waste of participant and clinician time [3], and logistical confusion have 

caused a serious problem for healthcare institutions across the country [4]. Research has also been prioritized to predict 

missed appointments, or ‘no-shows,’ which have been shown to increase delays for other participants, increase health 

care costs, and increase the likelihood of adverse health outcomes [5-7] while reducing these ‘no-shows’ has been 

shown to improve efficiency and resource utilization, improve staff satisfaction, and leads to better health outcomes 

[8 9]. As such, appointment scheduling has been a key area of research in the routine clinical care/research space. 

Rising costs are also a significant issue in the field of clinical trials. With an average single trial cost of $19 million 

[10] and a projected global expenditure of $69.8 billion by 2027 [11], boosting clinical efficiency is crucial in this 

field where costs are rapidly becoming prohibitive. Randomized clinical trials provide high-quality medical evidence 

to guide medical decision-making, but their high cost severely threatens the clinical research enterprise [12], 

highlighting a need for novel approaches to cost-cutting. Research settings also commonly have unique logistical 

requirements for visit scheduling, including the need for specialized equipment or resources [13], the constraints from 

complex study calendars[14 15], lack of staff support [16], and the burden of in-office participant recruitment which 

can be a time-consuming disruption of normal clinical workflow [17]. However, little previous research has 

investigated the unique needs and opportunities of appointment scheduling in clinical research. 

One way to boost efficiency and save cost in such an environment involves the coordination of regular clinical visits 

with the more restrictive research appointments, though this is no trivial task. There is a designated schedule for 

research visits (the study calendar), and these visits can have very strict time windows (such as “visit one must occur 

one month, plus or minus fifteen days, after the randomization visit” or "Chest X-ray will be done at 6 day+/-1, 12 

day+/-1, 18 day+/-1, etc. during the treatment period.”) and as such, clinical research coordinators (CRCs) often 

perform this task manually to ensure they are scheduled within the protocol-defined windows [18]. Additionally, 

different visits might require different time commitments, with some visits including only a blood draw while others 

might also include regular imaging studies or additional diagnostic tests. It frequently falls to the CRCs to find a date 

when all resources are available and there is sufficient time to accomplish all of the required tasks. 

In order to address this pressing concern, we have previously designed and validated the Integrated Model for Patient 

Care and Clinical Trials (IMPACT) software system to coordinate research visits with participant clinical care visits 

in academic medical centers, with its technical design previously reported in [19]. By providing access to both clinical 

schedulers and research coordinators and by connecting electronic medical records with clinical research visits for 
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clinical trial participants, this IMPACT system allows for far greater optimization of available resources and 

coordination between clinical and research needs. Since its adoption within our CTSA Program hub in 2014, IMPACT 

has enabled paperless scheduling in our Clinical Research Resource (CRR) outpatient research units and improved 

clinical research efficiency, team awareness, and collection of fine-grained quantitative measures to facilitate dynamic 

and collaborative research resource management for clinical research sites. According to previous evaluations with 

clinical research coordinators in CRR, IMPACT demonstrated better usability than existing clinical research 

scheduling functionality provided by various software platforms, including WebCAMP [20], and other general-

purpose scheduling software such as Microsoft Outlook. 

IMPACT has been in use in adult services since 2014 and expanded to include pediatric services starting in 2017 with 

a warm reception by clinical research staff members. As of March 2020, IMPACT has served > 180 clinical trial 

studies and is being used by > 150 clinical research coordinators, serving > 1200 appointments each month. However, 

due to our institution’s recent migration to Epic, IMPACT will be phased out later in 2020. Before its retirement, 

IMPACT still has a mission, which is to help us understand and characterize clinical research visit scheduling and 

identify where opportunities and challenges reside. This study collected longitudinal data over its 5 years of clinical 

use and provides original and unique insights into clinical scheduling in one research setting. Leveraging this expanse 

of collected data, we explore both participant and employee characteristics surrounding outpatient visits, participant 

attendance, ways to improve scheduling efficiency, and develop a statistical model to identify participants at high risk 

of missing visits or canceling ahead of time in a clinical research setting. We also discuss the implications and possible 

generalizability of our findings. Finally, this data can serve as a valuable bench mark to compare with the research 

scheduling efficiency using Epic in the future.  

METHODS 

Iterative Participatory Design of IMPACT 

There are four roles within the CRR: Scheduler, Coordinator, Investigator, and Administrator. Both the scheduler 

and administrator are employees of the CTSA whereas the coordinator and investigator, in our model, are employees 

of various departments within the broad campus of CUIMC/NYC. Their job descriptions are as follows: Schedulers 

primarily work at the front desk and focus on scheduling, rescheduling, and cancelations based on communication 

with research team members. They are also responsible for approving or rejecting appointments directly requested by 

Coordinators within IMPACT. Coordinators are primarily responsible for managing various research protocols at 

CUIMC/NYP and require the use of CRR resources, including IMPACT. Coordinators are allowed to request 

appointments, pending review and approval by Schedulers, but are not able to cancel, reschedule, or register new 

participants. Investigators conduct or collaborate on research protocols at CUIMC/NYP and have the same privileges 

within IMPACT as Coordinators. Administrators are primarily responsible for normal database operation, though 

they may aid in scheduling events on rare occasions. Of note, all appointments are listed as “Scheduled” upon creation 

of the appointment and are expected to be updated accordingly following the visit so visits remaining as “Scheduled” 

were removed from the following analyses. 

Figure 1. Sample screenshot of the IMPACT scheduling tool for Schedulers (left side) and Coordinators (right side) 
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We started the development of IMPACT in 2010 following an inclusive, iterative process that used ideas and feedback 

from various stakeholders in the appointment scheduling workflow. Early aims of the project centered around a simple 

scheduling tool, but in collaboration with clinical research coordinators and investigators, increased emphasis was 

placed on creating a collaborative platform between research coordinators and schedulers to improve appointment 

scheduling. Beyond cooperation alone, customized user views were created for each role in the clinical research team 

based on their intended usage (e.g. schedulers view the calendar week-by-week for better appreciation of daily 

availability, coordinators view the calendar month-by-month for faster review of upcoming visits and protocol needs 

as seen in Figure 1). Specific workflow rules were also put in place based on the user’s role for a more streamlined 

collaboration as described above. Finally, the IMPACT tool was connected to other clinical databases (e.g. 

WebCAMP) within CUIMC/NYP to automate necessary and repetitive tasks often performed when scheduling 

participant appointments. Prototyping and software evaluation was completed using Participatory Design methods in 

2014, when the final product was implemented in the Clinical Research Resource (CRR) at Columbia University’s 

Irving Institute for Clinical and Translational Research (IICTR), the recipient of a Clinical and Translational Science 

Award (CTSA). This product has a simplified design of [19], since some of the research-focused elements described 

in the original project were removed due to logistic or technical restrictions.  

Data Collection 

Appointment scheduling information was collected from July 1st, 2014 to December 31st, 2019. Log data were 

collected automatically by IMPACT with two main classes of user activities: 1) logins and 2) appointment creation 

and modification. Logins records are created when a successful validation of user credentials from a Central 

Authentication Service (CAS) is received. When Schedulers create appointments, an appointment record is created 

with a “Scheduled” status along with the details of the appointment including the creation time, the start and end time  

stamps, the resources required, the research study staff overseeing the visit, and the covering physician. If research 

study staff (Coordinators, Investigators) create an appointment, the appointment is registered with a “Pending” and a 

Scheduler may approve the appointment (moving it to “Scheduled”) or reject it (changing status to “Rejected”). 

IMPACT also allows the research study staff to modify existing appointments such that if an appointment has a time 

change or resource change, it is considered a rescheduled appointment. This action marks the existing appointment 

record in the database with a “Rescheduled” status (or “Rescheduled by Moderator” if a Scheduler changes the visit) 

and creates a new appointment record with the updated information while both of these records maintain a single 

visit_id to allow for later joining of these 

appointments. For clarity through the remainder 

of this manuscript, appointment will refer to all 

events scheduled in IMPACT and visits will refer 

to all events included in and leading up to an end-

stage patient encounter: Cancelled, Missed or 

Completed. This includes any reschedules 

appointments beforehand. This status flow is also 

depicted in Figure 2. Rooms are located on a 

single floor in the hospital except for rooms 

marked VC3 which are located on the third floor 

of a separate building nearby. Additionally, two 

clinicians have separate rooms for their own 

participants and their names have been changed 

to Doc1 and Doc2 to maintain anonymity. 

Data Analysis 

For each appointment, a variable was created titled scheduled_ahead which measured the difference between the 

scheduled date and appointment date. For rescheduled visits, leveraging the visit_id described above, relevant 

appointments could be linked and to identify changes within rescheduled visits, the appropriate characteristic (e.g. 

covering MD, room) was collected for the first appointment and the final appointment within the single rescheduled 

visit and compared. A ratio was also generated for each room called the outflow_ratio, which was calculated as # 

visits changed out of the room / # visits changed into the room, where ratios close to zero have more visits changed 

into the room, high ratios have more visits changed out of the room, and ratios of one have an even number of visits 

changed into and out of the room. 

Figure 2. Visit status flow outlining temporary status (yellow) and final 
status (green). Visit count in each status also included. 
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To analyze room reservation time, the total amount of time for scheduled visits and the total amount of time where a 

room was active (between check_in and check_out) was summed for each room and each day, accounting for 

overlapping time periods. The rooms were then grouped according to their designated use and the scheduled time and 

active time were averaged, excluding weekends. To measure time to reschedule, a room was considered vacated when 

a scheduled appointment was rescheduled to a different time or canceled and the time from cancellation/rescheduling 

to the creation of a new appointment was considered the “time to reschedule.” The vacated room designation was 

temporary and the room could be scheduled or filled by another appointment. A chi-squared test was conducted for 

all categorical variable comparisons with a p < 0.05. 

Usage Statistics 

Usage statistics were calculated for all users according to their designated role within the department: Scheduler, 

Coordinator, Investigator, and Administrator. The beginning and end of each session was recorded as the time of login 

and the logout, respectively, for billing purposes and session time is the total time between start and end of each 

session. Of note, closing the active browser window did not register a logout time so the end of a session was inferred 

from the time of last activity when no logout time was collected. Additionally, the IMPACT tool had a login-cookie 

expiration time of 20 minutes so any period of inactivity greater than 20 minutes forced the user to re-login to the tool. 

Sessions where at least one appointment was scheduled or modified were considered to be active. Only staff who had 

at least one login attempt to the IMPACT tool were counted for this analysis. 

Predictive Modeling 

Using the collected data, a predictive classification model was generated to identify participants at high risk of missing 

visits. For large-scale prediction and classification tasks, generalized linear models such as logistic regression are 

widely used due to their scalability and interpretability, but they often struggle to utilize feature combinations which 

rarely occur in historical data. Embedding-based models are more capable in finding new feature combinations by 

learning a low-dimensional dense vector (e.g. embedding) for each item or feature, although these models require a 

much larger number of parameters when compared to generalized linear models. 

To find the most accurate 

predictive model and demonstrate 

usability for prediction tasks, three 

different models were tested here. 

Logistic regression, a simple 

neural-network classifier with a 

multi-layer perceptron (MLP), and 

a wide-and-deep model that has 

advantages of both generalized 
linear and embedding-based 

models. Figure 3 depicts the basic 

structure of the models. Raw 

sparse features from the collected 

data are used in both the logistic 

regression model and the wide 

component of the wide and deep 

model.  

Table 1. Features used for visit no-show predictive model. 

Feature Feature 

Type 

Description 

start_dt numeric Time of appointment. 

visit_range categorical “early morning”, “late afternoon”, 

“lunch time”, and “common hours.” 

scheduled_duration numeric Duration of scheduled appointment. 

scheduled_ ahead numeric Days ahead when appt is scheduled. 

canceled_pct numeric Ratio of canceled/total appointments. 

completed_pct numeric Ratio of completed/total appointments. 

missed_pct numeric Ratio of missed/total appointments. 

rescheduled_ pct numeric Ratio of rescheduled/total appointments. 

has_service categorical If there is an addtl. service scheduled 

was_ rescheduled categorical If the visit was previously rescheduled 

num_ reschedules numeric Number of times visit was rescheduled. 

is_clinical_trial categorical Is study registered as clinical trial. 

allow_peds categorical If trial allows participants < 18yo. 

Figure 3. Logistic Regression (left). Wide and Deep Model (middle). MLP Classifier (right). 
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Dense features are processed from the raw sparse 

features, then fed into the neural network of MLP 

classifier and the deep component of the wide and 

deep model. Dimensions of the dense features and 

the number of fully connected layers in the MLP 

classifier and the wide and deep model are 

hyperparameters tuned later on. 

Table 1 describes the features used to generate 

these models. In total, 13 features are used. 

Categorical variables are converted to given 

dimensional embeddings that are proportional to 

the number of categories in the variable and 

concatenated with numerical variables to generate 

a dense feature. In our model, has_service, 

was_rescheduled, is_clinical_trial, and 

allow_peds were converted into 4-dimensional embeddings 

respectively, and visit_range is converted into 16-dimensional embedding. Trainable parameters in the model are 

weights in the wide component and the fully connected layers in the deep component and the embeddings for 

categorical variables. To account for an unbalanced training dataset (low number of ‘Missed’ visits), we under-

sampled other labels and trained over 20 epochs. All hyperparameters were set in accordance with the original 

publication [21]. The model was implemented using Tensorflow 2.0.0 [22]. 

RESULTS 

Descriptive Statistics  

Data were collected on 71,788 total appointments/scheduling events and 47,548 unique participant visits. The status 

of these appointments and visits is shown in Figure 2 and the distribution over time is shown in in Figure 4 (adjusted 

means Rescheduled or Canceled). An additional visualization of overall visit status is shown as a sunburst plot in 

Figure 5.  

Of note, all appointments are listed as “Scheduled” upon creation of the appointment and are expected to be updated 

accordingly following the visit. Visits remaining as “Scheduled” (n = 2,417) were considered failed effort and were 

removed from the following analyses. The average number of 

successful visits each day (excluding rescheduled, canceled, and 

rejected visits) was 25.9 ([1, 53], std. dev. = 8.5) and the median 

number of appointments was 26. Additionally, when excluding post-

appointment scheduling, the mean time a visit was scheduled ahead 

was 13 days and 22 hours ([0 minutes, 1109 days], std. dev. = 30 days 

18 hours). Of note, 9,993 (13.9% of all appointments) appointments 

finished scheduling after the visit was scheduled to begin (e.g. final 

scheduled_at time was 9:07am for a visit that was scheduled for 9-

10am). Linear regression analysis showed that visits with greater 

scheduled_ahead time (scheduled further in advance) were less likely 

to be Completed and more likely to be Rescheduled, Canceled or 

Missed. 

Rescheduled Visits  

Of the 71,788 total appointments, there were 47,548 (66.2%) unique 

participant visits which may or may not have been rescheduled.  In 

total, 15,616 visits (32.8%) were rescheduled at least once with an 

average of 1.95 reschedules ([1,11], std. dev. = 1.1 times) and 31,932 

visits (67.2%) were never rescheduled. Characteristics of rescheduled 

appointments can be seen in Table 2 (due to the design of the 

IMPACT tool, no space was available for ‘reschedule reason,’ so 

these characteristics are tabulated across all rescheduled visits). 
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The change in rooms was further explored using the 

outflow ratio and this value is plotted for each room and 

sorted from lowest to highest value in Figure 6. The 

highest outflow ratio was found in Barr Interview Room 1 

with a value of 2.0 and the lowest ratio was found in the 

Dental room with a value of 0.26. 

When reviewing the flow of the 15,616 rescheduled visits 

to final status, 11,844 (75.8%) visits were Completed, 

2,465 (15.8%) visits were Canceled and 929 

(6.0%) were Missed. Further, it was found that a 

visit being rescheduled had a significant effect on 

its final status, X2 (2, N = 44,862) = 1215.1, p < 

.01. Post-hoc tests showed that rescheduled visits 

were less likely to be Canceled [X2 (1, N = 44,862) 

= 1043.2, p < .01], less likely to be Missed [X2 (1, 

N = 44,862) =57.0, p < .01], and more likely to be 

Completed [X2 (1, N = 44,862) = 1167.7, p < .01] 

than visits that were not rescheduled.  

Room/Resource Efficiency  

The visit rooms were reserved for an average and 

median of 4.0 hours per day ([0, 13.5], std. dev. = 

2 hours). Rooms were active for 83.8% of the time 

they were scheduled per day ([0%, 1,883%], std. 

dev. = 40.5%) with only two rooms averaging 

more active time than scheduled time over the 66-

month study period. 

Regarding rescheduling efficiency, rooms were 

scheduled 2 days and 11 hours after a previous 

visit had been canceled or rescheduled, on 

average. When looking at individual rooms, the 

highest average time to reschedule a room was 6 

days, 11 hours (of note, this room is typically used 

for a single clinician’s clinic) and the lowest 

average time to reschedule a room was just under 

17 hours. Breakdowns of these statistics by room 

type are displayed in Table 3. 

Usage Statistics from Access Logs 

Statistics on IMPACT usage and activity were analyzed according to the user’s designated role on any given research 

protocol and are shown in Table 4. Schedulers had the longest average session at almost 48 minutes, the highest 

number of scheduling events (new visit scheduling or modifying existing appointments) per day and had the highest 

percentage of active time with 38.7% of all session time being used to schedule appointments. The number of sessions 

per day differed very little between schedulers, coordinators, and investigators, though schedulers again saw a higher 

percentage of total sessions being used for scheduling than coordinators or investigators. Finally, in summary, 

schedulers were responsible for nearly 80% of all scheduled events in the IMPACT platform. 

Table 4. Usage statistics based on user role 

Role 
Staff 

Count 

Avg 

Session 

Time (min) 

Pct Session 

Time Active 

Sessions 

Per Day 

Pct Sessions 

Active 

Scheduling 

Events per 

Day 

Contribution 

to Scheduled 

Events 

Scheduler 12 47:39.2 38.7% 11.1 16.2% 16.3 79.5% 

Coordinator 186 12:13.5 21.7% 10.2 12.2% 2.2 19.9% 

Investigator 11 39:37.4 21.7% 11.1 12.0% 1.8 0.5% 

Administrator 5 36:12.1 10.7% 1.5 2.5% 0.3 0.1% 

Table 2. Characteristics of rescheduled clinic visits 

Reschedule Change Number (Percentage; 

n = 15,616) 

Change of Room (only) 6,513 (41.7%) 

Change of Start Time 5,204 (33.3%) 

Change of Staff 4,551 (29.1%) 

Adding Resources 2,252 (14.4%) 

Change of Doctor 35 (0.2%) 

Table 3. Room reservation statistics by room type 

Room Type 
Hours Sched 

Per Day 

% Sched 

as Active 

Time to Fill 

Room 

Exam Room 5.01 80.60% 3 days 0 hrs 

Interview Room 3.74 82.10% 4 days 3 hrs 

General Purpose 

Room – VC3 
3.73 80.90% 2 day 8 hrs 

Procedure Room 

(Dental, Phleb) 
3.37 94.80% 2 day 7 hrs 

General Purpose 

Room – Doc1 
2.54 81.80% 3 days 22 hrs 

General Purpose 

Room – Doc2 
2.39 106.30% 5 days 1 hr 

Figure 6. Flow rate for each clinical research visit room 
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Prediction Results 

Predictive models achieved the accuracy and Area-Under-

the-Curve (AUC) scores as shown in Table 5. Logistic 

Regression achieved the highest level of accuracy with an 

AUC of 0.92 and a predictive accuracy of 82.7%. The 

weights of all features used in the Logistic Regression 

predictive model are shown in Table 6 (where higher values indicated more predictive of missed visits and lower 

numbers indicate more predictive of not-missed visits). The feature with the highest weight in predicting missed visits 

was percentage of previously missed visits and the percentage of completed visits was the most negatively predictive 

of missed visits. 

DISCUSSION 

Over the four and a half years of data collection (2014-2019), 

the IMPACT initiative has collected a significant amount of 

information regarding various visit characteristics and 

scheduling activities. With the scope of the data collected, we 

hope that findings presented and discussed here will help 

inform clinical research offices ways to improve the efficiency 

of their outpatient scheduling and reduce their overall cost of 

providing care. Further, this dataset was used to generate a 

highly predictive tool for appointment no-shows to allow for 

preemptive schedule adjustments to further contribute to the 

improvement in efficiency and cost savings. 

As this data were collected in a research setting, they may not 

reflect the data analysis needs in a standard outpatient clinic. 

Nonetheless, with an average and median daily visit count 

around 26 visits, a peak single-day count of 53 visits, and a 

relatively small standard deviation, it is clear that the 

outpatient research service at Columbia remained very busy 

and required a large number of staff to maintain. Conversely, 

scheduling ahead information found a wide variability in time 

ranges, with an average scheduled ahead time of around 14 

days, median time of around 6 days, but a standard deviation 

of over 30 days. This is likely due to two primary reasons. The 

first is as this clinic serves research participants who must 

adhere to a strict protocol schedule, the visits must be 

scheduled adhering to standard time windows, including ‘every 7 days,’ ‘every 30 days,’ and ‘every 90 days,’ so it is 

possible that multiple research visits were scheduled at a single time for convenience, providing a very variable 

distribution.  

Another possible reason for this wide distribution in scheduled ahead time is the high rate of rescheduling visits. With 

over 15,000 visits being rescheduled, up to a maximum of 10 times for a single visit, this is clearly a large area of staff 

time investment and an opportunity to improve efficiency. The most frequent feature of rescheduled visits is changing 

the visit room (e.g. rescheduling from Exam Room 3 to Interview Room 1) with over 40% of reschedules experiencing 

this. It is important to note that this reflects rescheduled visits without any associated time change, suggesting that 

room availability is a primary cause of the majority of rescheduled visits. Future research efforts should aim to include 

analysis of ideal room accommodation for visits to better assess how availability impacts participant scheduling. 

Further investigation of the resource utilization phenomenon showed a high outflow rate for the clinician-specific 

room Interview 1 as well as multiple rooms in the neighboring Vanderbilt Clinic 3 building. Alternatively, a low 

outflow rate was observed for the partner clinician-specific room Interview 2, highlighting a possible preference 

among schedulers for that clinician, and both procedure room Phlebotomy and Dental. The low outflow rate of 

procedure rooms highlights the occasional need for specialized equipment, such as dental drills or lumbar puncture 

needles, and reschedules can occur when the required instruments are not available in the original space. One of our 

future works is to take this empirical knowledge to design a practically useful automated scheduling algorithm that 

weighs provider priority, preference for rooms, and other factors identified above.  

Table 5. Predictive modeling accuracy of missed 

visits using various methods 

Prediction Method AUC Accuracy 

Logistic Regression 0.92 82.7% 

Wide and Deep 0.81 72.4% 

MLP Classifier 0.72 62.9% 

Table 6. Feature weights from Logistic 

Regression prediction model. 

Feature Feature Level Weight 

start_dt N/A 0.34 

visit_range Early Morning -0.26 

Late Afternoon 0.29 

Common Times 0.12 

Lunch Times 0.07 

scheduled_duration N/A -0.03 

scheduled_ ahead N/A 0.28 

canceled_pct N/A -3.28 

completed_pct N/A -3.62 

missed_pct N/A 9.69 

rescheduled_ pct N/A -0.86 

has_service Yes -0.03 

No 0.12 

was_ rescheduled Yes -0.86 

No 0.88 

num_ reschedules N/A 2.99 

is_clinical_trial Yes 0.01 

No 0.11 

allow_peds Yes -0.19 

No 0.11 
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Differences in relative use rates for the various clinic rooms also arose during the analysis. The highest amount of 

daily use was seen in multi-use clinic space such as exam and interview rooms both in the primary clinic space and in 

the nearby Vanderbilt Clinic 3 building. Lower daily use was observed in the more narrow-focused procedure rooms 

and the lowest usage along with highest time to reschedule a room was observed in single clinician visit offices. 

Notably, the lowest time to fill an empty room was found in the two procedure rooms. Finally, when comparing 

rescheduled to non-rescheduled visits in terms of final visit outcome, a significant difference was found for all three 

outcomes such that rescheduled visits showed a higher likelihood of being Completed while non-rescheduled visits 

showed a higher likelihood to be Canceled or Missed. This finding suggests, along with the relative importance of 

participant scheduling history in the logistic regression prediction model, that participants who are more active in their 

clinical and research care may be less likely to miss a scheduled visit. However, further research would be needed to 

confirm this possibility. 

Significant variations in usage of the platform were also observed between different user roles as has been described 

previously [23]. As expected, schedulers had the longest average session times, most active sessions and scheduled 

nearly 80% of all appointments in the clinic. Much lower active session time was seen in coordinators and 

investigators, suggesting most of their usage may have been to check on calendars and review appointments instead 

of actively schedule participant visits, which aligns closely with predicted usage outlined during development. 

Additionally, coordinators had much shorter average sessions times than other users, suggesting a much more targeted 

and focused usage of the platform than either schedulers or investigators. Administrators also showed a very low 

active session time, but as the majority of their role is non-clinical, this is expected. 

Towards a predictive model, the most accurate method used a logistic regression model using 13 features. Table 6 

confirms that the logistic regression model outperforms wide and deep model and MLP classifier. This may indicate 

that a clear pattern exists between characteristics of missing visits and completed visits, allowing the logistic regression 

model to efficiency capture frequently occurring patterns in binary classification. We expect, however, the embedding-

based models will show improved performance in a more complicated prediction setting (e.g., prediction of multiple 

visit labels). Based on previous work, the accuracy of this model is on par with current state-of-the-art tools [6 7]. 

However, this work extends these previous efforts in one important way. Where previous research has focused on 

clinically-oriented offices [24 25], the factors which influence scheduling in a research setting are different and have 

not been explored in this capacity before. As such, findings presented here provide a novel prediction tool which may 

be used in a wide array of clinical research settings. 

Implications and Recommendations for Best Practices 

Though data used for this analysis originated at a single institution, findings described here provide important insights 

into best practices for sites across the country. One of the most notable findings was the high rate of room or resource 

changes in rescheduled visits, suggesting relatively fluid needs in resource utilization and allocation. Concerns 

surrounding resource utilization have been discussed as far as back as the last century [26], but findings here highlight 

that it is not an issue unique to outpatient clinics and adds complication to clinical research efforts as well. Improved 

planning or appreciation of participant preference may provide some means to reduce scheduling complexity and have 

even been shown to reduce wait times and improve resource utilization [27]. It is important to note that not all room 

changes are due to insufficient planning and can be due to day-of-visit needs, but it is difficult to propose solutions to 

this complexity common in many fields of medicine. Another notable finding is that rescheduled visits were more 

likely to be completed than non-rescheduled visits. When considered in conjunction with the role of participant 

scheduling history in our predictive model (e.g. previous missed visits make it more likely the participant will miss 

again), this suggests an important aspect of participant history in appointment scheduling. Special consideration 

should be taken of participants with scheduling issues in the past to avoid any future no-shows and improve overall 

clinical workflow. Also, from user interface design improvement perspective for scheduling software, better support 

should be given to rescheduling considerations and to make it easy for rescheduling.  Recommendations of available 

rooms and equipment can be made automatically to schedulers or coordinators.  

Limitations 

This study has several limitations. As much of this analysis focused on rescheduled visits and clinic efficiency, much 

of the interpretations regarding rescheduling behaviors warrant further user confirmations. As stated in the Methods 

section, there was no instrument available for direct capture of the rationale behind rescheduling, so this analysis relied 

on inferred reschedule details. Another limitation was the absence of proposed research-focused modules being 

deployed within the IMPACT platform. In the initial publication, there were plans for a large amount of direct 

connection between clinical participant data and trial-specific research data. However, as the initiative was being 
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implemented in the real-world, some of these modules became cumbersome or overly time-consuming and as 

IMPACT served as the primary scheduling platform for all clinical research visits, convenience was the most important 

function, so some complex modules were dropped. A third limitation is the lack of clear data on the relative complexity 

of a given visit. For example, a visit involving blood draws and chemotherapy administration would be more complex 

than a simple participant interview. This has been highlighted previously as an important factor in assessing participant 

attendance [28] and future work may be able to better appreciate this complexity factor. 

Future Directions 

Though data collected throughout this initiative were expansive, one possible method to improve the quality of data 

is to include more granular information regarding the specific protocol visit such as visit purpose (e.g. treatment vs. 

screening visit) and visit schedule (e.g. Month 2, Week 3). This information would allow for a deeper analysis of staff 

and participant habits surrounding specific clinical research protocol activities and may provide means for research 

staff to prepare for difficulties before they arise. Additionally, more information about specific participants would 

likely improve the predictive power of our model. Much of a participant’s relationship with research is experienced 

outside of the clinic so having a better understanding of their current medical condition may allow for research staff 

to better care for our participants. Finally, with the increasing use of online technologies to improve clinic flow for 

research staff and participants, focused assessment of the utility and impact of appointment reminders should be 

performed to further assist in clinical research scheduling. 

Conclusions 

Leveraging clinical appointment scheduling data collected with the IMPACT tool over the past 5 years, this study 

was able to provide several new insights into appointment scheduling, particularly in the research setting. Among 

other findings, it was found that one of the primary drivers for rescheduled events was room changes, visits that 

were rescheduled were more likely to be eventually completed instead of being canceled or missed, significant 

variations in how the platform was used were apparent between the different roles of research staff, and a predictive 

tool for participant no-shows was able to reach an accuracy of 85.5%. Though the field of appointment scheduling is 

a rapidly expanding area, little previous work has focused on the needs of clinical research offices and this work 

provides novel insight into how best to provide care and improve efficiency in those types of settings. 
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Abstract  

Patient “no-shows” are missed appointments resulting in clinical inefficiencies, revenue loss, and discontinuity of 

care. Using secondary electronic health record (EHR) data, we used machine learning to predict patient no-shows 

in follow-up and new patient visits in pediatric ophthalmology and to evaluate features for importance. The best 

model, XGBoost, had an area under the receiver operating characteristics curve (AUC) score of 0.90 for predicting 

no-shows in follow-up visits. The key findings from this study are: (1) secondary use of EHR data can be used to 

build datasets for predictive modeling and successfully predict patient no-shows in pediatric ophthalmology, (2) 

models predicting no-shows for follow-up visits are more accurate than those for new patient visits, and (3) the 

performance of predictive models is more robust in predicting no-shows compared to individual important features. 

We hope these models will be used for more effective interventions to mitigate the impact of patient no-shows.  

Introduction 

Medical clinics rely on full schedules to maintain revenue and provide high quality, longitudinal care for patients. 

Patient “no-shows” are missed appointments without prior clinic notification that disrupt clinical care. No-shows 

increase clinical inefficiencies and create revenue loss by decreasing clinic volumes.1,2 Additionally, missed 

appointments result in discontinuity of care and worse health outcomes for patients.3–5 Reducing patient no-shows is 

a focus for most medical clinics today. 

Developing predictive models and/or identifying significant variables associated with patient no-shows may result in 

more effective, targeted interventions to reduce no-show rates. Electronic health records (EHRs) contain many 

available variables for secondary use in these models; EHR data has been successfully reused for models in clinical 

research, quality assurance, predictive modeling, and scheduling simulations.6–8 There are many prior studies for 

patient no-shows in wide range of medical specialties; the average no-show rate reported in these studies is 23%.9 

The models developed in these studies found the following significant variables: younger age,10–14 distance from 

clinic,10,15 lead time (time from the scheduling date to the appointment date),13,15–18 insurance carrier19 (especially 

Medicaid),11,14,15,18 and history of previous no-shows.20,21,17,13,22,18 Currently, the best performing models in literature 

have an AUC from 0.83-0.86.17,22  

The purpose of our study was to develop and validate a model to predict patient no-shows in a pediatric 

ophthalmology clinic. We chose pediatric ophthalmology as our subspecialty domain because vision loss due to 

common pediatric ophthalmology disorders (i.e. retinopathy of prematurity, strabismus, amblyopia) is often 

preventable with early intervention and regular follow-up. Furthermore, pediatrics is also a specialty with 

historically high no-show rates, 14,15,24  but no models have been developed to predict no-shows or to analyze for 

variables significant for no-shows. We feel there are opportunities to improve prior no-show models for use in 

pediatric ophthalmology by using a combination of patient clinical and demographic data, history of past no-shows, 

and EHR specific variables (such as MyChart use), stratifying our models by comparing follow-up versus new 

patient visits, and rigorously evaluating imbalanced data using state-of-the-art machine learning algorithms.  

 

 

 

293



Methods 

Study Institution 

Oregon Health & Science University (OHSU) is a large academic medical center in Portland, Oregon which 

includes over 50 faculty ophthalmology physicians who perform over 130,000 outpatient eye exams annually. The 

department provides primary eye care, and serves as a major referral center in the Pacific Northwest and nationally. 

In 2006, OHSU implemented an institution-wide EHR system (EpicCare; Epic Systems, Madison, WI) All 

ambulatory practice management, including documentation, order entry, and billing, are performed using the EHR. 

This study was approved by the institutional review board at OHSU and adheres to the Declaration of Helsinki.  

Dataset  

Appointment data were extracted from OHSU’s EHR datamart for all patient office visits from January 1, 2012 to 

December 31, 2018 for 7 pediatric ophthalmology providers. The outcome variable, a patient no-show, was defined 

as a visit in which the patient failed to arrive the day of the appointment without contacting the clinic in advance. 

Canceled appointments prior to clinic were not counted as no-shows to ensure all missed appointments were truly 

not intervenable. The scheduled appointments in our modeling dataset were limited to the most recent follow-up 

appointment for each patient scheduled from January 1, 2015 to December 31, 2018.  Specifically, the appointment 

was included if it was either the most recent follow-up office visit that the patient attended, a new patient visit, or the 

most recent no-show visit in that timeframe. Only one office visit per patient was included in this study. The 

restricted time frame of our appointment dataset ensured we had enough previous visit data in our larger dataset of 

visits from 2012 – 2018. Patients with missing insurance types and diagnoses were excluded from this study. 

Model Features 

We chose to include features that we hypothesized could potentially be associated with or have an impact on 

appointment attendance. These features were either readily extractable from the EHR or generated from existing 

encounter data and consisted of categorical and continuous data.  

Categorical features were separated into the following areas: demographic, time-based, and diagnoses. Demographic 

features included: age, gender ethnicity, insurance type, clinic location, and English as the first language. Time-

based features included appointment time of the day, day of the week, and month. Visit diagnoses were grouped into 

15 categories based on ICD-9 and ICD-10 codes.  

Continuous historical features generated from our larger extracted visit dataset included: number of previous visits, 

number of prior no-shows, lead time (time from when the appointment was scheduled to the visit date), average time 

between previous visits, number of previous cancels, number of prior same day cancels (defined as a cancelled visit 

by the patient within 24 hours of the scheduled visit time).  

Predictive Model Development and Validation 

Data analysis and model training were performed using R25 (version 3.5.1) and Python26 (version 3.7.3), specifically 

using the machine learning packages scikit-learn27 and XGBoost.28 We hypothesized that longitudinal, previous visit 

data would significantly impact a model’s ability to predict patient no-shows and tested this hypothesis by training 

separate models on datasets of only follow-up visits and new patient visits. In the latter, we excluded all continuous 

features that required calculations with previous visit data. All categorical features were one-hot encoded into binary 

variables (0 vs. 1) for each category. Each dataset was split into a training set and a test set in a 3:1 ratio with 

stratification to maintain the same proportion of no-shows in both datasets. The training set was further split into 5-

folds for cross validation and hyperparameters were tuned using a randomized grid search on 4 different algorithms: 

XGBoost, random forest, support vector regression (SVR), and least absolute shrinkage and selection operator 

(LASSO) regression. Cross-validation scoring was tuned to maximize the PR score. We chose to train on XGBoost 

and random forest to evaluate whether these ensemble techniques could identify strong relationships in our set of 

diverse features. Additionally, we chose two standard regression algorithms (SVR and LASSO regression, a type of 
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regularized logistic regression) to compare performance against the aforementioned models. In particular, logistic 

regression has historically been used extensively in predicting patient no-shows. 10–13,18,20,21,23  

Resampled learning curves were generated to ensure our algorithms did not overfit. Machine learning metrics 

evaluating model performance, specifically the area under the receiver operating characteristics curve (AUC-ROC) 

scores and Precision-Recall (PR) scores, were calculated on the test set of the best performing model for each 

algorithm. We chose to include PR scores, sensitivity, and positive predictive value (PPV) to emphasize and assess 

the importance of accurately predicting the minority class (no-shows) and account for dataset imbalance.  

Calculating Feature Importance 

Feature importances were calculated for the models trained on XGBoost and random forest using default 

functionality provided in the scikit-learn27 and XGBoost28 packages. Because both algorithms are ensemble methods 

that use features to construct multiple decision trees, coefficients and effect sizes of individual features are not 

generated. For each decision tree, importance was defined as the impact of the feature on creating split points. 

Feature importance was calculated in the packages using a Gini purity index and averaged across all decision trees 

in each model. Coefficients were also extracted from the models trained on LASSO regression. 

 

Results 

Dataset 

Overall, 5188 follow-up office visits and 3606 new patient visits met inclusion criteria, with one visit per patient 

included. The no-show rate for patients in this dataset was 13.4%, of which 794 (15.4%) follow-up visits and 385 

(10.7%) new patient visits were no-shows. Features and their distributions are shown for both visit types in Table 2.  

Model Performance 

Performance metrics (AUC-ROC score, PR score, sensitivity, and PPV) of the best performing models for both 

follow-up patients and new patients are shown in Table 2. For follow-up visits, the model trained with XGBoost had 

the highest performance on the testing set (AUC = 0.90, PR score = 0.74). Though sensitivities and PPV varied 

across models trained on all 4 algorithms, random forest had the second-best performance (PR = 0.69). AUC and PR 

curves for the model trained on XGBoost are shown in Figure 1. The four algorithms listed above were also used to 

train models on the new patient dataset. Overall, the model trained on LASSO regression had the highest 

performance in predicting new patient no-shows, though PR scores were low (AUC = 0.74, PR = 0.27). This was 

reflected across all algorithms trained on the new patient data (PR = 0.21-0.27). Low sensitivities and PPV for these 

models also suggest that the majority of no-shows were incorrectly predicted in the new patient dataset. 

Feature Importance for Follow-up Visits 

We report feature importance for follow-up visits only because the accuracy was significantly higher than the new 

patient models. Table 3 shows the 6 most important features for our highest performing algorithms, XGBoost and 

random forest. Both algorithms agreed on the relative importance of the number of previous visits and the average 

number of days between visits in predicting patient no-shows. Though other variables varied in importance 

depending on the model used, other highly ranked features for both XGBoost and random forest included: younger 

age and number of previous no shows, lead time, insurance type, and number of previous canceled appointments. 
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 Follow-Up Patients New-Patients 

Categorical Variables No. % No. % 

Gender     
Female 2669 51.4% 1860 51.6% 

Age     
Infant (0-1 years old) 255 4.9% 431 12.0% 

Toddler (1-3 years old) 968 18.7% 814 22.6% 

Pre-School (3-6 years old) 915 17.6% 528 14.6% 

School Age (6-12 years old) 1852 35.7% 1003 27.8% 

Adolescent (12 years old-18 years old) 602 11.6% 343 9.5% 

Adult (> 18 years old) 584 11.3% 487 13.5% 

Insurance Type     
Commercial 2877 55.5% 1711 47.4% 

Oregon Medicaid 2103 40.5% 1392 38.6% 

Out-of-state Medicaid 440 8.5% 221 6.1% 

Medicare 250 4.8% 215 6.0% 

Other  76 1.5% 65 1.8% 

None 8 0.2% 2 0.1% 

Ethnicity     
Non-Hispanic 3983 76.8% 2836 78.6% 

Hispanic 1084 20.9% 666 18.5% 

Unknown 121 2.3% 104 2.9% 

Location     
Portland 4510 86.9% 3300 91.5% 

Bend 66 1.3% 36 1.0% 

Vancouver 612 11.8% 270 7.5% 

Previous Visit Diagnosisa     
Strabismus 1896 36.5% N/A  
Amblyopia 615 11.9% N/A  

Oculoplastics 481 9.3% N/A  
Syndromic Malformation or Systemic Illness 330 6.4% N/A  

Refractive Error 209 4.0% N/A  
Retinopathy of Prematurity 191 3.7% N/A  

Otherb 1466 28.3% N/A  
MyChart Activated 1397 26.9% 799 22.2% 

English First Language 4590 88.5% 3291 91.3% 

     
Continuous Variablesc Mean ± SD   Mean ± SD   

Number of Previous Visits  2.8 ± 1.7  N/A  
Number of Prior No-Shows 0.1 ± 0.4  N/A  
Lead Time (Days) 102.6 ± 80.7  N/A  
Time from Last Appointment (Days) 152.7 ± 124.3  N/A  
Number of Previous Cancels 0.5 ± 0.9  N/A  
Number of Prior Same Day Cancels 0.3 ± 0.6  N/A  
Total 5188  3606   

a Visit diagnosis was not included with new patients because of overfitting to missing diagnoses as no-show patients 

b “Other” encompasses the following diagnostic groupings: cornea, diplopia, glaucoma, retina, optic nerve, nystagmus, or non-ophthalmic 
(systemic) disease 
c All continuous variables were not included as features in the new patient dataset 

 

Table 1. Selected Features in the Follow-Up and New Patient Visit Datasets. Our dataset contained 5188 

follow-up visits and 3606 new patient visits, with one visit included per patient. Time-related data (day of the 

week, month, etc) was not included in this table for brevity. Only categorical data that did not require previous 

visit information was included in modeling our new patient visits.  
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 AUC-ROC Score Precision-Recall 

(PR) Score 

Sensitivity Positive Predictive 

Value (PPV) 

Follow-up Patients     

XGBoost 0.90 0.74 0.45 0.88 

Random Forest 0.88 0.69 0.34 0.92 

Support Vector Regression 0.81 0.50 0.46 0.52 

LASSO Regression 0.79 0.46 0.41 0.54 

New Patients     

LASSO Regression 0.74 0.27 0.11 0.37 

Random Forest 0.74 0.26 0.04 0.40 

Support Vector Regression 0.71 0.21 0.15 0.28 

XGBoost 0.64 0.26 0.14 0.25 

 

Table 2. Performance of Models by Algorithm. Four algorithms were trained on our training dataset of follow-

up visits with 5-fold cross validation. For each algorithm, performance metrics were generated on our testing set. 

We chose to include Precision-Recall (PR) score, sensitivity, and positive predictive value (PPV) to account for 

data imbalance. 

  

A) Area Under the Curve-Receiver Operating 

Characteristic Curve 

 

 

B) Precision-Recall Curve  

 

 

 

 

Figure 1 – Performance Curves of the Follow-up Visit Model Trained on XGBoost. Performance of the best 

performing model trained on XGBoost evaluated by predicting patient no-shows in follow-up visits in our testing 

set. The area under the curve-receiver operating characteristics curve (a) score was 0.90 and the precision-recall 

score (b) was 0.74.  

  

XGBoost Random Forest 

Feature Importance Feature Importance 

Number of previous visits 0.038 Average no. of  days between visits 0.15 

Average no. of  days between visits 0.023 Number of previous visits 0.12 

Insurance – Out of state Medicaid 0.021 Lead time 0.08 

Cataract diagnosis 0.020 Day of the month 0.08 

MyChart activated 0.019 Number of same day cancels 0.02 

Age – toddler 0.019 Number of prior cancels 0.02 

 

Table 3 – Most Important Features from XGBoost and Random Forest. Feature importance was extracted 

from the models trained on XGBoost and random forest. Overall, both algorithms ranked number of previous 

visits and average number of days between visits as the most important features associated with patient no-shows.  
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Discussion 

This study used EHR data to develop machine learning models to identify factors and evaluate the performance of 

these models in predicting patient no-shows in pediatric ophthalmology. Our study has three key findings: (1) 

secondary use of EHR data can be used to build datasets for predictive modeling and successfully predict patient no-

shows in pediatric ophthalmology, (2) models predicting no-shows for follow-up visits are more accurate than those 

for new patient visits, and 3) performance of predictive models is more robust in predicting no-shows compared to 

individual important features.  

The first key finding is that secondary use of EHR data can be used to build datasets for predictive modeling and 

successfully predict patient no-shows in pediatric ophthalmology. Because ophthalmology is a busy, high-volume 

specialty, the EHR is an ideal domain to generate large datasets for modeling. The EHR contains both demographic 

and clinical patient data, as well as time-series variables that can be calculated from encounter data over patients’ 

visit histories. Using these data, we were able to create a large, robust dataset that contained a broad set of features 

to predict patient no-shows. 

Our best performing model, trained on follow-up data with XGBoost, performed better than the best performing 

models currently reported in literature with an AUC of 0.90 compared to models performing with a range of AUCs 

from 0.68-0.86 (Table 2) to our knowledge. However, AUC likely overstates the performance of models focused on 

predicting patient no-shows because it is not sensitive to data imbalance. We report performance metrics such as PR 

score, sensitivity, and PPV to emphasize data imbalance in our datasets (15.4% and 10.7% no-show rates for follow-

up and new patient datasets respectively) as well as the importance and difficulty of correctly predicting patient no-

shows over patients showing up to their appointments. Compared to literature which reported models assessed with 

these metrics, our best performing model also has slight improvements in performance with these metrics. Though a 

few models have been developed for prediction of no-shows in primary care,10,12,13,20,22 our findings suggest that 

EHR data can be used to build large, robust datasets for many specialties, including ophthalmology.  

The second key finding is that models predicting no-shows for follow-up visits are more accurate than those for new 

patient visits. For example, when both the follow-up and new patient datasets were trained on XGBoost, the follow-

up model outperformed the new patient model (PR score = 0.74 vs. 0.26), especially in its ability to predict patient 

no-shows (sensitivity = 0.45 vs. 0.14). Our findings suggest that while patient no-shows are largely attributed to 

random circumstances, there is an element of behavioral tendencies that longitudinal time-series data can be used to 

predict. Training models on longitudinal data included in follow-up visits resulted in better performance compared 

to models trained on new patient visits without this data. Though there are studies examining the relationship 

between specific variables such as lead time and no-shows in follow-up and new patients,30 previously published no-

show models have either only used new patient status as a variable17 or did not specifically exclude or stratify new 

patients from their studies. Since new patient no-shows are especially harmful to clinic efficiency, adding previous 

visit data from other specialties or clinics to their predictive no-show models may improve their accuracy.  

The third key finding is that performance of predictive models is more robust in predicting no-shows compared to 

individual important features. There was some consistency in our feature importance: the most important features in 

our follow-up patient models were the number of previous visits and the average number of days between visits. 

Number of previous attended visits attended is likely a reflection of patient attendance history, and average number 

of days between visits is similar to a metric used in a predictive model developed by Mohammadi et al (number of 

days since last appointment).17 Interestingly, the number of previous no-shows is a well-documented factor 

associated with no-shows10–13,17,18,21,22 and was not found to be an important feature in our models. A summary of 

reviewed show models, their performance, and important features is shown in Table 4. 
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Author, Year Domain Top Performing 

Algorithm 

Performance 

Metrics 

Top 3 Important Variables 

Odonkor et al, 

201711 

Anesthesia Logistic regression AUC = 0.74 Age < 65 years, Ethnic 

minority, Medicaid or 

Medicare 

Guzek et al, 

201415 

Pediatric 

neurology 

Univariate/multivariate 

logistic regressions 

Odds ratio Medicaid, distance for 

clinic, lead time 

Mohammadi et 

al, 201817 

Community 

health 

centers 

Naïve Bayes Classifier AUC = 0.86, 

PPV = 0.45, 

Sensitivity = 0.73 

Lead time, prior no-shows, 

number of days since last 

appointment 

Ding et. al, 

201823 

Multiple 

specialties 

LASSO regression AUC = 0.8 Depended on specialty 

Luo et al, 

201829 

Surgery Random forest AUC = 0.68, 

Sensitivity = 

0.62, 

PPV = 0.45 

N/A 

Goffman et al, 

201721 

Multiple 

specialties  

Logistic regression AUC = 0.71 Prior no-shows, lead time, 

same day appointments 

Huang, 

Hanauer, 

201412 

Pediatrics Logistic regression Odds ratio Visit type, younger age, 

prior no-show history 

Torres et al, 

201513 

Primary care Logistic regression Odds ratio Prior no-shows, lead time, 

younger age 

Shimoda et al, 

201822 

Primary care 

(Japan) 

XGBoost AUC = 0.83 Prior no-shows 

Daggy et al, 

201010 

Primary care Logistic regression Odds ratio Younger, lead time, 

distance from clinic 

Lenzi et al, 

201920 

Primary care Naïve and mixed effect 

logistic regression 

AUC =0.81 Previous no-shows, same 

day appointments 

Harvey et al, 

201718 

Radiology Logistic regression AUC = 0.75 Previous no-shows, lead 

time, insurance type 

 

Table 4 –Published Models Predicting Patient No-Shows. We conducted a brief literature review on published 

no-show models by querying PubMed and Google Scholar using the terms: ‘no-show models,’ ‘missed 

appointments,’ and ‘appointment non-adherence.’ Ancestor search was used to broaden our search. We extracted 

the following from each paper: the dataset domain, the top performing algorithm and its performance, and the 3 

most important variables (either the three highest odds ratios or the first three listed variables). Variables such as 

prior no-show history, age, scheduling lead time, and insurance type were the most significant predictors of future 

no-shows. To our knowledge, performance ranged from an AUC of 0.68 to 0.86. 

On the other hand, there was significant variability in the other important features in our models such as lead time, 

age MyChart use, and number of prior cancels. Disagreement in the relative importance of the other features used to 

build these predictive models may stem from how each algorithm incorporates features into their models. From our 

review, models reporting odds ratios of high-risk factors for patient no-shows are well reported in literature.10,12,13,15 

However, odds ratios show associations with no-shows retrospectively and are not always validated on unseen 

prospective data. In practice, patients identified as having one of these high-risk factors (i.e. Medicaid insurance) 

may be double booked in a scheduling system to reduce the risk of idle clinic time, but this may result in frequently 

overbooked clinics. For example, out of 2543 follow-up patients with Medicaid, 529 (20.8%) of them were no-

shows, yet our model trained on XGBoost accurately predicted 45% of patients who no-showed. Therefore, using 

the model to understand and predict patient no-show behavior may be more meaningful than interpreting feature 

importances alone.  

While many of our significant features correlate with those previously reported, the full prediction model will better 

detect patients at high risk of no-shows, allowing for more better overbooking strategies.  However, targeted 
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interventions such as customized patient education or mitigation of social factors may also be effective strategies to 

improve appointment adherence and continuity of care for children at risk for vision loss who are also predicted to 

be at risk for missing appointments. 

Our study has limitations future work could address. First, our study was performed at a single academic center for a 

single subspecialty. Pediatrics is a domain in which patients often are brought to clinic by another person, 

introducing another layer of unpredictability. Additionally, it is unclear how generalizable a model trained on data 

from a pediatric ophthalmology clinic is generalizable to other ophthalmic subspecialties and institutions. However, 

it may be beneficial to produce models that focus on a local level such as subspecialty due to the varying context of 

each medical specialty.23 Second, feature importances only represent how much weight a variable has in 

discriminating patient no-shows vs. shows and do not give the exact effect of the variable (such as positive or 

negative). Further work is needed to specifically understand how these variables are impacting patient no-shows. 

 

Conclusion 

In conclusion, machine learning models can be developed to accurately predict follow-up visits in pediatric 

ophthalmology. Our findings reinforce the importance of incorporating features that take into account past behavior 

when developing predictive no-show models. While EHRs have been criticized for decreasing clinical efficiency, 

real-time integration of our predictive models into the EHR may optimize future clinic scheduling compared to 

current scheduling heuristics. We hope our findings will result in more efficient clinic operations and help mitigate 

the adverse effects of patient no-shows. 
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ABSTRACT 

The lesbian, gay, bisexual, transgender, queer (LGBTQ) community is vulnerable to healthcare disparities.  Many 

healthcare organizations are contemplating efforts to collect sexual orientation and gender identity in the electronic 

health record (EHR), with a goal of providing more respectful, inclusive, high-quality care to their LGBTQ patients. 

There are significant human and technical barriers that must be overcome to make these efforts successful. Based on 

our four-year experience at Geisinger (an integrated health system located in a rural, generally conservative area), 

we provide insights to overcome challenges in two critical areas: 1) enabling the EHR to collect and use information 

to support the healthcare needs of LGBTQ patients, and 2) building a culture of awareness and caring, empowering 

members of the healthcare team to break down barriers of misunderstanding and mistrust.  

INTRODUCTION 

The LGBTQ community is vulnerable to healthcare disparities. Recent studies have reported that more than 50% of 

the LGBTQ population have experienced some form of healthcare discrimination1, 28% of transgender and gender 

non-conforming people have postponed medical care when sick or injured due to discrimination and disrespect1, and 

nearly 25% of respondents reported not seeking health care in the past year due to fear of mistreatment1.  The result is 

lower rates of mammography2 and pap smear2 screenings, and higher rates of substance abuse3,4, smoking5, unhealthy 

weight control/perception6, HIV, and other sexually transmitted infections among the LGBTQ community7,8.  

For over a century, Geisinger has provided high-quality care to our community and aspired to treat all patients with 

dignity and respect. In 2017, we recognized that our clinicians and support staff were not equipped with the knowledge 

or resources they needed to provide optimal care to the LGBTQ community. In response, we launched several 

initiatives to improve our capacity and strengthen our commitment to reducing healthcare disparities faced by the 

LGBTQ community. Understanding that these challenges cannot be overcome with “a simple fix,” we adopted a multi-

prong approach, emphasizing policy development, staff training, and patient education, in addition to modifications 

and enhancements to the EHR. 

Lessons from our experience complement and build upon the recommendations outlined in Grasso and colleagues’ 

“Planning and implementing sexual orientation and gender identity data collection in electronic health records”9. In 

particular, we provide pragmatic examples of what succeeded and failed with respect to technology and process, and 

we present our attempt to overcome cultural challenges that the healthcare and informatics communities may 

encounter when providing care to LGBTQ patients. 

METHODS 

To provide respectful, inclusive, high-quality care to LGBTQ patients, we focused on addressing three areas: 

1) Patients may feel unsafe, judged, or be concerned about privacy and rights;

2) Both clinical and non-clinical staff may be confused about LGBTQ concepts and terminology or feel

uncomfortable asking sensitive questions; and

3) The EHR lacked the required data elements to capture relevant information as well as decision support tools

to put that information to use.
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Helping Patients Feel Safe, Free from Judgment, and Protected 

Our goal was to create an inclusive, respectful, welcoming environment for patients.  The Human Rights Campaign 

Foundations’ Healthcare Equality Index (HEI) identifies organizations providing equitable and inclusive care for 

LGBTQ patients and their families, and specifically suggests that non-discrimination policies consider sexual 

orientation and gender identity.10 Using recommendations from HEI, Geisinger revised its patient non-discrimination 

policy to be LGBTQ-inclusive, specifying sexual orientation and gender identity and revising the visitation policy to 

include the patient’s visitor of choice (for example, a domestic partner). These policy changes were implemented and 

reinforced with transparent communication to patients and staff, with a focus on educating all patients regarding what 

questions will be asked, why they will be asked, and how the information gathered will be used and protected.  Figure 

1 shows examples of materials developed to help LGBTQ patients understand Geisinger’s efforts to collect 

information related to sexual orientation and gender identity, and to provide more inclusive care.  

Figure 1. Examples of Geisinger’s informational handouts and web resources for patients.11,12 

Educating Clinicians and Non-clinical Staff 

We developed a multipronged approach to educating our workforce (Table 1). Clinician training focused on 

understanding the clinical needs of the LGBTQ community, including what information to collect and how to use that 

information when ordering and interpreting diagnostic tests, prescribing medications, and tracking health 

maintenance. As with all staff members, clinicians require cultural competency training. A study of first-year medical 

students showed that 80% expressed implicit bias against gay and lesbian people, and 50% expressed explicit bias13. 

We sought to overcome bias by addressing it directly and repeatedly, including use of case-based learning in large- 

and small-group settings.  

To provide for the unique healthcare needs of LGBTQ individuals, we developed a specialty referral network which 

encompasses specialty services in endocrinology, urology, and mental health. To assist healthcare providers, we are 

also developing a Gender Medicine e-consult service with subject-matter experts to support and enhance clinical care. 

All providers also have access to nationally recognized resources for LGBTQ clinical education via e-links through 

our corporate intranet. 
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Major efforts were undertaken to educate all staff, including personnel in Registration, Environmental Services, and 

Food Services departments, on the needs and rights of the LGBTQ community. We focused on helping staff first 

understand how they are supported as individuals and employees, and then concentrated on how staff are expected to 

support patients of all backgrounds.  

After institutional policies were changed to address sexual orientation and gender identity, we discovered that 

communication and education on these policies—for both staff and patients—was critical. Key challenges were 

creating effective programs and setting aside time for training staff on cultural competency. We found success in 

developing interactive opportunities for staff to practice what they learned didactically. We provided hands-on 

experience for all staff to understand how to correctly use names and pronouns and how to apologize when mistakes 

are made.  

Table 1. Types of training programs to help staff develop awareness and sensitivity regarding LGBTQ-related 

healthcare issues. 
Type of Program Description 
Cultural Competency & 

Unconscious Bias training 
All staff who interact with patients including leadership, providers, non-providers, 

dietary, environmental services, etc. 

Training should include: 
• terminology, culture, disparities, inclusion

• practice explaining to the patient what will be collected, why, how it will be

used, and privacy of the information

• practice asking sensitive questions

• how to apologize when mistakes are made

Workflow training All clinical staff who collect information 

Training should include: 
• Procedure to collect information

• Best practice alerts & how information is used in Clinical Decision Support

Chart corrections

Modifying the EHR: Data Elements 

EHRs have historically not included necessary fields to adequately capture SOGI and other LGBTQ-related 

information. Some commercial EHR vendors are now providing updates to address this gap. In our experience, we 

found it important to create discrete fields to document: Gender Identity, Sex Assigned at Birth, Sexual Orientation, 

Family Inclusive Values for Relationships, and Correct Name & Pronouns (Table 2). 

Table 2. Discrete data elements that should be collected in the EHR to support inclusive care. 

Data Element Description 
Legal Sex Administrative or legal sex 

Ex: Male, Female, Unknown, X, Nonbinary 
Gender Identity The gender with which a person identifies  

Ex: Female, Male, Transgender Female/Male-to-Female, Transgender 

Male/Female-to-Male, Other, Choose not to disclose 
Birth Sex Sex observed at birth as recorded on the birth certificate 

Ex: Female, Male, Unknown, Not recorded, Uncertain, Choose not to disclose 
Affirmation History & 

Organ Inventory 
Medical steps taken to transition/affirm gender 
Ex: Steps taken, future plans, organs present, organs constructed, enhanced 

Pronoun Correct pronouns 
Ex: he/him/his, she/her/hers, they/them/theirs, ze/zem/zir 

Name Correct first name and correct last name. Patients may not have taken or 

completed steps to change their legal name. 
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Data Element Description 
Marital Status Add LGBTQ family-inclusive options 

Ex: Domestic Partnership 
Emergency Contact Add LGBTQ family-inclusive options  

Ex: Domestic Partnership, two mothers, two fathers 

Modifying the EHR: Clinical Decision Support 

To be effective, the information collected in Table 2 must be incorporated into clinical decision support tools within 

the EHR. In our implementation, significant changes were required to workflows for ordering and reviewing 

diagnostic tests, blood bank ordering, managing medications, billing, and quality reporting. Table 3 lists 

considerations for reviewing EHR clinical decision support for health maintenance and medication. 

Table 3. Considerations for clinical decision support. 
Decision Support Consideration 
Alert identifying missing/inconsistent 

documentation of Legal Sex 
When there are inconsistencies among Legal Sex, Sex Assigned at 

Birth, and Gender Identity, alert providers that there is additional 

information that should be reviewed.  
Pregnancy-related Alerts 

• Immunization Safety

• Rhogam

• Perinatal

• Gestational Diabetes

Legal Sex is not clinically accurate for determining if a patient is 

pregnant. Update to disregard Legal Sex and instead consider 

Pregnancy Condition. 

Medication Alerts 
• Topiramate (Topamax)

• Depakote

• Mycophenoloate

Legal Sex is not clinically accurate for determining if a patient has a 

uterus and is able to bear children. Update to disregard Legal Sex and 

consider Sex Assigned at Birth, Organ Inventory, and Surgical History. 

Cancer Screening 
• Cervical (Pap)

• Mammography

Legal Sex is not clinically accurate for determining if a patient has a 

cervix or breasts. Update to disregard Legal Sex and consider Organ 

Inventory. 
STD Screening 

• Chlamydia

Legal Sex is not clinically accurate for determining if a patient has 

female organs. Update to disregard Legal Sex and consider Sex 

Assigned at Birth. 

306



Modifying the EHR: Data Collection Workflow 

In our experience, it was important to define the process by which the organization collected LGBTQ-related 

information, taking into consideration who will collect it and in what setting. We found that asking these sensitive 

questions a private setting where a patient feels safe was imperative. Targeted training was necessary to educate staff 

on understanding their role in data collection and privacy. We used the workflow shown in Figure 2, which was 

designed to address typical situations where registration areas are lacking in privacy. 

Figure 2. Workflow for collecting sexual orientation and gender identity-related information. 

Table 4 lists clinical domains and activities that must be reviewed in light of LGBTQ-related data collection changes 

made to the EHR. We found that significant work was required to ensure that the proper data fields were communicated 

across systems. This remains a challenge due to the absence of industry standards for defining Legal Sex, Sex Assigned 

at Birth, Pronouns, and Gender Identity.  

Table 4. Domains and activities that may be impacted by LGBTQ-related data collection changes to the EHR. 
Domain/Activity Considerations 
Laboratory What determines male vs female? What will be used for standard reference ranges? If sex 

is unreliable, can standard values for male and female be reported? What are the 

requirements for patient identification on labels? 
Blood Bank What determines male vs female? How is Rh factor determined? 
Medication What determines male vs female? What is used for patient identification? 
Billing How are nonbinary values, name and pronouns used? 

Will the billing company reimburse when there is a mismatch between Legal Sex and 

Procedure? 
Bed Planning Will rooms be assigned based on legal sex, gender identity, or sex assigned at birth? 
Healthcare 

Exchanges 
Can exchanges incorporate Gender Identity and Sex Assigned at Birth? How will data be 

reported and matched? 
Quality Reporting What is needed for the metric? Legal Sex, Gender Identity, or Sex Assigned at Birth? 
Notes & 

Documentation 
Use patient’s correct name and pronouns. Use Legal Sex, Gender Identity, or Sex 

Assigned at Birth as applicable. 
Arm Bands & 

Labels 
What is required for positive patient identification? Are Legal Name and Legal Sex 

required? Incorporate Gender Identity, Correct Name and pronouns. 
Patient Portals What can be collected through the Portal? Can a questionnaire be used to initially collect 

LGBTQ-related information? Can proxies access the information?  
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RESULTS 

Table 5 shows results of training, data collection, and clinical decision support interventions. Geisinger’s initiatives 

to improve care for the LGBTQ population began in 2017. By March 2020, over 7,000 staff members had completed 

in-person Unconscious Bias trainings; 2,000 had completed in-person Safe Zone trainings, and 19,800 employees had 

completed an online Cultural Awareness course.   

Sexual orientation and gender identity information has been collected for 78,836 patients—approximately 36% of 

those visiting our Community Medicine Clinics. Considerable variability exists across clinics in the rate of information 

collection, with rates above 90% at student health centers, but far lower in clinics specializing in geriatric care.  

Between March 2019 and February 2020, 1,355 EHR alerts were generated based on mismatches between Sex, Gender 

Identity, and Sex Assigned at Birth. In 181 cases, clinicians accepted the alert and were re-directed to an activity in 

the EHR where they could review and/or enter clarifying information. 

Table 5. Results of training, data collection, and clinical decision support interventions from March 2019 through 

February 2020. 

Training Data Collection Decision Support 
1. Unconscious Bias training (in

person): provided to over 7,000 staff

including physicians, nursing &

patient access representatives

2. Safe Zone training (in person):

provided to over 2,000 staff

3. Cultural Awareness course (on-line):

19,800 staff completed the initial

course

Collected on 78,836 

patients in Primary Care, 

Urgent Care and some 

specialty clinics. 
• Average collection rate

is 36%

• Collection rate at

Student Health Centers

is 91%

• Fired 1,355+ BPAs on mismatches

between Sex, Gender Identity and

Sex Assigned at Birth.

• This resulted in 181 instances of

clinician re-direction to an activity

in the EHR to review and/or enter

clarifying gender identity data.

DISCUSSION 

The LGBTQ community faces notable barriers to receiving high-quality, respectful care. Addressing these barriers 

requires sensitive outreach to patients, innovative educational programs for clinical and operations staff, and 

significant changes to structures and workflows in the EHR. We spent more than one year developing cultural 

competency programs, redesigning policies, and adapting the EHR to include necessary LGBTQ-related care 

elements. To date, over 78,000 patients have responded to LGBTQ-related questions and we believe they are receiving 

safer, more inclusive care as a result. 

Leadership and Governance 

The foundation of success for our program was to create a leadership group with expertise and representation from all 

areas of the organization, including: executive leadership, operations, legal, revenue management, patient registration, 

health information management, and information technology. Perhaps most critical was the inclusion of strong allies 

from the LGBTQ community, who provided knowledge and perspective to those new to the journey. These individuals 

can serve as mentors for the larger team and encourage continuous improvement and monitoring of progress. We 

strongly recommend a similar leadership/governance structure to organizations undertaking similar initiatives.  

Technical Implementation 

A key component in a program to improve care for the LGBTQ community is modifying the EHR to include the 

necessary LGBTQ-related data elements and workflows. Collecting sexual orientation and gender identity information 

is not enough; organizations must determine how to effectively use the information once it is collected. Thoughtfully 

implemented clinical decision support tools will require accurate information in terms of Legal Sex, Sex Assigned At 

Birth, Gender Identity, Affirmation/Transition Information, and Organ Inventories. Recommendations for health 
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maintenance activities for transgender patients should suggest both male and female age-appropriate needs to avoid 

errors of omission and to allow clinicians to make patient-specific decisions. Finally, correct names and pronoun usage 

when addressing the patient, verbally and in clinical and administrative documentation, foster a respectful, accepting 

culture. It is essential that organizations communicate with patients regarding the use and potential sharing of sensitive 

information, and it goes without saying that inappropriate information use/sharing can be catastrophic for establishing 

trust of LGBTQ patients.  

Despite major advancements in health information technology standards, we face ongoing interoperability challenges 

with respect to LGBTQ-related data. Currently, standardized values for Legal Sex, Gender Identity, and Sex Assigned 

at Birth are not widely adopted. This issue affects healthcare delivery organizations in ways that are both obvious and 

subtle. For example, many states in the U.S. are changing drivers’ licenses—which are used as identification by many 

patients—to incorporate nonbinary values; however, a standard method to represent “non-binary” has not been agreed 

upon. Some states use an “X”, while others spell out “Nonbinary.” Additional work in this area is warranted, though 

the healthcare community cannot sit idly waiting for others to solve this problem. 

Data Driven Approach 

Geisinger’s cultural competency approach to LGBTQ care is driven by data. In an area without standards, it is critical 

to apply data to plan approaches, test potential solutions, carefully study results and adeptly make necessary changes. 

Geisinger is continually watching to understand how government agencies and vendors standardize the collection of 

data elements. In Geisinger’s Pennsylvania market, the governor has created a COVID-19 Response Task Force on 

Health Disparity. In addition to race and ethnicity, healthcare providers are mandated to provide sexual orientation 

and gender identity data. While we celebrate this data-driven initiative, it emphasizes the need for standards across 

the host of electronic systems and vendors collecting and using the data to provide clinical services. 

A data driven approach is also critical to understand successes and failures on approaches to collect patient’s 

information and then again how to actively use the information once it’s been collected. Geisinger continually 

monitors collection rates by clinic and provides education as needed. The data validates unmet health care needs in 

our sizeable LGBTW community.  We ‘re able to better identify our patient needs and can manage these needs by 

clinicians who are more familiar and have greater expertise in addressing LGTBQ health care needs. As we move 

forward, we are looking at methods to use our data to reduce healthcare disparities and close care gaps. 

Education and Awareness 

Ongoing education is important to help staff become culturally aware and sensitive to the healthcare needs of the 

LGBTQ community. Being located in a traditionally conservative, rural area, this was one of Geisinger’s biggest 

challenges. Implementing a robust educational program may be a challenge for organizations already overwhelmed 

with initiatives, but its importance cannot be overstated. Because clinical and non-clinical staff create the patient 

experience, they must be prepared to embrace the LGBTQ community. No matter the setting, we recommend that all 

staff undergo training on LGBTQ terminology and disparities, generally, and the crucial importance of appropriately 

using preferred names and pronouns. Staff should be taught the importance of apologizing when a mistake is 

made. Most importantly, staff need opportunities to practice sensitive conversations so that they can interact with all 

patients with grace and understanding.  

We came to appreciate that providing respectful, high-quality care to the LGBTQ community should not be framed 

as a “one-and-done” initiative. The importance of on-going monitoring and continuous enhancement of programs 

cannot be overstated. From the data collection perspective, organizations should ascertain that data are being actively 

collected and utilized. New staff must be trained, and special attention must be given to those who are uncomfortable 

with LGBTQ-related topics. There must be continuous efforts to review health information technology vendors and 

their capacity to exchange LGBTQ-related information. Additionally, organizations should develop a network of 

educated providers to offer specialty care to patients and expertise within the health system. Finally, special attention 

must be paid to patient feedback, whether it comes from satisfaction surveys or comments left on social media. This 

feedback will allow organizations to continually monitor progress and make positive changes. 
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CONCLUSION 

Providing safe, inclusive, respectful care to the LGBTQ community is achievable through an investment in people, 

process, and technology. Among several regional and national recognitions related to this work, Geisinger is proud to 

have received the Leadership designation from the Human Rights Campaign, which recognized us for promoting 

equitable and inclusive care for LGBTQ patients and their families. If Geisinger can do it; so too can other healthcare 

organizations. While the journey of providing equitable care to their LGBTQ community is filled with challenges, the 

reasons for undertaking the journey are foundational and inspiring, and central to the mission of providing healthcare. 
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Abstract 

Monitoring response to antihypertensive medications is a frequent reason for outpatient visits.  Blood pressure (BP) 
is often documented as elevated, but no change in medication occurs (Medication Non-adjustment or MNA). We 
studied the frequency of MNA, reasons for non-adjustment, how reasons (including reasons for patient nonadherence) 
were documented, and whether they could be represented in a clinical care context ontology.  We examined 129 visit 
notes with MNA occurring in 80 cases (59%). We coded MNA as Conscious Maintenance (patient adherent but 
clinician continues therapy for stated reason), Nonadherence (clinician attributes BP elevation to patient 
nonadherence), and Finding Not Addressed (clinician does not indicate reasoning for MNA). We characterized 
Conscious Maintenance with 11 subcodes and Nonadherence with 6 subcodes.  Our ontology successfully represented 
relationships between concepts and reasoning, supporting the feasibility of formal representation of clinical care 
contexts for patient care, decision support and research. 

Introduction 

“Your patient’s blood pressure is elevated today. Are you going to adjust his antihypertensive medication?” 

“No. He forgot to take his pills this morning.” 

In our experience, this exchange occurs countless times daily in clinics and medical practices, resulting in “medication 
non-adjustment” (MNA). Its occurrence indicates that the clinical encounter may be wasted, a loss for all involved.*  
We wondered about the frequency of such wasted visits, as well as other types of MNA visits, and naturally turned to 
our clinical data repository of electronic health record (EHR) data to answer the question: 

1) How often does a visit in which an elevated blood pressure (BP) is detected result in an MNA visit? 

Information on diagnoses, vital signs and medications are all readily available in structured, coded form.  However, 
the reasons for therapeutic decisions (including inaction) – the “why” in clinical reasoning – is not similarly 
represented.[1] For information such as a differential diagnosis or reason for choosing a particular therapy we need to 
review clinical documentation such as visit notes. This is a common task in clinical research: extracting findings and 
outcomes from narrative text, typically carried out manually, sometimes with the assistance of natural language 
processing (NLP).[2] This led to our second research question: 

2) How does the clinician document the reason for MNA despite an elevated BP? 

We have recently begun developing an ontology for representing the context of clinical elements in EHR records that 
can be used to formally capture the “why” in the clinicians’ notes, to make information that is currently buried in 
clinical notes interpretable by a computer.  We have based our work on an analysis of the OBO Foundry,[3] surveys 
of the published medical literature on clinicians notes in EHRs[4] and clinical decision support systems,[5,6] and our 
own analyses of case reports, clinical notes and spoken communications during clinical visits.[7]  Trying to understand 
the frequency of various types of MNA visits (a research question in its own right) presented an opportunity to conduct 
informatics research that attempts to answer two additional questions: 

3) Does our ontology provide a means for representing the reason for the clinician’s MNA decision? 

4) Does the narrative text seem amenable to NLP in order to automate extraction of the reasoning? 

We sought to answer these questions through an analysis of patient records. This paper provides preliminary results 
of that research. 

                                                           
* Other reasons include running out of medications, a change in insurance coverage, confusion about what 
medications to take, etc., each of which could be addressed without an in-office blood pressure measurement. Of 
course, even when the patient has not adhered to medications, there may be value to the visit.  However, in our 
experience there are many occurrences where the sole purpose of the visit is to assess medication effectiveness. 
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Methods 

Data Set 

We searched our local i2b2 database for patients age 18 or greater with a diagnosis of essential hypertension (based 
on ICD10-CM “I10” codes) with one or more visits to ambulatory clinics in 2018.  We further restricted visits to 
medical or cardiology clinics (including general/internal medicine, primary care, family medicine, cardiology and 
heart failure) in which a systolic BP greater than 140mmHg and a diastolic BP of greater than 95mmHg were recorded 
during the visit, and a clinic note was available.  Patient visits that had no prior antihypertensive medications were 
considered out of scope and excluded from the study. Remaining visits constitute “High BP” visits. All data (vital 
signs, medication orders and visit notes) were manually de-identified. The project was approved by the Institutional 
Review Board of the University of Alabama at Birmingham (Protocol #300003240). 

Extraction of Clinical Context from Visit Notes 

The note text files were read to determine (1) medication adherence, (2) whether an antihypertensive medication was 
prescribed, (3) if a change in antihypertensive medication was prescribed (not a refill) including a different 
antihypertensive medication or a change in dose of the same antihypertensive medication, and (4) the reason (“why”) 
for changing (or not changing) an antihypertensive medication type or dose.   

High BP visits were first coded into the Clinician Action categories of “Medication Adjustment” (MA) or “Medication 
Non-Adjustment” (MNA) based on medication orders placed at the time of visit.  For each MNA visit, we examined 
the entire visit note to determine whether the patient’s adherence to antihypertensive medications was explicitly 
documented.  If nonadherence was explicitly documented the visit was coded as a “Nonadherence” visit.  Visits in 
which adherence was explicitly documented or not mentioned (that is, nonadherence was not explicitly documented), 
were coded as “Conscious Maintenance” visits if a reason for MNA was documented and “Finding Not Addressed” 
visits if no reason was provided. The visits were subcoded to characterize the types of reasons for Nonadherence or 
Conscious Maintenance.  Figure 1 depicts this coding strategy. 

Two of the authors (JJC and HDM) met periodically throughout the visit coding process to discuss new findings and 
come to a consensus on how the visits should be coded and how reasons for Nonadherence or Conscious 
Maintenance codes should be classified into subcodes, which were defined according to the reasons documented by 
the clinician.  When no explanation was given in the text file for the clinician’s MNA decision, the subcode 
“Unknown” was assigned. Visits were selected at random after fitting the inclusion criteria described above. Coding 
was discontinued after reviewing 20 consecutive visits with no new subcode findings. 

Ontology of Clinical Context 

A sequence of research projects has led us to develop a “starter set” ontology for representing how clinical concepts 
in the patient record (such as findings, conditions, procedures and the patient herself) relate to each other with 
respect to the patient’s clinical state.[4-7] Ultimately, we annotated 626 sentences from in-patient consult notes, 
outpatient visit notes, and transcripts of voice recordings from doctor-patient visits.  This resulted in 48 unique 
relationships that related concepts of 14 categories (e.g., patient, clinician, finding/condition, and intervention) to 
each other. Additional concepts were created to characterize contextual information, such as a finding/condition 
being a side effect of an intervention, or a justification being a reason for an intervention.  The formalism used in our 
annotations represents data as subject-predicate-object or concept-relationship-concept tuples such as patient-
has_finding/condition-hypertension, hypertension-has_intervention-amlodipine, amlodipine-has_reason-patient has 
failed hydrochlorothiazide. The ontology provides restrictions on relationships allowed to relate each pair of subject 
and object concepts. Two of the authors (JJC and TKC) reviewed the results of the text classification to match text 
mentions in the reviewed visit notes to the categories of subject and object concepts in our ontology and then 
reviewed the allowed relationships between the concept pairs, and selected, through consensus, the relationships that 
most closely represented the meaning of the original text mentions analyzed. 
Results 

Data Set 

The query of our clinical data repository identified 51,978 patients with a diagnosis of essential hypertension, an 
encounter in 2018, and age 18 or greater.  Of these, 38,158 had one or more visits to one or more of the 28 clinics of 
interest, with a total of 162,309 visits. Of these, 5,194 patients had a total of 6,987 High BP visits based on our criteria. 
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Our review process was terminated after a total of 129 visit notes for 96 unique patients were reviewed. Of these, 80 
notes (62%) on 64 unique patients represented MNA visits.  A total of 50 unique antihypertensive prescriptions were 
found (including various doses and combinations of 23 unique ingredients). There were 11 subcodes (59 cases) in 
which the patient took the prescribed medication and the clinician provided a reason for maintaining the same 
prescription despite an elevated BP (Conscious Maintenance).  There were 6 subcodes (16 cases) in which a reason 
for the patient not taking the prescribed medication (Nonadherence) was documented.  In 14 cases, the elevated BP 
was noted but no reason was given for MNA, and in 8 cases the BP elevation was not mentioned in the visit note. 
Figure 2 shows the coding of the visits and Table 1 show details of the subcoding. 

Applying an Ontology of Clinical Reasoning 

Our analysis of the sentences that discuss patient’s high BP or hypertension pharmacotherapy revealed that the 
concepts and relationships from our ontology[7] can easily be applied to formally represent most concepts included 
in these sentences. In all cases, the patient has the diagnosis of hypertension (patient-has_finding/condition), which 
has a recommended/ordered treatment (finding/condition-has_intention_of_intervention). For Conscious 
Maintenance cases, the intervention is being followed by the patient (patient or finding/condition-has_intervention) 
and the high BP has an explanatory reason (finding/condition is_caused_by). For Nonadherence cases, the intervention 
is not being followed by the patient (patient-has_absence_of_intervention), which has an explanatory reason 
(intervention [absent]-has_reason). For the cases in which high BP was not accessed, neither treatments nor the reasons 
are specified, thus they cannot be formally represented. Figure 3 illustrates the formal representation of each case 
using the concepts and relationships from our ontology.[7] 

Essential Hypertension (ICD10CM “I10” code) AND
Age 18+ Years AND

Medical/Cardiology Outpatient Visit AND
Prior Antihypertensive Medication Ordered AND
No Change in Antihypertensive Medication AND

Systolic BP>140mmHg AND Diastolic BP>95mmHg

High BP Visit

Medication 
change?

Medication
Adjustment Visit

Medication Non-Adjustment
(MNA) Visit

Patient Adherent? No (Documented) Yes or Not
Documented

Yes or Not 
Documented

Reason Given For Medication 
Non-Adjustment? Yes Yes No

Code Nonadherence Conscious 
Maintenance

Finding Not 
Addressed

Yes

No

 
Figure 1: Algorithm for selection of High Blood Pressure Visits, classification as Medication Adjustment or 
Medication Non-Adjustment (MNA) Visits, and coding of MNA Visits based on patient adherence to previously 
prescribed medications and reason documented by the clinician for not adjusting the patient’s medication. 
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Discussion 

In our limited sample of clinic visits, 62% were found to be MNA visits.*  We studied 80 visit notes of patients with 
BP elevation that was not followed by a change in hypertension pharmacotherapy. We found that MNA visits related 
to essential hypertension occur frequently and that reasons of non-adjustment are usually documented in visit notes.  
We also found that while the majority of cases involved maintaining existing medication for some secondary 
consideration, a significant portion of MNA visits involved non-adherence to prescribed medications due to a variety 
of causes. Our study has the limitations inherent in using a data set focused on a single condition from a single 
institution.  Although confirmation in other settings is necessary, we have at least disproven the null hypothesis that 
clinicians do not document reasons or justifications for non-adjustment in their assessments and plans. 

The ontology used in this study builds on prior work on formal representation of clinical context [6,7] which was 
required in the absence of the existence of appropriate terminologies in the OBO and the larger Unified Medical 
Language System (UMLS).[4] The subcodes in this study were developed for use with hypertension-related primary 
care visit notes. While some are fairly domain-specific( e.g., “Lower Repeat BP”), many should be relevant to any 
situation (disease and setting) in which a clinician is considering medication adjustment (e.g., “Memory Loss”). As 
with any extension of knowledge representation into a new domain, additions will likely be needed.  Once more 
general applicability is demonstrated, our ontology should be suitable for inclusion in open source ontology 
repositories such as OBO and UMLS.   

While our study can be considered preliminary and cannot be used to estimate the overall impact of subjective factors 
such as patient forgetfulness, the results are suggestive of a potential target for improving the efficiency of routine 

                                                           
* This number would have been much higher if our selection criteria for BP visits had considered elevation of either 
systolic or diastolic BP to be sufficient for inclusion, rather than requiring elevation of both. 

162,309 Visits meeting date, diagnosis, 
age, and clinic type inclusion criteria

6,987 High BP Visits

Medication 
change?

49 Medication
Adjustment Visits

80 Medication Non-
Adjustment  (MNA) Visits

Yes

No

129 Visit Notes Reviewed

Non-Adherence: 16Conscious 
Maintenance: 59

Finding Not 
Addressed: 22

 
Figure 2: Coding of visit notes according to the protocol in Figure 1.  Note that some visits were coded with 
multiple reasons for MNA. Details of the subcodes are shown in Table 1. 
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visits, acute visits, and patient care in general. Our findings can inform future studies that would benefit from being 
able to access the clinician’s documentation for why the patient did not take their medication and why the clinician 
did not take any action. Such studies are greatly facilitated by the current availability of a digital infrastructure 
produced by nationwide adoption of EHRs;[8] however, while this infrastructure facilitates extraction of structured 
data (e.g., diagnosis of hypertension and orders for antihypertensive medications), methods for extracting information 
from narrative text (which includes reasons for not changing a medication) are often suboptimal.[9] Therefore, use of 
structured data, where available, continues to be the preferred method for reuse of EHR data in research[10], and the 
need for improving computational methods capable of processing narrative data has become paramount.[11] 

EHR data are also a fundamental resource for the logic used in clinical alerting systems. These systems have 
traditionally been most successful using structured data, with narrative text generally being inaccessible for processing 
alert logic. For example (and coincidentally relevant to the subject of MNA visits), in a study of the impact of a 

Patient Essential
Hypertension

[Antihypertensive
Medication]

Has_intention_of_interventionHas_Finding/Condition

Blood Pressure
160/95

Proximate Stress
(Text: “Patient having pain today”)

Patient Essential
Hypertension

[Antihypertensive
Medication]

Has_Intention_of_Intervention

Has_absence_of_intervention

Has_Finding/Condition

No Medication Available
(Text: “Patient ran out of medications”)

A. Conscious Maintenance

B. Nonadherence

C. Finding Not Addressed.

Blood Pressure
160/95

Patient Essential
Hypertension

[Antihypertensive
Medication]Has_Intention_of_Intervention

Has_Intervention

Has_Finding/Condition

Blood Pressure
160/95

is_caused_by

Has_intervention

Change in Antihypertensive
Medication

 
Figure 3: Representation of major codes for documentation of medication non-adherence visits using an 
emerging ontology for formal representation of clinical care contexts[7]: (A) Conscious Maintenance (clinician 
acknowledges the BP elevation and medication adherence by the patient but continues current therapy for some 
stated reasons), (B) Nonadherence (clinician acknowledges the BP elevation and attributes it to the patient not 
taking medication, with or without documentation of the patient’s reason), and (C) Finding Not Addressed 
(clinician does not acknowledges the BP elevation). 
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commercial EHR implementation at a large, integrated care delivery network, Colicchio and colleagues found that an 
alert recommending treatment of patients with elevated BP could not be overridden, resulting in the documentation of 
high BP for cases in which the clinician generally considered the patients to be “in control” (Conscious 
Maintenance).[12] When interviewed, the clinicians suggested that when using these data for research, changes to 
antihypertensive treatment should be considered as a covariate for a “true” assessment of patients “not in control.” 

Reuse of EHR data for research and decision support (as well as billing, quality assurance, administrative functions, 
etc.) notwithstanding, our examination of the scientific literature shows, not surprisingly, that the primary reason for 
clinicians to document patients’ findings, and their own interpretations and decisions is for patient care, while the 
strategies for retrieving and synthesizing such information vary with care goals.[6] One of the current challenges in 
EHR functionality is navigation of clinical documentation in the face of information overload.[13] 

We believe that formal representation of the clinician’s observations, interpretations, questions and decisions – what 
we refer to as the patient’s care context – can advance informatics and clinical research, decision support, learning 
health systems, and information navigation.  Consider the possibilities if the clinician’s documentation of MNA visits 
were well-structured. A health outcomes researcher would be better able to tell when a medication was working or 
not working by knowing when patients are compliant or noncompliant and the reasons for the latter (side effects, cost, 
cure, forgetfulness, etc.). A clinical decision support system could avoid inappropriate alerts (by being able to process 
in its logic such contextual elements), thus reducing the need for clinician override and its attendant alert fatigue. And 
a clinician, wishing to determine next steps in a patient’s care plan could be provided with a succinct summary of past 
medications and assessments of their effectiveness, which could facilitate navigation and information synthesis. The 
added knowledge could also be useful for a learning health system by adding missing contextual elements to the 
analysis of large-scale data sets.[14] 

There are, of course, challenges to obtaining structured clinical context data.  We used a manual approach for this 
study to assess the availability of information in the EHR, but we do not expect that manual extraction will be 
reproducible or even feasible on a large scale.  Extracting clinician reasoning for MNA and other decisions for 
retrospective analysis (for research and quality assurance) and in real time (for decision support and improved clinical 
workflow) will need to rely on automated methods. 

We are encouraged by our findings that (a) the rationale for a clinician’s decision is generally present in visit notes, 
(b) unknown (not justified/addressed) cases seem to be relatively rare, and (c) the rational, at least at a generic level, 
seems to involve a fairly small number of concepts.  We were also encouraged that the ontology we are developing is 
capable of representing these concepts and their relationships to patient findings and conditions and to each other.  
However, the wide variety of phrasing used to represent the reasoning is so broad (with subcodes rarely being 
expressed more than once in the same exact way) suggests that the use of NLP to extract context will be even more 
difficult than inherently simpler domains like patient symptoms.[8] 

If NLP is not feasible, we will need to consider other methods by which clinicians can document context in structured 
form, which may likely emerge from the combination of prominent methods such as conversational speech recognition 
and other modern language understanding methods.[15,16] Given the current concerns about documentation burden 
as factor in clinician burnout, solutions will be challenging.[17]  However, structured documentation in EHRs has 
been successful for certain tasks when there are tangible benefits. The benefits of structured documentation of clinical 
context (including the ability to check for completeness) will need to be made similarly apparent to the clinicians 
actually tasked with doing the documentation. 

Conclusion 

We have explored the documentation of patients’ adherence to antihypertensive medication prescriptions and 
clinician’s interpretations and reasoning for choosing not to adjust antihypertensive medications, when patients are 
and are not adherence to prescribed therapy.  We found that documentation does occur and can be represented in our 
evolving ontology of clinical context.  Both of these findings are necessary, although not sufficient, for moving 
forward with developing ways to formally capture such information to support multiple uses of EHR data, including 
patient care, decision support, and clinical research. 
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Table 1: Subcodes of reasons documented in 80 patient notes by clinicians for not changing a patient’s BP 
medication, despite an elevated reading.  

Main Code Subcode* Count Example Description 

Conscious 
Maintenance 

Will Monitor 14 "He will keep a home BP log 
and send to me in 1 week" 

MD wants patient to monitor 
BP at home and report findings 

Objective 
evidence of 
normal tension 

11 
"Blood pressure has been well 
controlled when taken by the 
patient at home." 

Patient’s home bp recordings 
are lower that in MD’s office 

Lower Repeat 
BP 9 

"In office blood pressure is 
automatic 136/74 (recheck), 
manual recheck L-122/82, R-
120/80." 

BP decreased on repeat 
measurement; notes indicate 
this as justification for not 
changing medication 

Proximate Stress 7 "She thinks it is high today due 
to pain" 

BP increase attributed to stress, 
including pain and “white coat 
hypertension” 

Proximate Diet 6 "He ate sausage this AM, so 
his BP is a bit high." BP increase attributed to diet  
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Mild 
Hypertension 4 "Benign HTN with CKD stage 

IV: BP fairly well controlled." BP close to target 

Patient 
Education 3 

"Discussed bp management. 
Options and alternatives were 
discussed." 

Discussed actions to reduce BP 
(e.g., exercise, weight loss, 
smoking cessation, decreasing 
alcohol intake, dietary changes)  

Treatment 
Delayed 2 

"She was sent down to the 
emergency room by patient 
escort and nursing personnel 
from this office." 

Treatment was delayed for 
various reasons including 
hospitalization or positive ilicit 
drug screening 

Partially 
Improved 1 "Improved, continue with 

current meds" 
BP noted by improved since 
last visit 

Consult 1 
"Will discuss with his 
cardiologist and see if we can 
increase coreg vs add amlo" 

Decision deferred to discussion 
with consultant 

Proximate 
Medication  1 "Elevated today (he is 

currently on steroid pack)" 
BP increase attributed to 
another medication 

Nonadherence 

Unknown 6 

"Off BP meds, drinks 4 cups 
coffee everyday, does not 
exercise, does not add 
additional salt. restart meds" 

No reason for nonadherence 
documented 

No Medication 
Available 4 

"Ran out of all of his 
medications "a while ago" so 
has not been taking any of 
them. Poorly controlled today 
but not taking his 
medications." 

Patient does not have 
medication (might be many 
reasons for this) 

Memory Loss 2 

"Off the first two meds for 
unclear reasons. Only taking 1 
med, not sure about the other, 
Family worried about memory, 
forgetting meds"  

Poor compliance due to 
memory disturbance 

Emotional Stress 2 

"She admits she has not been 
compliant with her 
medications for the past few 
months due to the grief of her 
mother's passing." 

Poor compliance due to 
emotional stress 

Symptom or 
Sign attributed 
to Medication 

1 
"Has reduced and come off BP 
medication due to muscle 
cramps." 

Anti-hypertensive medication 
causingn side effects 

Self-Medication 
Management 1 

"It sounds like he takes his 
medicines however he 
basically takes them as he sees 
fit." 

Patient does not adhere to 
medication schedule 

Finding Not 
Addressed 

Finding Not 
Addressed 22 

"Here today with persistent 
nausea, abdominal pain and 
"just feeling so sick."" 

Elevated BP not mentioned in 
visit note 

*Some visits were coded with multiple subcodes. 
Abbreviations: BP: blood pressure; MD: doctor of medicine; CKD: chronic kidney disease; IV: intravenous; PHI: 
protected health information. 
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Abstract  

Introduction. We systematically analyzed the most commonly used narrative note formats and content found in 
primary and specialty care visit notes to inform future research and electronic health record (EHR) development.  
Methods. We extracted data from the history of present illness (HPI) and impression and plan (IP) sections of 80 
primary and specialty care visit notes. Two authors iteratively classified the format of the sections and compared the 
size of each section and the overall note size between primary and specialty care notes. We then annotated the content 
of these sections to develop a taxonomy of types of data communicated in the narrative note sections.  
Results. Both HPI and IP were significantly longer in primary care when compared to specialty care notes (HPI: n = 
187 words, SD[130] vs. n = 119 words, SD [53]; p = 0.004 / IP: n = 270 words, SD [145] vs. n = 170 words, SD [101]; 
p < 0.001). Although we did not find a significant difference in the overall note size between the two groups, the 
proportion of HPI and IP content in relation to the total note size was significantly higher in primary care notes (40%, 
SD [13] vs. 28%, SD [11]; p < 0.001). We identified five combinations of format of HPI + IP sections respectively: 
(A) story + list with categories; (B) story + story; (C) list without categories + list with categories; (D) list with 
categories + list with categories; and (E) list with categories + story. HPI and IP content was significantly smaller in 
combination C compared to combination A (-172 words, [95% Conf. -326, -17.89]; p = 0.02). We identified seven 
taxa representing 45 different types of data: finding/condition documented (n = 14), intervention documented (n = 9), 
general descriptions and definitions (n = 7), temporal information (n = 6), reasons and justifications (n = 4), 
participants and settings (n = 4), and clinical documentation (n = 1). 
Conclusion. We identified commonly used narrative note section formats and developed a taxonomy of narrative note 
content to help researchers to tailor their efforts and design more efficient clinical documentation systems. 
  

Introduction 

Primarily driven by financial incentives provided by the Meaning Use program, the U.S. health system has 
reached unprecedented electronic health record (EHR) adoption1, which was achieved through large-scale adoption 
of commercial EHRs2. These systems were adopted before facing a thorough redesign3 and before accumulation of 
compelling evidence of their full impact4. As a result, new unintended consequences have emerged at different levels 
of the U.S. health system5. Some notorious limitations of current systems include confusing interfaces6, excessive, 
overzealous alerts and reminders7, and bloated clinical notes8. The latter is particularly challenging because the clinical 
documentation that is essential in facilitating memory and recall and to enable understanding and care coordination9, 
has become an increasing source of frustration among clinicians10. Clinical notes play an important role in the so 
called EHR-associated documentation burden as they contribute to information overload11. In addition, notes created 
in the U.S. digital health system are significantly longer than similar documentation in other developed countries12, 
are not created to increase clinicians’ situational awareness13, often contain redundant information14, and in some cases 
may never be read despite containing information relevant to patient care15. To compensate for the need to enter 
narrative data manually, clinicians frequently create their notes by using the patient’s previous note, a remediable 
practice known as “copy-and-paste”16, which facilitates immediate data entry but further aggravates the documentation 
burden, and compromises note quality and patient safety17.  

To address EHR limitations and their impact on clinical documentation, informatics leaders and researchers 
have proposed multiple solutions such as improving EHR design, interoperability, smarter clinical decision support 
(CDS) systems, transferring some data entry to patients18, and more recently, adoption of speech recognition and other 
computational methods3. We believe that these solutions, if implemented in isolation, may not be sufficient because 
they will be applied without a formal representation of relevant data about patients’ care context. We define patients’ 
care context as contextual information about the patient’s health and care (e.g., patient reports that his symptoms are 
getting worse), the underlying reasons behind a clinician’s decisions (e.g., a new imaging test is needed because the 
patient’s symptoms are worse), or a clinician’s interpretations (e.g., I believe the patient is not eligible for advanced 
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therapy). By not being able to access relevant information considered by clinicians in their care decisions, irrelevant 
alerts continue to be fired7, data-entry consumes precious time that would otherwise be dedicated to direct patient 
care19, and EHR navigation forces clinicians to access isolated EHR components, which includes the tedious tasks of 
finding and reading long notes to search for data that are not always documented or cannot be found20. 

We hypothesize that improving the EHR and particularly clinical documentation systems, will demand efforts 
in two important research areas: (1) creation of a formalism to represent patients care context data in computable form 
(modeled, structured, and coded); (2) a better understanding of the narrative content communicated in clinical notes. 
In previous studies we have developed a formalism to represent patients’ care context as a collection of subject-
predicate-object or concept-relationship-concept tuples (e.g., patient-has_intervention-amoxicillin or amoxicillin-
has_reason-allergic to ciprofloxacin). These tuples were formulated through a series of studies reporting clinical and 
contextual concepts and semantic relationships elicited from the literature21-22 and in annotations of clinical notes and 
patient-physician spoken communications during clinical visits23. In the latter, we have suggested several applications 
of the tuples to improve EHR navigation, CDS, learning health systems and data entry at the point of care.   

Although several studies have assessed clinicians’ perceptions of clinical documentation systems from 
multiples perspectives such as the purposes of clinical notes, documentation of clinicians’ reasoning in their notes, 
preferred methods for note creation and preferred methods for note reading/retrieval24, current literature does not 
provide a systematic assessment of the content communicated in narrative note sections. Therefore, to augment our 
findings from previous studies21-23 and inform future research and EHR development, in the present study we explore 
the types of narrative data communicated in clinical notes and the most common formats used to create narrative note 
sections.  

  
Methods 

Settings and Study Design. We conducted a descriptive study to identify the most commonly used note section formats 
and types of data communicated in narrative note sections. We extracted data from the note sections history of present 
illness (HPI) and impression and plan (IP) from a random sample of 80 primary and specialty care visit notes written 
between 03/01/2019 and 06/30/2019 at the University of Alabama-Birmingham (UAB) primary and specialty care 
clinics. Forty primary care notes were selected from the specialty internal medicine and 40 specialty care notes were 
selected from the specialties ear, nose, and throat (ENT) (20 notes) and urology (20 notes). We choose the note sections 
HPI and IP because they are more likely to contain the expressivity of patients’ care context, which is not typically 
found in more structured note sections such as “medication list” or “laboratory results.” We chose the specialties 
internal medicine, ENT and urology because they provide a wide range of concepts ranging from common infections 
and chronic diseases to complex surgeries, thereby increasing their generalizability. The UAB Institutional Review 
Board approved the study. 

Identification of note section format and size. One of the authors (TKC) extracted the content from HPI and IP 
sections of the selected notes and replaced any identifiable information with the acronym PHI (protected health 
information). Two authors (TKC and PID) iteratively classified the content of the sections of each note as story (i.e., 
two or more coherent sentences that form a paragraph – Figure 1-A), list with categories (i.e., list of sentences that do 
not form a coherent paragraph, but are organized by category – Figure 1-B) and list without categories (i.e., list of 
sentences that neither form a coherent paragraph nor are organized by category – Figure 1-C). When two formats were 
found in the same note section (e.g., story and list with categories), we classified the section using the predominant 
format (i.e., the larger one by number of words). We calculated the total number of words for each note (the entire 
note), and the total number of words in each narrative note section (HPI and IP). Next, we identified the most common 
combinations of note formats used. We then performed the following comparisons: (1) the size of each note section 
(HPI and IP) between primary and specialty care notes; (2) the combined size of HPI and IP between primary and 
specialty care notes; (3) the total note size between primary and specialty care notes; (4) the proportion of content in 
HPI and IP in relation to the total note size between primary care and specialty care notes; and (5) the size of the 
different combinations of format for HPI and IP across the whole sample.     
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  /  
Figure 1. Examples of the note formats story (A), list with categories (B), and list without categories (C). 
 

Classification of note content. We were unable to find a publicly available classification of narrative note content, 
and therefore, we developed a coding scheme with types of data that are likely to be communicated in narrative note 
sections (e.g., history of a finding or intervention) based on concepts represented in our collection of note content 
tuples previously reported23. This initial scheme was used by two authors (TKC and PID) who independently annotated 
the de-identified content of HPI and IP sections of a random sample of five notes, and then met in person to modify 
the initial coding scheme by adding, eliminating, or merging codes via consensus. These authors then used the updated 
coding scheme to annotate a random sample of 15 notes (five from each specialty – internal medicine, ENT, and 
Urology). We calculated inter-rater agreement and upon satisfactory agreement (> 80% agreement and K >.80) we 
split the remaining sample between the two authors. If no satisfactory agreement was achieved, another sample of 15 
notes was annotated. This process was repeated until a satisfactory agreement was achieved or the whole sample was 
annotated. The coding scheme was modified as needed via consensus after each round. Annotations were performed 
at the sentence level with concepts (e.g., findings, procedures, orders) annotated individually, except when similar 
concepts were mentioned as a sequence in a sentence. For example, in the sentence “Patient has history of orbital 
cellulitis and bilateral nasal congestion,” the entire sentence was annotated as “history of finding/condition reported.” 
After annotating the 80 notes in our sample, the coding authors met in person to iteratively formulate categories of 
types of data communicated in clinical notes by merging similar codes from our final annotation scheme. These 
categories formed the taxa of a taxonomy of narrative note content. Note: at this preliminary stage, we avoided the 
use of generic types of data or taxa (e.g., other) and attempted to classify each annotated sentence in at least one type 
of data/taxon to avoid ambiguity.      

Data analysis. We compared the size of each note section, of the combined note sections, of the total note, and of the 
proportion of narrative note sections between primary and specialty care notes using an independent t-test. To compare 
the size of the different combinations of note format we used the one-way analysis of variance (ANOVA), with 
statistical significance defined as p value < 0.05. If a significant difference between the combinations of formats was 
observed, we used the post hoc Tukey test for pairwise comparison of means with equal variance to identify which of 
the combinations differed. Inter-rater agreement for the annotations of narrative note content was calculated using 
Cohen’s Kappa. The statistical analysis was performed using Stata version 16 statistical software [StataCorp LP, 
College Station, TX]. The annotation of narrative note content was performed using NVivo version 12.          
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Results 
 

Overall, HPI sections in primary care notes were significantly longer than HPI sections in specialty care notes 
(mean = 187 words, SD[130] vs. mean = 119 words, SD [53]; p = 0.004). IP sections in primary care notes were also 
significantly longer than IP sections in specialty care notes (mean = 270 words, SD [145] vs. mean = 170 words, SD 
[101]; p < 0.001). When combined, the size of HPI and IP sections was also significantly longer in primary care when 
compared to specialty care notes (mean = 457 words, SD [203] vs. mean = 290 words, SD [187]; p < 0.001). Although 
the total size of the notes was not significantly different between primary and specialty care notes (mean = 1128 words, 
SD [49] vs. mean = 1081 words, SD [57]; p = 0.53), the proportion of HPI and IP content in relation to the total note 
size was significantly higher in primary care notes when compared to specialty care notes (40%, SD [13] vs. 28%, SD 
[11]; p < 0.001). Table 1 summarizes the comparisons of size between primary and specialty care notes. 
 
Table 1. Comparisons of size (in words) between primary and specialty care notes. 

Category Primary care, n (SD) Specialty care, n (SD) p value 
HPI 187 (130) 119 (53) 0.004 
IP 270 (145) 170 (101) < 0.001 
HPI+IP 457 (203) 290 (187) < 0.001 
Total 1128 (49) 1081 (57) 0.53 
Proportion ((HPI+IP)/Total) 40% (13%) 28% (11%) < 0.001 

 Abbreviations: HPI: history of present illness; IP: impression and plan; SD: standard deviation. 
   

The most common formats of HPI in primary care notes were story (notes = 36; mean size = 198 words, SD 
[131]), followed by list with categories (notes = 3; mean size = 99 words, SD [56]) and list without categories (notes 
= 1; mean size = 22 words, SD [0]). The most common formats of IP in primary care notes were list with categories 
(notes = 32; mean size = 288 words, SD [155]), followed by story (notes = 8; mean size = 197 words, SD [59]). The 
most common formats of HPI in specialty care notes were story (notes = 21; mean size = 130 words, SD [52]), followed 
by list without categories (notes = 14; mean size = 113 words, SD [55]) and list with categories (notes = 5; mean size 
= 92 words, SD [47]). The most common formats of IP in specialty care notes were list with categories (notes = 23; 
mean size = 123 words, SD [54]), followed by story (notes = 17; mean size = 233 words, SD [116]). None of the notes 
had the IP section classified as list without categories. Table 2 summarizes the average size of each note section per 
note format and specialty. 
 
Table 2 Average size (in words) of each note section per note format and specialty. 

 Format HPI, mean (SD) Notes IP, mean (SD) Notes 
Primary care     
List with categories 99 (56) 3 288 (155) 32 
List without categories 22 (0) 1 - - 
Story 198 (131) 36 197 (59) 8 
Specialty care     
List with categories 92 (47) 5 123 (54) 23 
List without categories 113 (55) 14 - - 
Story 130 (52) 21 233 (116) 17 
Combined     
List with categories 94 (47) 8 219 (147) 55 
List without categories 107 (55) 15 - - 
Story 173 (113) 57 221 (101) 25 

Abbreviations: HPI: history of present illness; IP: impression and plan; SD: standard deviation. 
 

We identified five combinations of format of HPI and IP sections respectively: (A) story + list with categories 
(notes = 36; mean size = 415 words, SD [222]); (B) story + story (notes = 21; mean size = 396 words, SD [156]); (C) 
list without categories + list with categories (notes = 15; mean size = 243 words, SD [81]); (D) list with categories + 
list with categories (notes = 4; mean size = 312 words, SD [110]);  and (E) list with categories + story (notes = 4; 
mean size = 425 words, SD [115]). There was a statistically significant difference between the combinations of formats 
as determined by one-way ANOVA (F(4,75) = 2.75, p = 0.03). A Tukey post-hoc test revealed that HPI and IP content 
was significantly smaller in combination C compared to combination A (-172 words, [95% Conf. -326, -17.89]; p = 
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0.02). Table 3 summarizes the size of each combination of narrative note format and Figure 2 illustrates the size and 
the number of notes by combination of formats. 
 
Table 3. Average size (in words) of each combination of narrative note format. 

  Primary care Specialty care Combined 
Combination (HPI + IP) Mean (SD) Notes Mean (SD) Notes Mean (SD) Notes 
A - Story + list with categories 470 (216) 28 221 (105) 8 415 (222) 36 
B – Story + story 468 (191) 8 352 (118) 13 396 (156) 21 
C - List without categories + list with categories 342 (0) 1 236 (80) 14 243 (81) 15 
D - List with categories + list with categories 334 (123) 3 245 (0) 1 312 (110) 4 
E - List with categories + story - 0 425 (155) 4 425 (115) 4 

Abbreviations: HPI: history of present illness; IP: impression and plan; SD: standard deviation. 

 

 
Figure 2. HPI+IP size by format combination (left) and number of notes by format combination (right). 

 
After the definition of an initial coding scheme and an initial round with independent annotation of 15 notes, 

inter-rater agreement was 83%, K .83, we therefore split the remaining sample between the two coding authors.  
We identified 45 types of data communicated in narrative note sections. The most common types of data in 

HPI in primary care notes were “history of intervention reported” (n = 106) and “history of finding/condition” reported 
(n = 106), followed by “description or value of a finding/condition” (n = 87). The most common types of data in IP in 
primary care notes were “intervention planned or recommended” (n = 299), followed by “date of an intervention” (n 
= 220), and “finding/condition present/presumed” (n = 114). The most common types of data in HPI in specialty care 
notes were “history of intervention reported” (n = 98), followed by “history of finding/condition reported” (n = 73), 
and “date of an intervention” (n = 65). The most common types of data in IP in specialty care notes were “intervention 
planned or recommended” (n = 110), followed by “intervention performed during the visit” (n = 64), and “reason for 
ordering or performing an intervention” (n = 43). We classified the types of data into seven taxa: 1 - finding/condition 
documented (n = 14), 2 - intervention documented (n = 9), 3 - general descriptions and definitions (n = 7), 4 - temporal 
information (n = 6), 5 - reasons and justifications (n = 4), 6 - participants and settings (n = 4), and 7 - clinical 
documentation (n = 1). Figure 3 illustrates the taxonomy of narrative note content and Table 4 lists the 45 types of 
data communicated in narrative note sections. 
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Figure 3. Taxonomy of narrative note content with total annotations by taxa and specialty. 

  
Table 4. List of types of data identified in the annotations of HPI and IP note sections. 

  
Primary 

care 
Specialty 

care 
Taxa Type of data Description Example HPI IP HPI IP 

2 
Intervention planned or 
recommended 

Documentation of the intention to start 
an intervention, or intervention 
recommended 

We will get him set up to see the 
interventional radiologists to discuss 
sclerotherapy 7 299 9 110 

2 
History of intervention 
reported 

History of an intervention documented 
in the note Dilated eye exam in 2019 106 88 98 36 

1 
Finding/condition 
present/presumed 

A finding/condition that is currently 
affecting the patient  

Diagnosis: Acute upper respiratory 
infection 54 220 22 11 

3 
Description or value of a 
finding/condition 

Description or quantitative value of a 
finding/condition 

Dizziness feels like spinning or 
lightheaded sensation 87 106 55 14 

4 Date of an intervention 
One-time event, specific time or onset 
of an intervention informed 

On February 7 he underwent a 
scrotal ultrasound 42 114 65 38 

1 
History of finding/condition 
reported 

History of a finding/condition 
documented in the note 

Past medical history of thyroid 
cancer 106 54 73 23 

5 
Reason for ordering or 
performing an intervention 

Reason for an intervention including 
diagnostic process  

 If not improved, would obtain sleep 
study 43 99 25 48 

1 
Finding/condition absent or 
denied 

Statement indicating that a 
finding/condition is not reported, is 
denied or is absent 

No evidence of inflammatory 
arthritis 69 21 53 8 

2 
Intervention performed 
during the visit 

Any intervention performed/discussed 
during the visit  Right cerumen impaction removed 6 60 5 64 

3 
Patient demographic 
information 

Patient demographic information 
described in the note 

Patient is a 41-year-old Hispanic 
female 41 26 31 21 

4 Frequency of an intervention 
Statement indicating the frequency of 
an intervention Continue daily allopurinol 28 50 9 10 

1 
Anatomical site of a finding 
condition 

Indication of the anatomical site of a 
finding or condition 

Reports great improvement in left 
foot redness and swelling 39 9 33 14 

1 
Finding condition suggested 
by intervention or clinician 

A specific finding/condition suggested 
by an intervention or by a clinician 

Comprehensive review of systems is 
completely negative 19 60 4 10 

2 
Intervention 
present/presumed 

Statement indicating that patient has 
an active intervention 

Chronic lower back pain is currently 
managed by pain clinic 37 34 17 2 

2 
Intervention absent or 
denied 

Statement indicating that an 
intervention is not reported, is denied 
or is absent 

They are not using any form of birth 
control 23 33 29 2 
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3 

Clinical interpretation about 
a finding/condition or 
intervention 

Explicit interpretation of a 
finding/condition or intervention 
documented 

No history of depression and I think 
her symptoms are consistent with 
normal grief 6 57 1 22 

3 
Description of patient 
education 

Statement about patient 
education/counselling or 
comprehension 

Education topics: Nutrition and 
exercise education 1 38 1 43 

2 
Effectiveness or the lack 
thereof of an intervention 

Inference about the effectiveness or 
the lack thereof of an intervention Symptoms improved  with steroid  22 19 20 13 

1 
Progress of a 
finding/condition The progress of a finding/condition 

She states this has continued 
unchanged over the last 2 months 30 12 20 6 

2 
Intervention as the reason 
for a visit 

An intervention documented as the 
reason for the visit 

Presents today for packing and splint 
removal 30 19 15 4 

3 
Social habits, lifestyle or 
environment 

Description of social habits, lifestyle 
or environmental factors that affect 
patient's health 

Patient states she is eating smaller, 
healthier meals 35 21 8 3 

4 Date of a finding/condition 
One-time event, specific time or onset 
of a finding/condition informed His blood pressure is elevated today 24 21 20 2 

3 
Description or value of an 
intervention 

Description or quantitative value of an 
intervention 

Patient was able to control the 
bleeding at home by using rinses to 
expel initial clot  19 12 7 28 

1 
Finding/condition as reason 
for the visit 

A finding/condition documented as 
the reason for the visit 

Presents today for evaluation of head 
congestion 13 11 28 13 

6 Executor of an intervention 
Indication of the executor of an 
intervention 

Hypothyroidism: managed by Dr. 
PHI 6 15 28 7 

4 
Duration of a 
finding/condition 

Statement about the length of time of 
a finding/condition  

Shortness of breath over the past 2 
weeks  23 5 18 4 

6 
Setting/location of an 
intervention 

Setting/location where an intervention 
was performed (including diagnostic 
process) 

She was recently seen at St. 
Vincent’s 16 22 9 3 

3 
Description of a goal or 
preference 

Description of a specific goal or 
preference by the patient or the 
clinician 

Patient is  interested in 
pharmacotherapy for her anxiety 12 22 7 8 

1 
Finding/condition identified 
during the visit 

Finding/condition identified by the 
clinician during the visit 

Blood pressure mildly elevated 
today 4 20 1 22 

4 
Frequency of a 
finding/condition 

Statement indicating the frequency of 
a finding/condition  

She has frequent falls, >10 in the 
past year 17 3 19 3 

5 
Reason for not ordering or 
performing an intervention 

Reason or justification for not 
performing a procedure or 
intervention  

Based on his anatomy surgery would 
significantly improve his airway 5 17 8 9 

1 
Patient's overall state 
reported 

Statement about the overall state of 
the patient 

She notes that she is overall doing 
well 23 2 8 4 

1 Cause of a finding/condition 
Inference about the presumed cause of 
a finding/condition 

He was struggling with insomnia 
due to environmental factors 15 16 6 0 

7 
Clinical documentation or 
the lack thereof 

Documents mentioned in a clinical 
note or mentioned as missing 

Patient had another thyroid US in 
June 11 9 8 2 

4 Duration of an intervention 
Statement about the length of time of 
an intervention Has been on Ritalin since 2018. 11 6 3 9 

5 
Reason for discontinuing an 
intervention 

The reason for discontinuing an active 
or past intervention 

Patient no longer taking gabapentin 
as pain has resolved 9 10 3 4 

1 Suspected finding/condition 

A finding/condition described as 
suspected or as a current concern (not 
confirmed) 

Suspect chronic venous stasis 
changes plus volume overload 3 13 8 1 

1 
Finding/condition as coded 
diagnosis 

Coded diagnosis documented in the 
note Tonsillar mass - ICD10-CM R22.0. 0 0 0 24 

1 
Complicating factor of a 
finding/condition 

Inference about a factor that further 
aggravates a finding/condition 

Patient seen by ENT who diagnosed 
GERD as a contributor to allergic 
rhinitis 6 11 3 0 
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1 
Family history of 
finding/condition reported 

Family history of a finding/condition 
documented in the note 

Family history of premature 
cardiovascular disease 8 5 3 1 

2 Suspected intervention 
An intervention described as 
suspected or not confirmed 

Patient had one additional unknown 
test performed in Miami 2 2 3 0 

2 
Side effect of an 
intervention 

Documentation of the side effect of an 
intervention 

Patient states drying side effects of 
hydrochlorothiazide 4 0 2 0 

6 Visit participants 
Participants of the visit other than the 
patient Today she returns with her daughter 3 0 0 1 

5 
Reason for ruling out a 
finding/condition 

Reason for not considering (ruling 
out) a finding/condition  

Because it is a mild complaint, this 
less likely to be malignant 0 4 0 0 

6 Historian 
Indication of the person reporting a 
finding/condition or intervention 

Husband says she has been sleeping 
about 20 hours per day 1 0 0 1 

Note: Types of data are sorted by descending order of occurrences in all sources. Example sentences are shortened in 
some cases for the interest of space. Sentences may be classified in more than one type of data/taxon. Abbreviations: 
HPI: history of present illness; IP: impression and plan; PHI: protected health information; ICD-CM: International 
Classification of Diseases-Clinical Modification; GERD: Gastroesophageal reflux disease.  

 
Discussion 
 

We systematically assessed and classified the most commonly used narrative note section formats and 
narrative content reported in primary and specialty care notes. Although assessments of clinicians’ preferences about 
note formats and about the expressivity of clinicians’ reasoning found in narrative note sections have been previously 
reported24, to our knowledge, no systematic assessment of the most common formats used in narrative note sections 
is available in the literature. The quantitative assessment of note content redundancy and the deleterious effects of 
“copy-and-paste” have been also reported14, but an assessment of the most common types of data communicated in 
narrative note sections has not. Our findings will empower the broader medical and informatics communities by 
facilitating the identification of note content that is more commonly found in narrative note sections, and the most 
commonly used narrative note section formats to help informatics researchers to tailor their efforts and design clinical 
documentation systems that can accommodate common structures for documenting patients’ care context data. 

Primary care notes were found to have significantly longer narrative note sections when compared to 
specialty care notes. This is likely explained by the fact that primary care physicians tend to have a holistic view of 
the patient and usually treat or at least follow up on most patient’s present or presumed conditions, whereas specialty 
care clinicians tend to focus on specific findings and conditions that require immediate or long-term specialized care25. 
Although the overall note size was not significantly different between the two groups, primary care notes had 
significantly higher proportion of content in HPI and IP sections than specialty care notes. This is also consistent with 
a larger number of findings and conditions treated by primary care physicians. Our annotations demonstrate that the 
note section HPI was more frequently documented as a story in both groups, and the most common types of data in 
this section include “history of intervention reported” and “history of finding/condition reported,” but these are more 
frequent in primary care notes (106 instances vs. 98 instances and 106 instances vs. 73 instances, respectively), 
indicating a greater variety of concepts documented in primary care documents. A similar pattern was observed in the 
IP section with the most common format being list with categories in both groups, and the most commonly reported 
type of data in both groups being “intervention planned or recommended,” but with nearly triple the frequency of 
interventions found in primary care notes (299 instances) when compared specialty care notes (110 instances).    

Not surprisingly, our annotations revealed that narrative note sections frequently contain contextual 
information about the patient’s health and care and clinicians’ decisions. The top five types of data in HPI in both 
groups represent 40% of the overall HPI annotations, and include documentation of past or present findings, 
conditions, and interventions, as well as the description or value of findings or conditions (e.g., 
hemoglobin/hematocrit: 8/26). The top five types of data in IP represent 45% of the overall IP annotations and include 
interventions planned or recommended by the clinician as well as contextual data about intervention such as their date 
(e.g., return to clinic in three months) and the reasons or justifications for ordering them (e.g., return to clinic if 
symptoms reoccur). However, another important element of patients’ care context data, the clinician’s interpretations, 
which we annotated as “clinical interpretation of findings/conditions or interventions,” was not found as frequently as 
the other components of patients’ care context.  

Overall, clinicians’ interpretations were only the 16th most common type of data found in our annotations. In 
HPI, it was found in only six instances in primary care notes and only once in specialty care notes, and most instances 
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referred to interpretations likely expected to be found in the IP section (e.g., patient demonstrates good inhaler 
technique). In IP, it was slightly more frequent but ranked moderately low compared to other types of data (9th in 
primary care notes and 10th in specialty care notes). We found 57 instances of clinician’s interpretations in the IP 
section in primary care notes and 22 instances in specialty care notes.  

We believe that several factors contribute to the relatively low frequency of documentation of clinicians’ 
reasoning. First, the steady implementation of pay-for-performance payment models increased the demand for 
capturing accurate, structured data26, which could force clinicians to more frequently document (or import) billing-
associated data into their notes. This is reinforced by the fact that the need to document non-clinically relevant data in 
clinical notes is an increasing source of frustration among clinicians11. In our annotations, coded diagnoses were more 
frequent than clinical interpretations in IP in specialty care notes (24 instances vs. 22 instances). Second, the coupling 
of EHR limitations and strict coding/billing requirements are also considered a contributing factor for the longer notes 
found in the U.S.12, and could as well contribute to the documentation of non-clinically relevant information at the 
expense of patients’ care context data. Third, previous studies suggest that clinicians tend to make conscious decisions 
about what to document in their clinical notes27, and documentation or the lack thereof of interpretations could be one 
of these conscious decisions. Finally, previous studies suggest that current EHRs provide virtually no automation for 
documentation of clinicians’ reasoning in their clinical notes24, which provides opportunities for developing clinical 
documentation systems that can help clinicians’ more frequently document and access their own interpretations, as 
well as other clinicians’ interpretations about patients’ health and care.  
 
Implications for future research and EHR development. The importance of communicating what clinicians are 
thinking about the patients and their problems has already been reported by Weed in 196828, however, a half-century 
later we still lack key information about patients’ care context in their health records, which coupled with bloated 
digital notes, introduces data obfuscation and facilitates medical errors5. Further research is needed to explore 
clinicians’ perceptions about preferred narrative note section formats and relevant narrative content, since frequency 
of use does not necessarily assure usefulness of content. Our work can guide research focused on the development of 
clinical documentation systems that facilitate creation and retrieval of concise notes, especially for the creation and 
synthesis of narrative content relevant to patient care. This may require a combination of a formal representation of 
narrative note content23 to augment prominent computational methods such as conversational speech recognition and 
natural language processing3. These methods could be used to automatically capture clinical and contextual data often 
verbalized during clinical visits23,27 and, when combined with other modern language understanding methods29 
improve data entry at the point of care, by facilitating automatic creation of narrative note content that adheres to the 
preferred narrative formats and relevant content.       
 
Limitations. Although our taxonomy was created with a robust sample of notes and annotations, its taxa include data 
from only one institution; notes from other institutions may reveal other types of data. We included only three clinical 
specialties; notes from other specialties may contain additional formats and data types. However, our methods are 
reproducible and can be relatively easily applied to other institutions and specialties. We did not assess other note 
sections such as “review of systems” or “health maintenance,” which in some cases may contain context data not 
captured by our annotations. However, we believe that these instances are rare and, in most cases, include information 
already documented in HPI and IP, therefore, our annotations may have covered most patients’ care context data 
documented by clinicians. Known influences to note creation such as copy-and-paste or the use of templates were out 
of the scope, but we believe they may influence creation of narrative content and warrant future studies.   

    
Conclusions 
 

We assessed and classified the most commonly used narrative note section formats and narrative content 
reported in primary and specialty care notes. Narrative note sections tend to be significantly longer in primary care 
than in specialty care notes, despite a similar overall note size between these groups. We identified commonly used 
narrative note section formats and developed a taxonomy of narrative note content to help researchers to tailor their 
efforts and design more efficient clinical documentation systems.  
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Abstract 
Advances in generative adversarial networks have allowed for engineering of highly-realistic images. Many studies 
have applied these techniques to medical images. However, evaluation of generated medical images often relies 
upon image quality and reconstruction metrics, and subjective evaluation by laypersons. This is acceptable for 
generation of images depicting everyday objects, but not for medical images, where there may be subtle features 
experts rely upon for diagnosis. We implemented the pix2pix generative adversarial network for retinal fundus 
image generation, and evaluated the ability of experts to identify generated images as such and to form accurate 
diagnoses of plus disease in retinopathy of prematurity. We found that, while experts could discern between real and 
generated images, the diagnoses between image sets were similar. By directly evaluating and confirming 
physicians’ abilities to diagnose generated retinal fundus images, this work supports conclusions that generated 
images may be viable for dataset augmentation and physician training. 
 
 
Introduction 
Advances in graphics processing units have allowed for development of complex models, such as deep neural                
networks and variants thereof.1,2 Generative adversarial networks (GAN) are one such variant. These models contain               
both discriminative and generative networks that are trained to deceive one another.3,4 A discriminative network               
attempts to estimate an output, y, given a set of inputs, x.3 In contrast, a generative network attempts to model the                     
distribution of x given y. To train these networks, data are supplied in pairs – inputs and their corresponding                  
output(s). These two models are pitted against one another, and as training progresses, the ability of each model                  
improves (i.e., as the discriminator better learns to discern between real and generated images, the generator must                 
also learn how to better simulate generated data). Ideally, this results in a generator that consistently fools a                  
well-trained discriminator into classifying its outputs as real. These models can be used for many types of data, but                   
are primarily used for image generation. For images, both the discriminative and generative networks attempt to                
learn the overall style and pattern of output images (i.e., the relevant features of output images). However, the                  
generative network also tries to learn how to map the original input image to the style of the output image. These                     
models have begun to gain traction for synthesis of medical images.5–8 
 
The model presented in Image-to-Image Translation with Conditional Adversarial Networks, “pix2pix,” allows one             
to employ style transfer (Figure 1).4 This method has been used to map real images to labels, labels to images,                    
convert black-and-white images to color, and convert images captured during the day to representations of the same                 
images at night. A few studies have even used this method to map retinal blood vessel maps to retinal fundus images                     
for research in diabetic retinopathy.8–10 However, while these generated images were evaluated using subjective              
visual quality inspections and various image quality/reconstruction metrics, the diagnosability of said images –              
arguably the most important factor – was never formally evaluated. 
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Figure 1: Example implementations of the pix2pix generative adversarial network. This model demonstrates             
excellent ability to convert feature maps to real images (Labels to Street Scene, Labels to Facade, Edges to Photo),                   
and real images to feature maps (Aerial to Map). The results are realistic and of relatively-high resolution. Figure                  
adapted from Image-to-Image Translation with Conditional Adversarial Networks.4 
 
In this study, we have deployed the pix2pix pipeline for retinal fundus image synthesis from retinal vessel maps.4                  
The application of this work is in retinopathy of prematurity (ROP), a potentially-blinding disorder that affects                
premature infants.11,12 A significant predictor of treatment-requiring ROP is the presence of plus disease, described               
as venous dilation and arterial tortuosity (Figure 2).12 It stands to reason that, according to the definition of plus                   
disease, the only information required to diagnose plus disease is the appearance of the major retinal blood vessels.12                  
Herein, we describe two pix2pix models: one that generates realistic retinal fundus images, and another that only                 
retains the major retinal blood vessels. To accomplish this task, we first generate retinal vessel maps from retinal                  
fundus images using a previously-reported U-Net model, then create new retinal fundus images of varying               
pigmentations from original images using the raw retinal vessel maps, and also create new retinal fundus images of                  
varying pigmentations that lack choroidal blood vessel patterns and/or any unique/abnormal features of the retina               
(e.g., haemorrhages, discolorations, etc.) using filtered retinal vessel maps.13,14 Data for this study were obtained               
through the multi-center, NIH-funded, Imaging and Informatics in ROP (i-ROP) study centered at Oregon Health &                
Science University (OHSU). 
 

 
Figure 2: Example retinal fundus images. From left to right, retinal fundus images of an eye that was originally                   
diagnosed normal, developed pre-plus disease, and then plus disease. In plus disease images, retinal blood vessels                
are dilated and tortuous as compared to normal images. The degree of dilation and tortuosity of pre-plus blood                  
vessels is less than that of plus disease blood vessels, but greater than normal. 
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Methods 
Institutional Review Board 
This study was approved by the Institutional Review Board at the coordinating center (OHSU) and at each of 8                   
study centers (Columbia University, University of Illinois at Chicago, William Beaumont Hospital, Children’s             
Hospital Los Angeles, Cedars-Sinai Medical Center, University of Miami, Weill Cornell Medical Center,             
Asociación para Evitar la Ceguera en México [APEC]). This study was conducted in accordance with the                
Declaration of Helsinki. Written informed consent for the study was obtained from parents of all infants enrolled. 
 
Retinal Fundus Image Dataset 
As part of the multicenter ROP cohort study, i-ROP, over 30,000 nasal, temporal, inferior, superior, and                
posterior-pole retinal fundus images were collected from preterm infants during routine ROP screening             
examinations. Between three and eight independent experts labeled each image set as normal, pre-plus, or plus, and                 
an expert consensus diagnosis was formed and established as the ground truth diagnosis. Experts were all                
ophthalmologists with extensive experience in both ophthalmoscopic and image-based diagnosis of ROP. A subset              
of fundus images were selected; exclusion criteria were: images not centered on the posterior pole, images of stage 4                   
ROP (partial retinal detachment), and images of stage 5 ROP (total retinal detachment). The remaining images were                 
downsampled to create an even distribution among babies diagnosed as normal, pre-plus, and plus, to a final dataset                  
consisting of 594 wide-angle fundus images centered on the posterior pole. This dataset was randomly split                
(retaining the even distribution), 80/10/10, into train, validation, and test datasets, respectively. Because a subject               
may be represented in the dataset more than once (multiple imaging sessions), it was ensured that subjects were                  
unique to each dataset. 
 
Model Setup and Training 
Models were built and trained in Python using PyTorch on an Nvidia V100 GPU (Santa Clara, CA).15 For each                   
image in the training, validation, and test datasets, vessel maps were generated using a previously-trained U-Net.13,14                
The opensource pix2pix code was forked from a Github repository hosted by its authors.16 We applied a modified                  
pix2pix GAN, using ResNet9 blocks, to the i-ROP training dataset (Figure 3). The value of λ was set at 10; this                     
weights the L1 loss 10 times greater than the adversarial loss of the generator during training, resulting in                  
objectively higher fidelity images. Additionally, the original model was designed to generate color images of size                
256 x 256, but retinal fundus images are generally color images of size 640 x 480. Rather than upsampling generated                    
256 x 256 images, which resulted in slightly blurred images that could (A) affect diagnosability and/or (B) be more                   
easily discerned as a generated images, the model was modified to produce images of size 640 x 480. During                   
training, each image in an image set (vessel map and corresponding retinal image) was scaled to size 536 x 536, and                     
a random 480 x 480 crop was acquired from the same location for each image in the set. When images were                     
generated, the 480 x 480 output image was resized to 640 x 480 to match the size of retinal fundus images. Finally, a                       
black, circular mask was applied around the outside of the image to better mimic the appearance of images captured                   
by retinal fundus cameras. 
 

 
Figure 3: Retinal image generation process. Blood vessels of real images (left) are segmented and converted into                  
retinal vessel maps (center). Pix2pix is used on raw or filtered retinal vessel maps (no discernible difference in                  
image appearance) to generate images with similar vascular patterns (right). 
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Two separate models were trained: one on raw, grayscale vessel maps produced by the U-Net model (pix2pix-raw),                 
and the other on the same vessel maps thresholded at pixel values greater than 25 (pix2pix-filtered). After the first                   
training session, it was noted that although the U-Net was only trained to segment major retinal blood vessels, the                   
reconstructed images contained similar choroidal blood vessel patterns. Upon further investigation, it was found that               
choroidal blood vessels were segmented, but at pixel intensities indistinguishable from the background to the human                
eye (pixel intensity < 26). Therefore, for the second training iteration, pixel values less than or equal to 25 were set                     
to 0 to remove information about choroidal blood vessel patterns. The models were trained for 1,000 epochs using                  
the Adam optimizer with a β value of 0.5. During the first 500 epochs, the learning rate was constant at 2 x 10-4, and                        
was linearly decayed to 0 over the remaining 500 epochs. Discriminator and generator loss functions on both the                  
training and validation test sets were monitored to ensure learning was occuring at an equal rate between objective                  
functions, and that overfitting was not occuring. The quality of image reconstructions were evaluated using the                
structural similarity index (SSIM) and the peak signal to noise ratio (PSNR), metrics often used to describe the                  
quality of image reconstruction.17,18 
 
Image Grading 
Of the 36 true retinal fundus images in the test dataset, 30 images were randomly selected for grading. Raw vessel                    
maps and thresholded vessel maps were generated for each real image and used to generate reconstructions from                 
their respective models. In total, there were three image sets (90 images) to be graded: 30 ground truth retinal fundus                    
images, 30 reconstructions from pix2pix-raw, and 30 reconstructions from pix2pix-filtered. Using a custom, online              
grading system, a set of 3 independent ROP experts graded each image as normal, pre-plus, or plus, and also                   
assessed whether they believed the image was real or generated.19 All images were presented at a resolution of 640 x                    
480 x 3. In the event of a three-way tie for normal, pre-plus, or plus, the image was classified as pre-plus. The                      
majority diagnoses of real images were used to compare agreement of diagnoses to generated image sets. 
 
Data Analysis 
All analyses were performed in R. Majority diagnoses were determined for all images in a set, in addition to a                    
majority vote on whether images were real or generated. Pearson’s Chi-squared Test of Independence (χ2) was used                 
to determine if experts were statistically able to identify generated images from real images. Because some cell                 
values of the confusion matrix for the Chi-squared test were less than five, a Fisher’s Exact Test for Count Data was                     
used to confirm findings. In order to determine if expert diagnoses were affected by generated images, the                 
Cochran-Mantel-Haenszel test was used to compare the pix2pix-raw and pix2pix-filtered contingency tables to the              
real image contingency table. Further, Cohen’s kappa (κ) was used to measure agreement of diagnoses between                
generated images and real images. 
 
 
Results 
The [discriminator, generator] losses on the training dataset for pix2pix-raw and pix2pix-filtered were [0.315, 0.224]               
and [0.170, 0.078], respectively. The [train, validation] PSNR values for pix2pix-raw and pix2pix-filtered were              
[16.882, 16.584] and [12.563, 12.014], respectively. The [train, validation] SSIM for pix2pix-raw and             
pix2pix-filtered were [0.617, 0.559] and [0.505, 0.448], respectively. A generator loss function value that is lower                
than a discriminator loss function value indicates that the generator can trick the discriminator into classifying its                 
images as real more often than not. This occurred for both models, and suggested that each can generate realistic                   
images. This was further confirmed by the SSIM and PSNR values. The higher SSIM and PSNR value of                  
pix2pix-raw images, as compared to pix2pix-filtered images, suggested that its generated images were more similar               
to true retinal fundus images; this was likely due to the presence of choroidal blood vessels (Figure 3). 
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Figure 4: Examples of real and generated retinal fundus images. From left to right: a real retinal fundus image, a                    
generated retinal fundus image from pix2pix-raw that uses raw vessel maps to create images with choroidal blood                 
vessels patterns, and a generated retinal fundus image from pix2pix-filtered that uses filtered vessel maps to generate                 
images without choroidal blood vessel patterns. 
 
In general, experts were able to discern between real and generated images (Accuracy: 92.2%, Table 1). Images                 
without choroidal blood vessel patterns (pix2pix-filtered) were identified as generated in 100% of cases. Some               
(16.7%) generated images that contained choroidal blood vessel patterns (pix2pix-raw) were classified as real              
images. This corroborates the difference in test set PSNR values between the two models. Nearly all (93.3%) of real                   
images were identified as such. The χ2 test statistically confirmed that, overall, experts could identify real versus                 
generated images (χ2 ≅ 64.019; p ≅ 1.254x10-14). The Fisher’s Exact Test confirmed this finding (p < 2.2x10-16).                  
Generated images with choroidal blood vessel patterns were, statistically, not more likely to be identified as real                 
than those without (χ2: p ≅ 0.062; Fisher: p ≅ 0.052).  
 

Table 1: Expert majority determination of image type 

  Expert Majority Determination 

  Real Generated 

 
Image 
Type 

Real Images 28 2 

pix2pix-raw 5 25 

pix2pix-filtered 0 30 

 
 
Expert majority diagnoses for each image set are presented in Table 2. The majority diagnoses for real images were                   
used as the ground truth. For normal images, experts diagnosed with accuracies of 92.3% and 100% on images                  
generated by pix2pix-raw and pix2pix-filtered, respectively. For pre-plus images, experts had 91.7% accuracy on              
both pix2pix-raw and pix2pix-filtered images. Plus disease was diagnosed with 80% accuracy on both pix2pix-raw               
and pix2pix-filtered images. A Cochran-Mantel-Haenszel test confirmed that real, pix2pix-raw, and pix2pix-filtered            
images were not graded dissimilarly (p ≅ 0.501). This suggests that generated images, even those without choroidal                 
blood vessel patterns, have the same diagnostic power as real images. 
 
 
 
 
 
 
 

333



Table 2: Expert majority diagnoses of real images versus expert majority diagnoses of generated images 
 

  Real Images pix2pix-raw pix2pix-filtered 

  Normal Pre-Plus Plus Normal Pre-Plus Plus Normal Pre-Plus Plus 

Real 
Image 

Majority 
Diagnosis 

Normal 13 0 0 12 1 0 13 0 0 

Pre-Plus 0 12 0 0 11 1 1 11 0 

Plus 0 0 5 0 1 4 0 1 4 

 
To further investigate and confirm this finding, intergrader agreement of diagnoses and overall agreement of               
diagnoses between image sets were determined using weighted κ statistics for chance-adjusted agreement in ordinal               
diagnosis, using a well-known scale: [0, 0.20] = slight agreement, [0.21, 0.40] = fair agreement, [0.41, 0.60] =                  
moderate agreement, [0.61, 0.80] = substantial agreement, and [0.81, 1.00] = near-perfect agreement (Table 3). For                
images generated by pix2pix-raw, individual expert diagnoses had substantial to near-perfect agreement (κ = [0.680,               
0.880]) to real images, and the majority diagnoses had near-perfect agreement (κ = 0.880). For images generated by                  
pix2pix-filtered, individual expert diagnoses had moderate to near-perfect agreement (κ = [0.498, 0.980]) to real               
images, and the expert majority diagnoses had near-perfect agreement (κ = 0.902). 
 

Table 3: Expert agreement of diagnoses between generated images and real images 
 

 Majority Diagnosis Expert 1 Expert 2 Expert 3 

pix2pix-raw 0.880 0.743 0.680 0.880 

pix2pix-filtered 0.902 0.663 0.498 0.980 

 
 
Discussion 
This study aimed to generate and evaluate synthetic retinal fundus images, for the diagnosis of plus disease in                  
retinopathy of prematurity, by segmenting the vasculature of real retinal fundus images into grayscale vessel maps                
using a U-Net, and generating realistic color retinal fundus images from said vessel maps using pix2pix. There are                  
two key findings: (1) images generated by pix2pix, regardless of whether choroidal blood vessel patterns were                
present, were easily identified by experts as generated, and (2) generated images retained information relevant for                
the detection of plus disease in retinopathy of prematurity. The Chi-squared test suggested that images were not                 
realistic enough to deceive experts into believing they were real images (p ≅ 1.254x10-14, Table 1). This was                  
confirmed using a Fisher’s Exact test (p < 2.2x10-16). However, a Cochran-Mantel-Haenszel test showed that images                
were realistic enough to be diagnosed similarly to real images (p ≅ 0.501, Table 2). This was further confirmed by                    
measuring the agreement of individual and majority expert diagnoses across image sets using Cohen’s kappa (Table                
3). For real images, experts had near-perfect agreement with the diagnoses of the same images reconstructed by                 
pix2pix-raw and pix2pix-filtered (κ = 0.880, κ = 0.902). These results suggest that, although images may be                 
recognized as generated, these models retain relevant information that is required to reconstruct retinal fundus               
images for the diagnosis of plus disease in retinopathy of prematurity. 
 
This work has many important implications. First, it confirms that, at least for plus disease diagnosis in ROP,                  
pix2pix-generated images are of high enough quality and fidelity for expert physicians to form accurate diagnoses.                
This is important, as numeric metrics and subjective layperson evaluations are often used to evaluate the quality and                  
realism of generated images.5,7,9,10 However, because the goals of such systems are often to generate images for                 
synthetic datasets, training physicians, or diagnosis from image reconstructions, the ability of physicians to form               
diagnoses from generated images should be evaluated prior to implementation. It should also be noted that clinical                 
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findings unrelated to plus disease diagnosis that were present in original retinal fundus images, such as hemorrhages,                 
were not present in reconstructions. This is likely because the U-Net was not trained to segment retinal hemorrhages,                  
so pix2pix was unaware of their existence. While not detrimental for the diagnosis of plus disease, it serves as a                    
warning to those looking to generate images of highly-complex diseases where rare clinical findings may be                
highly-relevant for a given diagnosis. In essence, although an image may appear real or diagnosable, it may be                  
lacking pertinent information that was present in the original image. 
 
Second, retinal scans are listed as protected health information (PHI) according to the Health Insurance Portability                
and Accountability Act (HIPAA) Privacy Rule; however, they are de-identified via the Expert Determination              
method (§ 164.514(b)(2)).20,21 This method essentially states that the risk of re-identification using retinal fundus               
images is negligible; however, the European Union’s General Data Protection Regulation (GDPR) currently informs              
that this method is not sufficient for de-identification. It is conceivable that the pix2pix methods we have trained                  
could be used to further de-identify retinal fundus images. From a purely observational standpoint, it was found that                  
generated images were often pigmented differently than original images (Figure 3 and Figure 4). Second, generated                
images without choroidal blood vessel patterns were just as diagnosable as real images. Finally, other clinical                
findings present in retinal fundus images, such as hemorrhages, may be specific to unique diagnoses and increase the                  
identifiability of images. As mentioned, in the i-ROP dataset, there were a limited number of images with these                  
features; therefore, the few retinal fundus images that did have these highly-identifiable features were reconstructed               
without them. Although this method would not fully de-identify images, it could further reduce the risk of                 
re-identification by removing highly-identifiable features while still providing physicians with the information            
required to form accurate diagnoses. One could argue that the retinal vessel maps used to generate retinal fundus                  
images are computationally easier to generate and modify, and might be considered further de-identified. However,               
physicians are not formally trained to form diagnoses from these types of images, and the accuracy and reliability of                   
said diagnoses could suffer. Nonetheless, it is one of a few interesting future directions for this work. 
 
In addition, the task of increasing the fidelity of generated retinal fundus images from pix2pix-raw will be pursued,                  
using methods such as pix2pixHD, with the goal to trick experts into always classifying generated images as real.22                  
This may have applications for scenarios where one wishes to modify the retinal vasculature and generate a                 
highly-realistic retinal fundus image. Second, the level of U-Net vessel map filtering for pix2pix-filtered will be                
increased to evaluate what threshold is required for experts to adequately diagnose ROP images. This will inform at                  
what point images begin to resemble retinal vessel maps too closely, and diagnostic accuracy begins to drop.                 
Finally, this evaluation method will be applied to other ophthalmic diseases, such as diabetic retinopathy. 
 
 
Conclusion 
We have implemented the pix2pix generative adversarial network for the generation of retinal fundus images in                
retinopathy of prematurity. We have trained models that can generate somewhat realistic retinal fundus images from                
retinal vessel maps. While these generated images can be identified as such, they still have the same diagnostic                  
power as real images; both sets of images were easily diagnosed for the presence of plus disease by retinopathy of                    
prematurity experts. This is important, as previous studies have not formally evaluated the ability of physicians to                 
form diagnoses from generated medical images. 
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Abstract

Radiology reports have been widely used for extraction of various clinically significant information about patients’
imaging studies. However, limited research has focused on standardizing the entities to a common radiology-specific
vocabulary. Further, no study to date has attempted to leverage RadLex for standardization. In this paper, we aim to
normalize a diverse set of radiological entities to RadLex terms. We manually construct a normalization corpus by an-
notating entities from three types of reports. This contains 1706 entity mentions. We propose two deep learning-based
NLP methods based on a pre-trained language model (BERT) for automatic normalization. First, we employ BM25
to retrieve candidate concepts for the BERT-based models (re-ranker and span detector) to predict the normalized
concept. The results are promising, with the best accuracy (78.44%) obtained by the span detector. Additionally, we
discuss the challenges involved in corpus construction and propose new RadLex terms.

Introduction

Radiology reports contain a wide range of entities describing the interpretations of the corresponding images. Prior
research1,2,3,4 has focused on developing methods to identify clinically-significant information from these reports.
They emphasize using this extracted information in a variety of downstream clinical applications including automated
tracking of abnormal radiographic findings (e.g., lesions), summarization, and cohort selection for epidemiological
research. However, to enable the use of the extracted entities in the process of developing the automated systems
across multi-institutional reports, the entities need to be mapped to concepts in a standardized vocabulary of radiology
terms. There has been limited efforts in this direction, and therefore we aim to normalize the different entities or
information types to RadLex5 concepts to facilitate improved consistency in the structured representations of important
radiological entities.

Radiologists use different phrases to express the same concept in a report. Normalization is the process of mapping
these phrase spans in text to standard concepts in a vocabulary. For instance, Right base and Right lower lung zone
are different forms of describing the same anatomical entity. Similarly, Intramural or free air is used by radiologists
to indicate the clinical finding - Pneumatosis intestinalis, and Central lines are often used to denote the presence of
Central venous catheters in chest X-ray reports. Many natural language processing (NLP)-based clinical application
systems rely on developing inference rules. Such inferences are often performed on the entities that are extracted
from clinical text by entity recognition systems. Consider the example shown in Figure 1 to illustrate the usability of
normalizing radiological entities in the report text for automated abnormality tracking systems.

The sentences in Figure 1 appear in two different reports of a patient. Volume loss and Pleural thickening are the main
finding-related entities while left upper lobe and left apex are the anatomy-related entities in the first report. The second
report also contains the same findings except that the anatomical phrases are changed to left upper lobe region and left
apical and there are additional clinically-relevant status descriptors such as marked and stable. Utilizing the extracted
contextual information (e.g., anatomical phrases here) in the automated tracking of volume loss and thickening would

.

Figure 1: Partial section of two radiology reports.
Findings are shown in green, anatomical locations
are in blue, and the descriptor terms in purple. The
RadLex concepts corresponding to the two anatomical
locations are upper lobe of left lung (RID1327) and
left lung (RID1326) + apex (RID5946)
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require establishing a standardized way to represent the extracted anatomical entities (i.e., mapping both left upper
lobe and left upper lobe region to RadLex concept upper lobe of left lung (RID1327)). To our knowledge, only
one study6 so far has worked on normalizing the anatomical terms in the reports to SNOMED CT ontology. In this
paper, we attempt to broaden the scope of entity types and consider all those that can act as contextual information
in various potential clinical use cases. Moreover, since RadLex5 is a publicly available radiology lexicon (containing
46,657 concepts) specifically developed for standardizing the language used in reporting imaging results, we utilize
RadLex for mapping the various entity mentions in the reports. This will cover entities such as common modifiers
and uncertainty phrases often encountered in radiology report text and may not be present in other ontologies such as
SNOMED CT.

In this work, we create a manually-annotated corpus of radiology reports covering three different imaging modalities
from the MIMIC-III clinical note corpus7 for concept normalization. We describe the detailed process of annotating
different radiological entities. The entity types include clinical finding, imaging observation, anatomical phrase, medi-
cal device, different descriptor terms (e.g., status, temporal, certainty), imaging procedure, imaging modality, process,
and property-related information. This is the first study focusing on the normalization of diverse radiological entities
to a standard radiology-specific lexicon – RadLex. Our annotated corpus consists of 1706 entity mentions and 449
distinct RadLex concepts, with the frequent entity types being RadLex descriptors and anatomical entities. There are
a total of 151 entities in the dataset that are unlinkable (i.e., cannot be mapped to any existing RadLex code). We also
refer to these unlinkable entities as RID-less when discussed in context to normalization annotations. Instructions to
access the corpus are available at https://github.com/krobertslab/datasets.

For normalizing the radiological entities, we first expand each entity mention using synonym information in RadLex.
We also expand the abbreviated entity mentions. We apply the BM25 information retrieval technique8 to generate
candidate RadLex concepts for each of the expanded entity mentions. Then we propose two methods based on a pre-
trained transformer-based language model, BERT9, for selecting the final normalized concept from the set of candidate
concepts. The first method incorporates target lexicon knowledge from RadLex to obtain the normalized concept by
re-ranking the candidates generated by BM25. The second method, where BERT is utilized analogous to the setting
of a question answering task, selects the normalized concept given a radiological entity mention and the list of BM25
candidates for that mention. Since BM25 can retrieve any concept in the RadLex lexicon as a candidate concept, this
method addresses the limitations of supervised classification techniques where the normalized concept lies within the
scope of concepts in the training corpus. Although the main focus of our work is RadLex normalization, we also
examine the performance of BERT in automatically detecting the entity spans from the reports.

Additionally in this paper, we address some of the challenges that emerged while creating the annotated corpus for
radiology concept normalization. We also propose a list of new RadLex terms particularly focusing on chest X-rays,
Brain MRIs, and babygram-related imaging studies which can serve as a resource to the research community for
expanding RadLex in the future.

Related Work
1 Annotated corpora for Medical Concept Normalization

The NCBI disease corpus, consisting of 793 PubMed abstracts, was annotated for disease name normalization10. There
exists an annotated dataset of narrative clinical reports for the normalization task of disorders as part of ShARe/CLEF
eHealth 2013 challenge1. Disorder normalization corpora constructed from MIMIC clinical notes are also available
through SemEval-2014 Task 72 and SemEval-2015 Task 143. A few studies created medical concept normalization
corpora for mapping user generated text on social media to standard vocabularies like SNOMED. CADEC consists of
annotated concepts from 1253 social media posts taken from AskaPatient4 associated with adverse drug events (ADEs)
of patients11. PsyTAR, also constructed from AskaPatient, contains 887 patient posts annotated with ADEs related
to psychiatric medications12. Sarker et al.13 developed an annotated corpus for normalizing expressions denoting

1https://sites.google.com/site/shareclefehealth/
2http://alt.qcri.org/semeval2014/task7/
3http://alt.qcri.org/semeval2015/task14/
4https://www.askapatient.com/
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adverse drug reactions (ADRs) from Twitter to MedDRA14 (Medical Dictionary for Regulatory Activities) Preferred
Terms (PTs), which was released in the shared task – Social Media Mining for Health (SMM4H). Roberts et al.15

also released an annotated dataset of 200 drug labels for TAC2017 where the ADR expressions in the labels were
mapped to MedDRA Lower Level Terms and PTs. A recent study has also released an annotated corpus of 100
discharge summaries in a 2019 shared task covering entities corresponding to medical problems, treatments, and
tests16. Previous works have mapped the concept mentions to ontologies such as the Unified Medical Language
System (UMLS)17, SNOMED, RxNorm, and MedDRA. Thus, we note that no work has focused on constructing
normalization corpus from radiology reports and mapping the important radiological entity spans to RadLex codes.

2 Methodologies employed for Medical Concept Normalization using Deep Learning

Some of the first deep learning approaches for concept normalization in the medical domain were based on con-
volutional neural networks (CNNs) and recurrent neural networks (RNNs) where a user phrase was converted to a
semantic vector representation and eventually a softmax classifier was used to assign a standard medical concept to
that phrase18,19,20. Tutubalina et al.19, however, incorporated additional semantic similarity features by leveraging
prior domain knowledge (UMLS) to further enrich the phrase representations. A recent study by Miftahutdinov et
al.21 used contextualized word representations such as BERT and ELMo22 for normalizing user generated phrases and
achieved state-of-the-art performance on three benchmark normalization datasets – CADEC, PsyTAR, and SMM4H
2017. All these papers worked on user-generated text of social media posts and formulated normalization as a multi-
class classification task. Another work23 has proposed a hybrid system by combining exact match, edit-distance, and
deep learning methods for normalizing entities in the ShARe/CLEF 2013 challenge dataset. Their model architecture
additionally integrated contextual information of an entity mention (left and right context words) and predicted the
UMLS code using a softmax classification layer.

However, Ji et al.24 have used BERT as a ranking model in a normalization task. They ranked the candidate concepts
after generating them using the BM258 information retrieval method. Their BERT-based ranker outperformed the
previous best results on ShARe/CLEF, NCBI, and TAC2017ADR normalization datasets. Moreover, BERT-based re-
ranking has been shown to perform well on other information retrieval tasks such as passage retrieval25. Inspired by
these, we propose to utilize a BERT-based re-ranker along with incorporating domain knowledge for radiology entity
normalization. Additionally, we propose to formulate the normalization task by adopting BERT in a configuration that
has been predominantly used for question answering task9.

To the best of our knowledge, due to the lack of annotated radiology corpus, no study so far has applied supervised
learning techniques for radiology concept normalization. In view of the promising results of applying deep learn-
ing methods for normalization, we aim to create a comprehensive annotated radiology normalization dataset in this
work and apply deep learning-based method on the dataset. A previous study6 has utilized an unsupervised semantic
learning approach to normalize the anatomical phrases in the radiology reports to SNOMED CT anatomical concepts.
However, their work was limited to normalizing only the anatomical terms and did not cover other commonly observed
clinically-significant information such as clinical findings and modifier terms.

Materials and Methods
1 Dataset

We selected a subset of 50 radiology reports from MIMIC-III clinical database7. This consists of 17 chest X-ray
reports, 16 Brain Magnetic Resonance Imaging (MRI) reports, and 17 babygram-related reports. This set of reports
covers some common imaging techniques and a wide range of anatomical locations (as often babygrams contain
descriptions of multiple body organs). We used the BRAT annotation tool26 for annotating the radiological entities
with their corresponding RadLex IDs as shown in Figure 2.

2 Annotation
2.1 Identifying Entity Spans

The first annotation task is to identify the entity mention in the report sentences whose type falls under one of the
following broad RadLex classes:
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Figure 2: Example annotation to normalize “costophrenic angle” to RadLex term “costophrenic sulcus” correspond-
ing to RadLex ID RID1534 in a sample report using BRAT 1.3.

1. CLINICAL FINDING - Refers to pathophysiologic finding, and symptoms (e.g., heart failure)
2. IMAGING OBSERVATION - Image-specific features as interpreted by radiologists (e.g., infiltrate)
3. ANATOMICAL ENTITY - Refers to a body location (e.g., apex of lung)
4. MEDICAL DEVICE - Refers to a medical object (e.g., endotracheal tube)
5. RADLEX DESCRIPTOR - Any modifier (usually adjectives) used to describe other entities like clinical finding

(e.g., status descriptor - stable, composition descriptor - osseous, certainty descriptor - no, etc.)
6. PROCEDURE - This includes different procedures such as imaging procedures, follow-up procedures, and treat-

ment. (e.g., catheter removal)
7. PROCEDURE STEP - Includes any step in image processing (e.g., multiplanar reformat)
8. PROCESS - Usually refers to treatment planning, change etc. (e.g., motion)
9. IMAGING MODALITY - Form of imaging that depends on how the image is produced (e.g., magnetic resonance

imaging)
10. PROPERTY - Modifier terms (usually noun phrases) associated with entities (e.g., patient rotation position)

2.2 Instructions for Assigning RadLex Codes

The next step involves assigning a single RadLex ID to each of the identified entity mentions. Note that we have
mapped each entity to only one RadLex ID. For instance, the anatomical entity “Midline structure” is mapped to
the RadLex concept “Septum pellucidum” with RadLex ID RID6525. While assigning the RadLex ID, the following
instructions were given to the annotators:

1. Search for the exact entity span in RadLex
2. If not found using 1, search whether it appears in RadLex with different a variation such as with words rearranged

in a different order (e.g., assigning RadLex concept apex of lung for the entity mention lung apex)
3. If not found using 1 and 2, search whether it appears as a synonym or in the decription of another RadLex

concept (e.g., Costophrenic sulcus is present as a synonym of the RadLex concept Costophrenic angle)
4. If not found using the above, refer the web to look for the most semantically similar concept in RadLex (e.g.,

Chest tube is mapped to the RadLex concept Thoracostomy tube following this guideline)
5. If an entity cannot be mapped to any RadLex concept, it is assigned a label “RID-less”

Moreover, while annotating entities following the above instructions, the following points are taken into consideration:

• Taking context into account - Annotation of some entities may vary based on the context of the sentence or
the anatomical entity associated with the imaging modality. For example, Microangiopathic changes refers to
a disease/condition affecting small blood vessels. So depending on the anatomical entity associated with the

341



imaging modality, the mapping would vary. When the imaging results are related to heart, Microangiopathic
changes would be mapped to Microvascular ischemia in RadLex which is listed under Cardiovascular disorder,
whereas for brain-related imaging results Microangiopathic changes will not be assigned any RadLex code.

• Splitting entity spans to subspans - Many times an entity mention cannot be mapped to a specific RadLex
concept and annotators tend to use multiple RadLex concepts in different combinations to annotate that entity.
For example, Right middle lobe is not directly normalizable to a RadLex concept and may be mapped to concepts
like lobe, middle lobe of lung, or right. In order to resolve ambiguity in the annotation process, each entity
mention is split such that the split with the largest subspan can be mapped to a RadLex code and all the other
smaller subspans are also mapped to their corresponding RadLex codes. Thus, “Right middle lobe” will be
split as “middle lobe” (largest RadLex mappable subspan) + “right” and not as “right”+ “middle” + “lobe”.
Further, “middle lobe” will be normalized to “middle lobe of lung” (RID1310) and “right” to “right” (RID5825).

However, there may arise cases when multiple possible variations of largest mappable subspans can be gener-
ated. For example, “Right lung apex” results in two valid (RadLex mappable) splits, one with “Right lung” +
“apex” and the other with “Right” + “lung apex”. This can be resolved during reconciliation phase by incor-
porating domain knowledge (e.g., knowledge on human anatomy) and further verification by a physician. This
may favor the first option – “Right lung” + “apex” as this is more close to describing the apex of right lung.

Table 1: Descriptive statistics of the annotated corpus.
Item Frequency
CLINICAL FINDING 282
IMAGING OBSERVATION 77
ANATOMICAL ENTITY 384
MEDICAL DEVICE 102
RADLEX DESCRIPTOR 651
PROCEDURE-RELATED 46
PROCESS 28
IMAGING MODALITY 51
PROPERTY 85
Total entity mentions 1706
Unlinkable mentions 151

Every report was double-annotated and reconciled with
the clinical knowledge verified by a physician when re-
quired. The F1 agreement between the two annotators
(S.D. and J.S.) in annotating the spans of radiological en-
tity mentions is 0.60. We considered an exact match in
the entity spans for calculating the F1 score. The normal-
ization agreement (accuracy) between the annotators on
the reconciled version of the entity mentions is 76.7%.
Basic statistics of our annotated corpus are shown in Ta-
ble 1.

3 Methods
3.1 Entity span detection

We formulate this as a sequence labeling task where each word that is part of any radiological entity of interest is
tagged using Beginning and Inside tags whereas a word that is not a part of an entity is tagged as Outside. Each
sentence in the reports is WordPiece-tokenized. This tokenized sentence is represented as [[CLS] sentence [SEP]]
following the original paper9 and then fed into the BERT model.

3.2 Normalization methods

The following subsections contain the descriptions of the three methods used for RadLex normalization. The overall
framework of the normalization methods is illustrated in Figure 3.

3.2.1 BM25

We index all RadLex concepts (a total of 46, 657 Preferred Names in RadLex) as well as the entity mentions present
in the training sets of our annotated corpus using Anserini27. We then use BM25 to retrieve and initially rank a set of
n candidates for each entity mention. (In our experiments, we use n = 10.) We set the values of BM25 parameters, b
and k1, as 0.75 and 1.2, respectively. In order to maximize the recall of BM25 in the candidate generation phase, each
entity mention is transformed using the following two expansion techniques:

1. Using Synonyms in RadLex - If the entity mention (m) appears as a Synonym of a RadLex concept (rc), the
original mention is expanded using the Synonym. For example, “encephalopathy” is not present in RadLex but
appears as a Synonym of the RadLex concept “disorder of brain” (RID5055). Thus, the mention “encephalopa-
thy” is expanded to “encephalopathy disorder of brain”.
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Figure 3: Overview of the normalization process using the proposed methods (demonstrated for the entity mention-
“costophrenic angle”).

2. Abbreviation expansion - Often, some common medical devices and clinical findings are abbreviated in the
reports. We expand these mentions leveraging the medical abbreviations and acronyms of radiopaedia5. For
instance, “NGT” is expanded to “nasogastric tube” and “NPH” is expanded to “normal pressure hydrocephalus”.

3.2.2 BERT as re-ranker

We use the set of candidate concepts obtained from BM25 for each entity mention to train the BERTBASE model
for re-ranking these candidates. The highest ranked candidate predicted by BERT is chosen as the final normalized
RadLex concept for a given radiology entity mention. The model is trained as a binary classification task where for
each candidate concept (ci) and the mention (m) pair, the label is assigned as 1 when the candidate is the actual
annotated normalized concept for that mention. For each such pair of candidate concept and entity mention, a score
is estimated to predict the likelihood of the candidate concept being the normalized concept. Note that we use the
expanded version of the entity mentions as described above for BM25. The following input sequence is fed into BERT
for each candidate and mention pair:

[CLS] expanded mention (m)[SEP]ci[SEP]syni(ci)[SEP]...synn(ci)...[SEP]is(ci)[SEP]

Here, syni refers to any synonym of the candidate concept ci and is refers to the RadLex class to which the candidate
concept (ci) belongs. The order of the synonyms is random. The main intention behind using the synonyms is that they
provide more variation of the candidate concepts and the is provides more information about the candidate concept’s
class obtained from the ‘Is-A’ attribute in RadLex. The final hidden vector corresponding to the [CLS] token in the
input sequence is further fed into a single layer network to obtain the estimated probability of how likely the candidate
concept is the normalized one. The probabilities corresponding to all the candidate concepts are then used for ranking.
Note that the probability score calculated for a particular candidate is independent of the other candidates generated
for an entity mention.

5https://radiopaedia.org/articles/medical-abbreviations-and-acronyms-a?lang=us

343

https://radiopaedia.org/articles/medical-abbreviations-and-acronyms-a?lang=us


3.2.3 BERT as span detector

Alternatively, we formulate the normalization problem similar to the BERT framework for a question answering task.
Given an expanded entity mention and its corresponding list of RadLex candidate concepts that is represented as a
text sequence, the task is to identify the span of the normalized concept from the candidate list. The second part in
the input sequence (the one followed by the first [SEP]) is constructed by joining all the candidate concept names
separated by comma. The candidate concepts are placed in an arbitrary order to form this sequence. The final input
sequence corresponding to an entity mention and its candidates is represented as follows:

[CLS] expanded mention (m)[SEP]c1, c2, ..., cn[SEP]

The scoring mechanism of a candidate span from the sequence of candidate RadLex concepts is same as the imple-
mentation in the original BERT paper9. The highest scoring span is identified as the normalized concept for a given
mention.

Experimental Settings and Evaluation

For both BERT-based normalization methods (re-ranker and span detector), we use the BERTLARGE model by initial-
izing the model parameters obtained after pre-training BERT on MIMIC-III clinical notes for 320, 000 steps28. We
fine-tune BERTLARGE on our annotated dataset for normalizing the radiological entities. The number of epochs for
fine-tuning is decided based on the accuracy of the models on the validation sets. The number of epochs is chosen as
4 for both the normalization models. We use a batch size of 8 for the BERT-based re-ranker model while the batch
size of the span detector model is set at 10. We use the cased version of the models. We fine-tune the re-ranker model
with a learning rate of 1e-6 and the span detector model with a rate of 3e-5. For the span detector model, we use a
maximum sequence length of 384 and a maximum mention length of 64.

We also utilize BERTBASE and BERTLARGE models, both pre-trained from clinical notes as mentioned above for
automatically detecting the entity spans from the report text. We use the cased version of the models, fine-tune
the sequence labeling task for 4 epochs with a learning rate of 2e-5 and maximum sequence length of 128. The batch
size used for BERTBASE is 24 and BERTLARGE is 8.

We evaluate our proposed normalization methods - BERT-based re-ranker and the BERT-based span detector by per-
forming 10-fold cross validation (CV) on our annotated radiology normalization corpus. We create the folds by split-
ting the corpus at the report level such that the training, validation, and test splits are divided in the ratio of 80-10-10%
respectively. For comparison, we evaluate the predictions of BM25 by averaging the results obtained on the same test
folds used for the BERT-based models. Since the focus of this study is on normalizing the various radiological entities
to RadLex concepts and not on joint prediction of entity mention spans and their normalized concepts, we conduct
all our normalization experiments considering the gold entity mentions. In our experiments, any RID-less (RadLex
ID-less) entity mention is represented using a special token-‘XXXXX’.

We report the average accuracy of the models using the same fold settings. For BM25 and the BERT-based re-ranker,
an exact match between the first ranked concept and the gold annotated concept for an entity mention is considered as a
correct prediction. In order to handle cases where no candidates are retrieved by BM25 for a given entity mention, we
adjust the performance metric (accuracy) by considering only those as correct predictions when their corresponding
gold annotated normalized concept is tagged as ‘unlinkable’ or ‘RID-less’.

For the BERT span detector model, we take into account an exact match between the predicted span and the gold
annotated RadLex concept in the test sets to qualify a prediction as correct. Note that this model can predict any span
from the text representing the sequence of comma-separated candidate concepts. Taking this into account, we evaluate
the performance of this model in three ways. First, we evaluate using the original predicted text span. In this version,
if more than one candidate concept is captured in the predicted span, the prediction is considered incorrect. Second,
we employ post-processing of the predicted spans such that if a span contains more than one concept (indicated by
comma), we perform an exact match only between the first concept (concept appearing to the left of the first comma
in the predicted span) and the gold normalized concept. Third, we conduct a similar evaluation considering the last
concept in the predicted span. We further report the average F1-measure of the 10-fold CV on our annotated dataset
for detecting the boundaries of the entity mentions given a report sentence to the entity span detection model.
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Table 2: 10-fold CV results for detecting the spans of entity mentions. Both BERTBASE and BERTLARGE models are
pre-trained on MIMIC-III clinical notes.

Model Precision(%) Recall (%) F1
BERTBASE 65.27 73.64 69.14
BERTLARGE 72.72 79.64 75.93

Table 3: BM25 results in predicting the normalized concepts using 10 and 25 candidate concepts.
Metric 10 candidates 25 candidates
Recall (%) 88.44 89.72
Accuracy (%) 76.10 76.10

Table 4: 10-fold CV results of the proposed BERT-based methods using 10 candidate concepts retrieved by BM25.
Method Average accuracy (%)
BERT re-ranker 76.50
BERT span detector (using original predictions) 77.72
BERT span detector (first concept in the predicted span as the normalized concept) 78.43
BERT span detector (last concept in the predicted span as the normalized concept) 78.44

Results

The average performance measures of the BERT-based entity span detection system used as a sequence labeler (de-
scribed in Section 3.1) over 10-fold CV are shown in Table 2. We notice that the average F1 is increased by around
6.8 points when the BERTLARGE model is used.

We first report the recall of BM25 for candidate generation. Recall here refers to the percentage of entity mentions
for which the list of candidate concepts contains the gold normalized RadLex concept. The recall of BM25 as well
as its accuracy in predicting the normalized concepts for 10 and 25 candidates is shown in Table 3. The average
accuracies of 10-fold CV for the BERT-based methods in predicting the correct normalized RadLex concept when
provided the 10 candidates generated by BM25 is shown in Table 4. We note that the normalization performance is
the highest (accuracy of 77.72%) for the BERT-based span detector model when compared to both BM25 and BERT-
based re-ranking models. The performance is further improved by 0.7% when either the first or the last concept in the
predicted span (as predicted by the BERT span detector from the sequence of 10 candidate concepts) is considered as
the normalized concept.

Discussion

We create a manually annotated corpus covering a broad range of radiology entity types that are usually of interest
for information extraction research. To our knowledge, this is the first study in developing a corpus targeted toward
radiology entity normalization. We propose methods for normalizing these entities to an existing lexicon-RadLex.

We also examine the performance of a sequence labeler, based on BERT, for identifying the spans of the entity men-
tions from the reports. The performance of the span detection system is decent (average F1-score of 75.93). The
moderate performance may be attributed to the incorrect predictions for detecting the composite entities (e.g., “right
upper lobe”). Note that the focus of this work is radiology entity normalization, hence we aim to further improve the
performance of the entity span detection and develop joint learning methods for predicting the entity spans as well as
mapping them to RadLex concepts simultaneously.

Most of the annotation-related challenges are related to the requirement of domain knowledge. For example - “Lower
pole of the right kidney” usually refers to “Inferior pole of right kidney” and “Temporal horns” denotes “temporal
horn of lateral ventricle”. Besides being a time-consuming process, another generic challenge related to constructing
a normalization corpus is the ambiguity involved in annotating composite entity mentions such as “right lung apex”.
Another difficulty in the annotation involves dealing with the inconsistencies in the RadLex lexicon. For example,
the expression “upper lobe of right lung” is present in RadLex whereas “middle lobe of right lung” is not although
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both are anatomical expressions at the same hierarchical level. The closest term available in RadLex for the middle
lobe is “middle lobe of lung”. Also, there are cases where certain entity mentions when expressed using more general
terms such as “sulci” do not appear in RadLex, although their specific types such as “hypothalamic sulcus” and
“cardiophrenic sulcus” are present in RadLex.

Our proposed normalization methods achieve satisfactory performance with the highest average accuracy of 78.44%.
However, we aim to further evaluate the performance of the proposed methods by augmenting the annotated corpus
in the future. A brief analysis of the model outputs suggests that the BERT-based models make correct predictions
for uncertainty or hedging-related entity mentions such as “could indicate” that are incorrectly predicted by BM25.
Moreover, the BERT span detector model performs better in predicting the normalized concepts for plural entity
mentions compared to BERT re-ranker. For instance, BERT span detector predicts “lungs” as the normalized concept
for the mention-“lungs”, whereas BERT re-ranker model predicts “lung” as the mapped concept. One of the reasons
for the moderate performance improvement of the BERT-based models over BM25 may be that our annotated corpus
mostly contains different variations of radiological terms unlike social media posts where there are more variations of
natural language expressions.

We also intend to conduct an exhaustive set of ablation experiments mainly for the BERT-based re-ranker model utiliz-
ing various combination of RadLex knowledge in our later work. Moreover, we plan to use additional techniques for
expanding the radiological entity mentions, particularly the ones related to clinical findings (e.g., “Scrotal herniation
of bowel”), by leveraging the co-occurring entity information from sources like Wikipedia and medical abstracts.

Among the 151 entity mentions for which a suitable RadLex concept is not found, some of the most common clinical
finding and imaging observation-related entities include - “respiratory distress”, “hyaline membrane disease”, “bowel
gas pattern”, “cabg”, “portal venous gas”, “mucosal thickening”, “hydropneumothorax”, “ventricular prominence”,
“v-fib arrest”, “urinary incontinence”, “reexpansion”, “pleural margins”, “neonatal pneumonia”, “lyme disease”,
“intubation”, “guaiac positive stools”, “gonadal shielding”, “fetal lung liquid”, “dyspnea”, “claustrophobia”, “car-
diomegaly”, “anxiety”, “altered mental status”, “afib”, and “aeration”. This can serve as a potential list of terms to
expand RadLex in the future.

Conclusion

This paper constructs an annotated corpus for radiology entity normalization. The entities cover a variety of impor-
tant radiological entities including findings, medical devices, and procedures and are mapped to publicly available
radiology-specific lexicon-RadLex. This study attempts to standardize the entities commonly extracted by informa-
tion extraction systems from the radiology reports for various clinical applications. This work also proposes two deep
learning-based NLP methods to automatically normalize the entity mentions from the report text. For this, a set of
candidate concepts are first retrieved using the BM25 method which are then used by the deep learning methods.
Specifically, we configure BERT for the normalization task as a re-ranking model as well as a span detection model
by providing the BM25 candidate list as input. We obtain satisfactory results by fine-tuning the BERT-based models
on our annotated dataset with the span detector model achieving an accuracy of 78.44% in cross validation.
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Abstract 

Distributed health data networks that use information from multiple sources have drawn substantial interest in recent 
years. However, missing data are prevalent in such networks and present significant analytical challenges. The 
current state-of-the-art methods for handling missing data require pooling data into a central repository before 
analysis, which may not be possible in a distributed health data network. In this paper, we propose a privacy-
preserving distributed analysis framework for handling missing data when data are vertically partitioned. In this 
framework, each institution with a particular data source utilizes the local private data to calculate necessary 
intermediate aggregated statistics, which are then shared to build a global model for handling missing data. To 
evaluate our proposed methods, we conduct simulation studies that clearly demonstrate that the proposed privacy-
preserving methods perform as well as the methods using the pooled data and outperform several naïve methods. We 
further illustrate the proposed methods through the analysis of a real dataset. The proposed framework for handling 
vertically partitioned incomplete data is substantially more privacy-preserving than methods that require pooling of 
the data, since no individual-level data are shared, which can lower hurdles for collaboration across multiple 
institutions and build stronger public trust. 

Introduction 

The last decade has witnessed tremendous growth of biomedical data that is routinely collected from various sources. 
For instance, hospitals deposit electronic health records (EHRs) into medical databases, genome sequencing centers 
collect human genome data, and wearable devices contribute to another major source of mobile health data. The US 
federal government and other nonprofit organizations have been vastly acquiring health-care knowledge, including 
data from clinical units and information about patients from insurance companies. Large data networks such as 
PCORnets have been established to make it faster, easier, and less costly to conduct clinical research than is now 
possible by harnessing the power of large amounts of health data across multiple institutions [1]. 

There is an ever-increasing need to develop statistical methods for analyzing data within such networks. However, the 
processes of integrating data pose real privacy issues: data that are of restricted sensitivity may become highly sensitive 
after being integrated (pooled). For example, the clinical diagnosis data with patients’ demographics in the combined 
dataset are highly sensitive, and sharing them across networks (institutions) may lead to a high risk of information 
disclosure. There is a growing body of literature showing that a unique combination of patient characteristics [2,3], 
diagnose pattern [4], hospital visit trials [5,6], and even the length and frequency of visits might lead to identification 
[7]. Research is rapidly progressing to propose novel privacy-preserving approaches that can overcome such privacy 
issues. Vaidya and Clifton [8] adopt a conceptually simple definition of “privacy”: a collaborating institution should 
learn nothing from any other institution’s data. The idea is to minimize the information sharing unless necessary to 
reduce the potential attack surface as much as possible.  In order to protect privacy and reduce disclosure risk, it is 
common for institutions to manipulate (e.g., perturb or coarsen) the data prior to integrating [9]. However, such 
perturbed (or synthetic) data bring reduced utilities and imprecise conclusions as well [10]. We are aware of 
differential privacy techniques [11], but missing data imputation algorithms are sensitive to the noise (and sometimes 
require multiple fill-ins) and might lead to a very limited utility. In this paper, we are proposing a practical approach 
to balance the utility and privacy tradeoff, which is to compute and share only the summary statistics instead of the 
sensitive patient-level data. Within the statistics literature, most attention has been drawn into the case of horizontally 
partitioned data [12,13]. In this paper, we investigate a more common case that data are vertically partitioned. 

Vertically partitioned data refer to the data from different institutions that have mutually exclusive characteristics, 
features, or variables for the same population. This is commonly present in real collaborations among different types 
of data providers. For instance, local and federal agencies, hospitals, and private corporations with different 
information about the same population can work together to develop comprehensive quantitative models to produce 
meaningful results. A variety of privacy-preserving methods have been proposed to address statistical tasks, 
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including linear regression, [14,15], and logistic regression [16]. Other works on mining vertically partitioned data 
include linear discriminant analysis [17][7], association rule mining [18], support vector machine [19], naïve Bayes 
[8] and k-means [20]. From a statistical perspective, some of these techniques proposed by computer scientists are 
incomplete in a way that, for example, coefficient estimates are provided, while standard errors and other essential 
statistics for inferences are ignored. Those neglect statistics are of decisive importance in some biomedical research, 
especially association studies. Karr et al. [14] propose a protocol for model diagnostics via secure matrix 
multiplications. However, their method requires high communication costs and heavy computation when the number 
of institutions is large, which is not scalable. 

Although the developments of privacy-preserving alternatives of the standard statistical learning techniques are 
extensive, research on how to deal with missing values for such vertically partitioned data is absent. In addition, 
with the prevalence of distributed networks and an increasing number of institutions participating, investigators 
experience missing values more frequently. These two factors motivate us to propose privacy-preserving methods 
for incomplete, vertically partitioned data. Specifically, assuming the data follow a univariate missing data pattern, 
we propose two privacy-preserving approaches that couple distributed models (linear regression and logistic 
regression) with an inverse probability weighting (IPW) technique and a multiple imputation (MI) technique, 
respectively. Our privacy-preserving IPW for vertically partitioned data (PPIPW-V) first builds a distributed logistic 
regression model on the probability of observing a complete case, without disclosing individual-level data. Then we 
calculate the weights as the inverse of the estimated probabilities and fit a weighted distributed linear regression 
model assuming our original analysis model of interest is the multiple linear regression. PPIPW-V can be easily 
extended to the case of logistic regression of a binary outcome variable on independent variables that are collected 
by different institutions. MI methods for handling missing data are popular and are shown to perform well in both 
literature and practice [21–23]. We propose a privacy-preserving MI approach for vertically partitioned data (PPMI-
V) assuming the response variable is fully observed while one independent variable may be missing partially on a 
subset of records. Utilizing the technique of multiple imputations by chained equations (MICE) [24], we can extend 
PPMI-V to be applicable to data that have general missing data patterns. We offer guidance and suggestions to 
calculate standard errors for both PPIPW-V and PPMI-V through bootstrap resampling. 

The remainder of this paper is organized as follows. In the Methods section, we formulate and describe the settings 
and notation of missing data that are vertically partitioned. Then, we formally develop the proposed methods, 
namely PPIPW-V and PPMI-V. In the Numerical Experiments section, we demonstrate that the proposed methods 
for vertically partitioned incomplete data perform as well as the existing IPW and MI methods that use pooled data. 
We also provide some practical recommendations for applications. Furthermore, we generate “synthetic” incomplete 
data from the Georgia Coverdell Acute Stroke Registry (GCASR) data to mimic the case that data are vertically 
partitioned. PPIPW-V and PPMI-V, as well as other methods, are applied to the synthetic data for comparisons. This 
empirical study demonstrates the effectiveness of our proposed methods in real data applications. 

Methods 

We investigate vertically partitioned data and propose privacy-preserving approaches for handling missing data in 
such settings. To fix ideas, consider a linear regression model 𝑌 𝐗𝜃 𝜀. The objective of the regression analysis 
is to estimate regression coefficients 𝜃, when the covariate 𝐗 is subject to missing values. For vertically partitioned 
data from a distributed environment with 𝐾 institutions which are referred to as sites in the mathematical formula, 
we let 𝐗 𝐗 , . . . ,𝐗 , where 𝐗  is a set of covariates collected from the 𝑘-th institution for the same 
group of patients (of sample size 𝑛). Of note, the more general setting where some covariates can be shared or are 
available across institutions is equivalent to a vertically partitioned setting where the set of shared covariates reside 
in one single site for which our proposed methods can be applied. We assume that the outcome variable 𝑌 is 
accessible to all institutions. Let the total number of covariates be 𝑝 and denote the number of covariates in the 𝑘-th 
institution by 𝑝  and ∑ 𝑝 𝑝. Without loss of generality, we assume 𝐗  has a vector of all 1’s to include an 
“intercept” term in the regression model, i.e., 𝐗 1,𝑋 , . . . ,𝑋 . To illustrate our ideas, we consider a 
univariate missing data pattern where only 𝑋  (from 𝐗 ) has missing values and the other variables are fully 
observed. It is straightforward to extend our methods to general missing data patterns. 

Privacy-preserving inverse probability weighting for vertically partitioned incomplete data (PPIPW-V)  

To apply IPW on vertically partitioned incomplete data, we need to develop a distributed logistic regression model 
for the weights (Stage 1) and a distributed linear regression model for the weighted subjects (Stage 2). 
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In Stage 1, we fit a non-response model to predict the weight for each patient. Let us denote the predictors of the 
probability of observing 𝑋  by 𝐙 1,𝑌,𝑋 , . . . ,𝑋 . For notational convenience, let 𝐙 𝐙 , . . . ,𝐙 , where 
𝐙 1,𝑌,𝑋 , . . . ,𝑋  and 𝐙 ≡ 𝐗 , for 𝑘 2. 

Unlike horizontally partitioned data where 𝐙 𝐖 𝐙 ∑ 𝐙 𝐖 𝐙 , the distributed logistic 
regression for vertically partitioned data is quite different. We adopt the approach proposed by Li et al. [16] that 
optimizes the logistic regression model by dual optimization. The original maximization of the log-likelihood of a 
primal problem is replaced with the minimization of the dual form log-likelihood, which guarantees the same 
optimum. After the transformation, the linear decomposition becomes feasible for dual optimization. We use a 
response indicator 𝑠 , taking value 1 if variables for individual 𝑖 are fully observed and -1 otherwise, to better 
represent the primal form of the log-likelihood function. The details of Stage 1 of PPIPW-V can be found in the 
appendix. Figure 1 summarizes those steps in Stage 1: 

 Step 1: using the most recent dual parameter estimates, each site updates the primal parameters for its own 
features (of size 𝑝 1) and then calculate two site-level aggregated statistics (each of size 𝑛 1). Since 
the calculation in an individual site does not depend on other sites, Step 1 can be done in parallel across 
all sites. 

 Step 2: each site sends two site-level aggregated statistics to the master site. Since the statistics are 
aggregated, no patient-level features are shared. 

 Step 3: after receiving all site-level aggregated statistics, the master site sums them up to get overall 
aggregated statistics and only use them to update the dual parameters.  

 Step 4: the master site sends the updated dual parameter estimates (of size 𝑛 1) to each site. 

Steps 1-4 are repeated until the parameter estimates converge. One final step in Stage 1 of PPIPW-V is that the 
master site calculates the predicted propensity score (weight) for all patients. 

 

 

Figure 1: Flow chart of fitting distributed logistic regression (Stage 1) in PPIPW-V. 

In Stage 2, we establish a weighted distributed linear regression model in this vertically partitioned setting, with the 
weights obtained from Stage 1. The objective function can be written in the matrix form: 𝐹 𝜃 𝑌 𝐗𝜃 𝐕 𝑌
𝐗𝜃 , where 𝐕 is the diagonal matrix of weights. In the case of IPW, 𝐕 𝑑𝑖𝑎𝑔 𝑟 𝑤 . The quadratic 
programming problem of minimizing 𝐹 𝜃  can be solved by a derivative-free modified Powell’s algorithm proposed 
by Sanil et al. [15], which can be implemented in the vertically partitioned health data networks without sharing 
patients’ features. Of note, the implementation of the distributed Powell’s algorithm (see details in the appendix) 
does not require the data to be pooled in one place and only aggregated summary statistics are shared between sites 
iteratively to make the algorithm converge. 

Powell [25] showed that if 𝐹 𝜃  is a quadratic function, the proposed algorithm would yield the exact minimizer 
𝜃 𝑎𝑟𝑔 𝑚𝑖𝑛 𝐹 𝜃 . The asymptotic distribution of the weighted parametric estimate of 𝜃 is derived by Wang et al. 
[26]. Their rigorous estimated covariance matrix is sophisticated and difficult to calculate in the distributed 

350



  

environments. We use bootstrap to approximate the standard error of 𝜃, for practical considerations. To generate 
bootstrap data 𝑌,𝐗  repeatedly using vertically distributed data, we sample the indices 1, . . . ,𝑛  with replacement 
and share them to all institutions, which prepare (arrange) the dataset accordingly. 

Privacy-preserving multiple imputations for vertically partitioned incomplete data (PPMI-V) 

Suppose the missing variable 𝑋  is continuous and follows a normal distribution given 𝑌 and other covariates. That 
is, 𝑋 𝐙𝛼 𝜀, where 𝜀~ 𝑁 0,𝜎 . We can use complete cases to estimate parameter 𝛼. The objective function 
(sum of squared residuals) is 𝐹 𝛼 𝑋 𝐙𝛼 𝐕 𝑋 𝐙𝛼 , with 𝐕 𝑑𝑖𝑎𝑔 𝑟 . Since 𝐹 𝛼  is in a quadratic 
form, derivative-free modified Powell’s algorithm can be directly applied to get the least square estimator 𝛼
𝑎𝑟𝑔 𝑚𝑖𝑛 𝐹 𝛼 . The intermediate value 𝛿 can be calculated using summary statistics from each institution, leading 
to obtaining 𝛼 with confidentiality. We can then take advantage of the bootstrap technique to estimate the variance 
of 𝛼, denoted by 𝐕 . The multiple imputation method first draws a value (𝛼 , 𝜎 ) from the posterior 
distribution of 𝛼,𝜎 , where 𝛼  is drawn from a multivariate normal distribution with mean 𝛼 and variance 

matrix 𝐕 , and 𝜎  is drawn from ∑ 𝑟 𝑥 , ∑ 𝐳 𝛼 /𝜒 ∑ . For individuals 𝑖 missing 

𝑋 , given observed 𝐳 , 𝑋 ,  is then drawn from a 𝑁 𝐳 𝛼 ,𝜎 , where 𝐳 𝛼 ∑ 𝐳 𝛼  is 
linearly decomposable. We repeat the above procedure 𝑀 times and create 𝑀 multiply imputed datasets. Each 
dataset is then processed by the aforementioned Modified Powell’s algorithm, resulting in 𝑀 estimates 𝜃  of 
the parameters of interest 𝜃. The final estimate can be obtained by combining 𝜃  using Rubin’s rules [27]. 

 

Numerical Experiments 

Simulated Data 

We evaluate in this section the performance of the proposed methods. Suppose our vertically partitioned data 𝐗 
consist 𝑝 6 independent variables from 𝐾 3 institutions. We assume each institution possesses two independent 
variables and has access to the outcome variable 𝑌. We are interested in multiple linear regression:  

 𝑌 𝐗𝜃 𝜀 

 1,𝑋 ,𝑋 ,𝑋 ,𝑋 ,𝑋 ,𝑋 𝜃 ,𝜃 ,𝜃 ,𝜃 ,𝜃 ,𝜃 ,𝜃 𝜀, 

when 𝑋  has missing values.  

 

Figure 2: Histograms of the probabilities of observing a complete case in (a) Scenario 1 and (b) Scenario 2, using 
1000 subjects. 
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We generate 𝑋 , . . . ,𝑋  independently from the uniform distribution on (-1, 1). We then generate 𝑋  from a normal 
distribution with mean ∑ 𝑋 /√5 and variance 1. The continuous variable 𝑌 is generated from 𝒩 𝐗𝜃,𝜎 , where 
𝜃 1,1,0,1,0,1,0  and 𝜎 1. IPW methods are known to suffer from the issue of extreme weights. To evaluate 
the impact of extreme weights in the vertically partitioned setting, we consider two scenarios for the selection 
probabilities as follows:  

Scenario 1.        𝑃𝑟 𝑅 1|𝑌,𝐗 1 exp 1.6 𝑌 𝑋 𝑋  

Scenario 2.        𝑃𝑟 𝑅 1|𝑌,𝐗 1 exp 3 2𝑌 2𝑋 2𝑋 . 

Since the missingness of 𝑋  does not depend on itself, the data are missing at random (MAR). Figure 2 presents 
examples of the frequency plots of the probabilities in the two scenarios using n=1000 subjects. While both 
scenarios lead to about the same 42% of subjects missing 𝑋 , Scenario 1 provides relatively stable weights 
compared to Scenario 2, where weights are defined as the inverse of the probabilities.   

We compare our proposed methods with standard approaches including inverse probability weighting methods and 
multiple imputation. Specifically, we consider the following seven methods:   

● Gold standard (GS): the analysis on n subjects with underlying true values for missing data  
● Complete-cases (CC): the analysis on fully observed subjects using a distributed linear regression  
● IPW-pooled: the standard IPW approach on pooled data throughout the whole process of estimating weights 

and fitting weighted linear regression  
● PPIPW-V: the proposed privacy-preserving IPW for vertically partitioned data; 
● MI-naive: each institution imputes the missing data using their own data, following by applying a distributed 

linear regression for the analysis model 
● MI-pooled: the standard MI approach on pooled data throughout the whole process of predicting missing 

values (M=100 times) and fitting a standard linear regression.  
● PPMI-V: the proposed privacy-preserving MI with M=100 imputed datasets for vertically partitioned 

incomplete data 
 

Table 1: Simulation results for estimating 𝜃 𝜃 𝜃 1 based on 1000 Monte Carlo replications for Scenario 1 
with sample size n = 200 or 1000. RBias, mean relative bias; SE, mean, standard error; SD, Monte Carlo standard 
deviation; MSE, mean square error; CR, the coverage rate of 95% confidence interval. 

  𝜃1 𝜃3 𝜃5 
N Method 

RBias (%)  SE  SD  MSE  CR (%)  RBias (%)  SE  SD  MSE  CR (%)  RBias (%)  SE SD  MSE  CR (%)  
200 

GS  0.058  0.065  0.066  0.004  95.1  0.259  0.127  0.131  0.017  93.2  -0.260  0.127  0.127  0.016  96.1  

CC  -9.427  0.088  0.087  0.016  80.5  -19.702  0.169  0.174  0.069  77.9  -20.409  0.170  0.163  0.068  76.9  

IPW-pooled  -2.964  0.113  0.139  0.020  88.3  -3.832  0.220  0.264  0.071  88.6  -6.445  0.220  0.265  0.074  88.1  

PPIPW-V  -3.293  0.108  0.129  0.018  89.0  -6.454  0.209  0.247  0.065  88.5  -8.787  0.210  0.243  0.067  87.1  

MI-naive  -3.227  0.083  0.080  0.007  94.3  -9.313  0.158  0.139  0.028  93.2  -9.740  0.158  0.140  0.029  93.7  

MI-pooled  -1.897  0.079  0.078  0.006  95.0  0.847  0.161  0.156  0.024  95.8  0.583  0.161  0.159  0.025  95.5  

PPMI-V  -1.620  0.074  0.079  0.006  92.9  1.410  0.167  0.158  0.025  96.0  1.265  0.166  0.160  0.026  95.5  
1000 

GS  -0.096  0.029  0.028  0.001  95.0  0.128  0.056  0.056  0.003  94.8  -0.117  0.056  0.056  0.003  94.9  

CC  -9.451  0.039  0.039  0.010  31.1  -19.975  0.075  0.074  0.045  23.9  -20.052  0.075  0.076  0.046  25.0  

IPW-pooled  -0.447  0.065  0.078  0.006  89.6  -1.318  0.122  0.142  0.020  89.6  -1.740  0.122  0.142  0.021  89.8  

PPIPW-V  -0.467  0.064  0.077  0.006  89.6  -1.867  0.121  0.140  0.020  88.0  -2.252  0.121  0.141  0.020  89.0  

MI-naive  -2.419  0.035  0.034  0.002  90.9  -9.900  0.069  0.061  0.013  72.2  -9.994  0.069  0.063  0.014  71.4  

MI-pooled  -0.257  0.034  0.033  0.001  95.4  0.392  0.070  0.069  0.005  95.4  0.135  0.071  0.071  0.005  94.5  

PPMI-V  -0.209  0.032  0.033  0.001  93.8  0.126  0.072  0.069  0.005  96.1  -0.086  0.072  0.070  0.005  95.7  

 

Table 1 shows the simulation results from Scenario 1. The data are missing at random, and the missingness 
mechanism depends on the outcome variable 𝑌. We first illustrate the performances of standard IPW and MI using 
pooled data (i.e., IPW-pooled and MI-pooled). IPW-pooled generates unbiased estimators while CC provides a large 
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bias. This finding is more clear when 𝑛 1000 that the relative bias of IPW-pooled is negligible. This means that 
by applying the weights, IPW-pooled can, as expected, reduce the bias compared to CC, which also uses the 
complete cases only. However, the results show that the estimators of IPW-pooled, even though unbiased, are still 
under covered by 95% confidence intervals. Of note, IPW-pooled also possesses a much larger SE than others. The 
MI-pooled method, on the contrary, yields an unbiased estimator with a relatively small SE. It also has good 
coverages that are all close to the 95% level. In terms of vertically partitioned incomplete data, a naïve way of 
handling missing values is to replace them with predicted ones using other covariates from the same institution. We 
denote this method by MI-naïve. The imputation models in MI-naïve are improper since the missing variable may 
actually depend on covariates of other institutions. Thus, ignoring those covariates will generally lead to biased 
estimators. As shown in Table 1, MI-naïve has large biases and serious low coverage rates, which correspond to the 
fact it is inconsistent. PPIPW-V and PPMI-V inherit the property of standard IPW and MI using pooled data, 
respectively. They perform in a similar way to their corresponding versions of non-distributed methods. In other 
words, PPIPW-V gives unbiased results but large SEs, as IPW-pool; PPMI-V provides unbiased estimators with 
small SEs, as MI-pooled. This interesting finding confirms that our proposed privacy-preserving methods on 
vertically partitioned data work as well as the methods used on pooled data. They offer solutions to the missing data 
problem in distributed data networks by providing meaningful results without individual-level data. 

Table 2 displays the simulation results from Scenario 2, which has unstable weights. A considerable number of 
probabilities of observing a complete case are very close to 0, leading to extremely large weights. It is possible that in 
practice, the logistic model of missingness yields very large weights for some individuals with moderate weights, due 
to lack of fit. On the one hand, the results show that both IPW-pooled and PPIPW-V have biased estimators that give 
rise to large MSE. MI-pooled and PPMI-V, on the other hand, do not require the specification of the missingness 
model and perform well in this scenario. 

Table 2: Simulation results for estimating 𝜃 𝜃 𝜃 1 based on 1000 Monte Carlo replications for Scenario 2 
with sample size n = 200 or 1000. RBias, mean relative bias; SE, mean standard error; SD, Monte Carlo standard 
deviation; MSE, mean square error; CR, the coverage rate of 95% confidence interval. 

  𝜃1 𝜃3 𝜃5 
N Method 

RBias (%)  SE  SD  MSE  CR (%)  RBias (%)  SE  SD  MSE  CR (%)  RBias (%)  SE  SD  MSE  CR (%)  
200  

GS  -0.633  0.065  0.065  0.004  95.5  -1.422  0.126  0.137  0.019  90.5  -0.340  0.126  0.117  0.014  98.5  
 

CC  -15.239  0.087  0.082  0.030  57.5  -31.332  0.169  0.175  0.128  55.5  -30.333  0.168  0.166  0.120  55.0  
 

IPW-pooled  -9.441  0.110  0.122  0.024  81.5  -16.927  0.227  0.312  0.125  76.0  -15.376  0.224  0.273  0.098  78.0  
 

PPIPW-V  -10.797  0.098  0.096  0.021  76.5  -24.179  0.198  0.236  0.114  71.0  -22.149  0.197  0.203  0.090  73.0  
 

MI-naive  -4.405  0.081  0.075  0.007  93.5  -12.129  0.161  0.142  0.035  90.5  -11.445  0.161  0.149  0.035  88.0  
 

MI-pooled  -3.013  0.079  0.076  0.007  94.5  -0.078  0.167  0.168  0.028  93.5  1.295  0.165  0.168  0.028  95.5  
 

PPMI-V  -2.657  0.074  0.076  0.006  94.5  0.633  0.170  0.167  0.028  93.5  1.986  0.168  0.168  0.029  96.5  
1000  

GS  0.098  0.029  0.028  0.001  94.2  0.553  0.056  0.058  0.003  93.2  -0.907  0.057  0.053  0.003  95.3  
 

CC  -14.640  0.039  0.041  0.023  4.2  -31.422  0.075  0.076  0.104  1.1  -33.005  0.075  0.075  0.114  0.0  
 

IPW-pooled  -5.019  0.070  0.096  0.012  76.3  -7.326  0.150  0.254  0.070  71.6  -11.577  0.151  0.210  0.057  72.6  
 

PPIPW-V  -5.998  0.062  0.081  0.010  70.5  -11.713  0.132  0.210  0.058  64.2  -15.428  0.131  0.172  0.053  61.1  
 

MI-naive  -2.446  0.035  0.035  0.002  88.9  -11.166  0.071  0.063  0.016  66.3  -12.346  0.071  0.062  0.019  61.6  
 

MI-pooled  -0.307  0.034  0.034  0.001  95.8  1.365  0.072  0.074  0.006  93.7  -0.189  0.073  0.073  0.005  95.3  
 

PPMI-V  -0.170  0.033  0.034  0.001  93.7  1.216  0.074  0.074  0.006  95.8  -0.322  0.074  0.074  0.005  95.8  

 

Real Data Example 

We conduct an empirical study using real data from the Georgia Coverdell Acute Stroke Registry (GCASR) to 
evaluate our approaches. The data are collected and pooled from hospitals across the state of Georgia in the US, 
aimed to assess the quality of acute stroke care. For the purpose of illustration, we focus on assessing the association 
of four factors (i.e., Gender, Race, NIH stroke score, History of stroke) with arrival-to-CT time, which is an 
important quality indicator on acute stroke care. We assume that the pooled data are actually from two institutions, 
where the first institution has patients’ demographic information (e.g., gender and race), and the second institution 
has clinical information (e.g., NIH stroke score and history of stroke). The outcome variable arrival-to-CT time is 
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accessible to both institutions. We first select 31,918 patients with observations on all four independent variables 
and the dependent variable. The analysis of this dataset is considered a gold standard (GS). Next, we generate the 
missing data by artificially assigning some patients to be missing NIH stroke score through the model 

 𝑃𝑟 𝑋   is missing 1 exp 5 𝑌 𝑋 𝑋 𝑋 , 

where 𝑌 log arrival to CT time , 𝑋 1 if male and 0 otherwise, 𝑋 1 if White and 0 otherwise, 𝑋  
NIH stroke score, 𝑋 1 if the patient has a history of stroke and 0 otherwise. About 45% of patients are missing 
an NIH stroke score according to the above criterion. 

Table 3 presents parameter estimates, SEs, and p-values from the real data analyses using the aforementioned 
seven methods. We use 𝑀 20 and 𝑀 100 imputations for the MI methods (MI-pooled and PPMI-V). The 
results are quite close, so we only present those using 𝑀 20. Consistent with our simulations, our data analysis 
results in Table 3 demonstrate that PPIPW-V behaves in the same way as IPW-pooled and PPMI-V perform as well 
as MI-pooled.  Based on our analysis, it appears that there is a significant negative association between arrival-to-CT 
time and NIH stroke score by any of the estimates. The same finding is observed between arrival-to-CT time and 
race. The result from the CC analysis shows a negative effect of gender on arrival-to-CT time, while this conclusion 
does not hold by other methods. History of stroke is not shown to be statistically significant by IPW-pooled and 
PPIPW-V. In terms of the values of the estimates, MI-pooled and PPMI-V are closest to GS in general. MI-pooled 
and PPMI-V also provide relatively smaller SEs than other methods. The estimate of NIH stroke score using MI-
naïve is only half of that using GS. 

Table 3: Regression coefficients estimates of the Georgia stroke registry data. 

Characteristics Method Estimate SE P-value 
Male (referent: female) GS  0.073  0.014  <0.001  

CC  -0.155  0.018 <0.001  
IPW-pooled  0.106  0.031  <0.001  
PPIPW-V  0.106  0.031  <0.001  
MI-naive  0.050  0.014  <0.001  
MI-pooled  0.069  0.014  <0.001  
PPMI-V  0.068  0.014  <0.001  

White (referent: African 
American) 

GS  -0.159  0.014  <0.001  
CC  -0.353  0.018  <0.001  
IPW-pooled  -0.213  0.031  <0.001  
PPIPW-V  -0.213  0.031  <0.001  
MI-naive  -0.138  0.014  <0.001  
MI-pooled  -0.155  0.014  <0.001  
PPMI-V  -0.154  0.014  <0.001  

NIH stroke score GS  -0.032  0.001  <0.001  
CC  -0.024  0.001  <0.001  
IPW-pooled  -0.034  0.002  <0.001  
PPIPW-V  -0.034  0.002  <0.001  
MI-naive  -0.014  0.001  <0.001  
MI-pooled  -0.028  0.001  <0.001  
PPMI-V  -0.027  0.002  <0.001  

History of stroke GS  -0.041  0.016  0.012  
CC  -0.227  0.019  <0.001  
IPW-pooled  -0.033  0.028  0.122  
PPIPW-V  -0.033  0.028  0.122  
MI-naive  -0.052  0.017  0.001  
MI-pooled  -0.037  0.016  0.024  
PPMI-V  -0.037  0.016  0.024  

 

Conclusion 

The privacy-preserving methods developed in this paper have shown promising results for handling vertically 
partitioned incomplete data. Specifically, PPIPW-V models the weights for complete observations through logistic 
regression and solves its corresponding dual problem that utilizes summary statistics only. Then, we weight 
complete cases based on the estimated weights and solve an objective function of quadratic form by a derivative-free 
modified Powell’s algorithm. The calculations within the algorithm can be linearly partitioned among institutions. 
The final least-squares estimate is proved to minimize the objective function. Our numerical studies demonstrate 
that PPIPW-V yields the same results as IPW-pooled. As has been reported in prior research, we should pay close 
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attention to unstable weights when using IPW methods. PPIPW-V also tends to produce larger standard errors than 
imputation methods, which is inherited from IPW-pooled. Another privacy-preserving method that we propose is 
PPMI-V, which yields the same superior performance as MI-pooled compared to other native imputation methods. 
PPMI-V is flexible and can be extended to general missing data patterns and to the case where non-continuous 
variables are subject to missing values. For both PPIPW-V and PPMI-V, we also provide a privacy-preserving 
approach for calculating standard errors through bootstrap resampling, which enables statistical inference. However, 
it is possible that our distributed algorithms may still leak information through transmitting aggregated statistics, in 
which case we can further strengthen privacy through integrating differential privacy or secure multiparty 
computation. These extensions are of interest for future research. In addition, we have ongoing work on developing 
methods for the analysis of horizontally partitioned incomplete data for which the methods developed in this work 
are not applicable and we also plan to investigate more complex partition patterns that may include both vertical and 
horizontal partitions. 

 

Appendix: Technical Details 

PPIPW-V Stage 1: Distributed logistic regression for response indicator in vertically partitioned data 

The logistic regression model for the response indicator becomes 𝑃𝑟 𝑠 1|𝐳 1/ 1 exp 𝑠 𝐳 𝛽 , where 
𝛽 ∈ ℝ  is a vector of nuisance parameters to be estimated and 𝐳  is the 𝑖-th row of 𝐙. The primal problem is to 
maximize the log-likelihood 𝑙 𝛽 ∑ log 1 exp 𝑠 𝐳 𝛽 𝜆𝛽 𝛽/2. The penalty 𝜆𝛽 𝛽/2 is introduced 
to give a superior generalization performance, especially when 𝑝 is large. Instead of solving the primal problem, we 
solve the dual problem, which is represented by dual parameter 𝜓 ∈ ℝ  as:  

 min𝐽 𝜓 ∑ ∑ 𝜓 𝜓 𝑠 𝑠 𝐳 𝐳 ∑ 𝐻 𝜓 , (1) 

where 𝐻 𝜓 𝜓log𝜓 1 𝜓 log 1 𝜓 . It is easy to see that the linear kernel 𝐳 𝐳  in Equation (1) can be 

linearly decomposed by institutions as 𝐳 𝐳 ∑ 𝐳 𝐳 . Such decomposition builds the foundation of a 
privacy-preserving distributed logistic regression model over vertically partitioned data [16]. That is, each institution 
computes the dot products 𝐳 𝐳  and shares them to calculate 𝐳 𝐳  of each pair of individuals. Since the 
dot product is a scalar, the exposure of it does not lead to the disclosure of 𝐳 . Newton-Raphson algorithm is applied 
to optimize 𝜓 via iterative procedures until convergence: 𝜓 𝜓 𝐽′′ 𝜓 𝐽′ 𝜓 . With the estimated 
dual parameters 𝜓 𝜓 , . . . ,𝜓 , we can get the estimated primal parameters 𝛽 𝛽 , . . . , 𝛽  by 

sending 𝜓 to each institution: 𝛽 𝜆 ∑ 𝜓 𝑠 𝐳 . Then, we can obtain the weight for individual 𝑖 by 𝑤

1/�̂� 1 exp ∑ 𝐳 𝛽 . Note that the dot product 𝐳 𝛽  is calculated locally by each 
institution and then shared to others. 

 

PPIPW-V Stage 2: Distributed weighted linear regression for outcome in vertically partitioned data 

Modified Powell’s algorithm: 

 Initialization: Select an arbitrary orthogonal basis for ℝ : 𝐝 , . . . ,𝐝 . Pick an arbitrary starting 
point 𝜃 ∈ ℝ   

 Iteration: Repeat the following steps 𝑝 1 times.   
o Set 𝜃 𝜃  
o For 𝑗 1,2, . . . ,𝑝,𝑝 1:   

 Let 𝛿 𝑎𝑟𝑔 𝑚𝑖𝑛 𝐹 𝜃 𝛿𝐝   
 Set 𝜃 𝜃 𝛿𝐝   

o For 𝑗 1,2, . . . ,𝑝: Set 𝐝 𝐝  
o Set 𝐝 𝜃 𝜃   

 𝛿 𝑎𝑟𝑔 𝑚𝑖𝑛 𝐹 𝜃 𝛿𝐝   
 Set 𝜃 𝜃 𝛿𝐝   

Of note, for the objective function of sums of weighted errors, given any direction 𝐝,  
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𝛿 𝑎𝑟𝑔 𝑚𝑖𝑛 𝐹 𝜃 𝛿𝐝
𝑌 𝐗𝜃 𝐕 𝐗𝐝
𝐗𝐝 𝐕 𝐗𝐝

𝛾 𝐕𝜂
𝜂 𝐕𝜂

, 

where 𝛾 𝑌 𝐗𝜃 and 𝜂 𝐗𝐝. Similar to the data are vertically partitioned (i.e., 𝐗 𝐗 , . . . ,𝐗 ), we 
partition the direction 𝐝 and the vector of parameters 𝜃 as 𝐝 𝐝 , . . . , 𝐝  and 𝜃
𝜃 , . . . , 𝜃  accordingly. Therefore, 𝛾 𝑌 ∑ 𝐗 𝜃  and 𝜂 ∑ 𝐗 𝐝 . Such 

linear decompositions allow us to obtain 𝛿 by only sharing the locally calculated summary statistics (i.e., 
𝐗 𝜃 , 𝐗 𝐝 ). 
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Abstract 

While the utility of computerized clinical decision support (CCDS) for multiple select clinical domains has been 
clearly demonstrated, much less is known about the full breadth of domains to which CCDS approaches could be 
productively applied.  To explore the applicability of CCDS to general medical knowledge, we sampled a total of 500 
primary research articles from 4 high-impact medical journals. Employing rule-based templates, we created high-
level CCDS rules for 72% (361/500) of primary medical research articles.  We subsequently identified data sources 
needed to implement those rules.  Our findings suggest that CCDS approaches, perhaps in the form of non-interruptive 
infobuttons, could be much more broadly applied.  In addition, our analytic methods appear to provide a means of 
prioritizing and quantitating the relative utility of available data sources for purposes of CCDS.   

Introduction 

Computerized clinical decision support (CCDS) has the potential to improve the quality and lower the cost of health 
care.1  Systematic reviews have concluded that CCDS can improve health care process measures related to performing 
preventive services, ordering clinical studies, and prescribing therapies.2, 3  They have also been shown to improve 
practitioner performance with respect to diagnosis of cardiac ischemia4 and mood disorder,5 identification of at-risk 
behaviors,6 and diabetes care.7  While the utility of CCDS in multiple select domains has been clearly demonstrated, 
much less is known about the full breadth of clinical domains to which CCDS might be productively applied. 

Particularly in the face of rapidly increasing medical knowledge, and the "big data" challenges associated with 
precision health,8 markedly expanded CCDS could help address challenges related to clinician cognitive limitations. 
While transformation of a much greater share of medical knowledge into interruptive pop-up reminders would quickly 
fatigue clinicians,9 non-interruptive approaches such as universal availability of highly relevant patient-specific 
information in the form of infobuttons10 would likely be welcomed. 

For purposes of testing the feasibility of expanding the scope of CCDS, we determined the extent to which we could 
transform the study findings of a sample of primary medical research articles into boolean-logic CCDS rules.  To 
further explore the feasibility, we also determined the data requirements of these rules. 

Methods 

Sample of primary medical research articles.  We used Ovid MEDLINE to pull all articles with abstracts for 2018-
2019 from four high-impact medical journals:  New England Journal of Medicine, The Lancet, Annals of Internal 
Medicine, and JAMA Internal Medicine.  We excluded review articles identified through Ovid MEDLINE, as well 
as articles explicitly identified in the title as systematic reviews, meta-analyses, position papers, or guideline articles.    

We identified a total of 1,055 primary research articles.  We then sorted the entire list of 2018-2019 primary research 
articles based on the primary author's last name and selected the first 500 for further analysis (a pseudo-randomized 
approach).  The articles spanned primary author last names "Abou-Alfa" through "Lai." 

Transformation of article titles and abstract conclusions into boolean-logic CCDS rules.  For each of the 500 articles, 
we attempted to craft a reasonable high-level boolean logic CCDS rule from the article title and abstract conclusion 
(referred to as "title-abstract combinations" in the discussion below).  Our assessment of "reasonable" was a general 
assessment that the information might be clinically useful under specified circumstances. 

For articles that we could transform into CCDS rules, we further categorized the study findings included in the abstract 
conclusion as follows: positive study results, negative study results, non-inferior study results, or not readily 
categorized. 

For each article, we attempted to rearrange information found in the article title and abstract conclusion into high-
level CCDS rules using rule templates as a guide (figure 1): 
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If patient meets [study population criteria] and if clinician [has/has not/is] [ordered/performed/considering] 
[intervention], then alert clinician that [overarching study conclusion] 

Examples of the rule template components include: 

 Meets [study population criteria] - "If patient has [diagnosis]" or "If patient has undergone [surgical 
procedure]" or "if patient is [age-race-gender]" 

 [Intervention] -  A particular medication, surgical procedure, nursing protocol 

 [Overarching study conclusion] - e.g., "Among [study population], [positive/negative outcomes] among 
those who received [intervention]"  

 

Identification of relevant 
CDS-related data sources.  
As outlined in figure 1, we 
identified data sources that 
would either be useful or 
required for a sample rule 
implementation11 - i.e., data 
corresponding to the logical 
criteria that fires the alert 
(the "if" portion of if-then 
logic).  We attempted to 
determine these data needs 
from the perspective of a 
CCDS rule-author.   

In the case of three data 
sources, we did apply more 
stringent criteria for inclusion (i.e., not simply "useful");  These three data sources included  "symptoms and signs," 
"surgical plans," and "working (preliminary) diagnoses."  In these cases, we only included them as data sources if the 
CCDS rules could not otherwise be implemented or if there was particular urgency in relaying the study 
recommendations.  The reason for more stringent criteria with respect to these three data sources is based on our belief 
that they would necessitate direct data capture from the clinician for CCDS.   

Such data capture would be needed due to the fact that clinicians do not keep a running log of their thoughts about 
"symptoms and signs," "surgical plans," and "working (preliminary) diagnoses."  Insofar as a rule is intended to 
influence the clinician's thought process and requires data that has not been documented yet, then it must be captured 
directly from the clinician (and the challenges of acquiring coded data from clinicians are well-known12).  As strictly 
one example, we judged "symptoms and signs" data as necessary for determining "mild to moderate Alzheimer 
disease" but not "metastatic prostate cancer." Unlike metastatic prostate cancer that can be determined by a 
combination of pathology, laboratory tests, and radiology, "mild to moderate" dementia requires clinician examination 
of the patient (e.g., a standardized cognitive exam). As a second example, we judged recommendations for acute 
management of stroke as urgent, justifying capture of a working (preliminary) diagnosis from the physician. 

In the cases of sociodemographic, allergy, medication claims data, family history, care setting, and health information 
exchange data, we included them in our list of relevant data sources only if there was a fairly explicit reference to 
them.  For example, even though pregnancy or prostate cancer recommendations are sex-specific, we did not include 
sociodemographic data (that includes sex) unless the title-abstract combination specifically referred to women or men.  
Similarly, even though health information exchange or medication claims data might frequently supplement other data 
sources, we only included them if cross-institutional or medical adherence data, respectively, were referenced by the 
article title-abstract combination. 

Results 

Transformation of abstract conclusions into boolean-logic CCDS rules.  We were able to transform 72% (361/500) 
of primary research article title-abstract combinations into high-level boolean-logic CCDS rules.   

Figure 1:  Transformation of an article title and abstract conclusion into a high-
level CCDS rule, with subsequent identification of relevant data sources 

359



  

The percentage of sampled articles that we could transform into CCDS rules ranged from 54% (33/61) for Annals of 
Internal Medicine to 84% (172/204) for the New England Journal of Medicine. 

For the 361 articles that we could transform, we categorized the conclusions as demonstrating positive study outcomes 
for 70% (251/361) of articles, negative study outcomes for 19% (68/361), non-inferior study outcomes for 5% 
(18/361), and not readily categorized for 7% (24/361). 

For articles reporting negative study outcomes, 
we were able to create CCDS rules using 
"blocking" CCDS rules,13, 14 which advise 
against ordering ineffective therapies.  As 
deemed appropriate, for articles with non-
inferior study outcomes related to medications, 
we created CCDS rules that arbitrated the 
preferred medication based on institutional 
formulary drug costs (which we considered an 
independent data source). 

With respect to the 28% (139/500) of articles 
that we could not readily transform into CCDS 
rules, the primary limitation was that they did 
not test patient-specific interventions.  These 
articles instead commonly described 
epidemiologic results, research related to 
clinicians or programs, policy or spending 
issues, or basic science findings. 

CCDS-related data sources.  Based on the 
logic of the constructed high-level CCDS 
rules, we determined data sources that would 
either be useful or required for rule 
implementation.    Table 1 lists these data 
sources, as well as the percentages of rules that 
depended on these data sources (e.g., 69% of 
our constructed CCDS rules depended on the 
availability of medication order data).  The 
mean number of data sources per rule was 
4.05, while the median number was 4.00. 

In table 1, we have only listed data sources for 
which at least 2% of rules depended.  
Additional data sources identified as useful or 
required by at least one CCDS rule, but less 

than 2% of the 361 rules included in decreasing order of frequency: Family history, dietary information, pulmonary 
function test orders and results, respiratory care orders, EEG orders and results, institutional drug cost data, 
ophthalmology measurements, durable medical equipment orders, vascular lab orders and results, hemodialysis status, 
allergy information, inter-institutional health information exchange data, patient insurance data, nerve conduction 
orders and results, over-the-counter medication data, dietary supplement data, medication claims data, and transfusion 
orders. 

Discussion 

Our findings suggest that boolean-logic CCDS models could be readily applied to a large percentage of medical 
knowledge. Through adoption of a generally formulaic approach using rule-based templates, we transformed 72% of 
primary medical research article findings into CCDS rules.  We found journal-specific differences in the percentages 
of articles that we could transform, but in all cases it was a majority.  We attribute the high level of correspondence 
between article title-abstract combinations and high-level CCDS rule templates to how abstract conclusions tend to 
be structured: i.e., most include a succinct description of the study population, the study intervention, and an 
overarching study conclusion related to study outcomes that provides rule reminder content.  We anticipate that 

Table 1:  The number and percentage of rules dependent on each 
data source in descending order.  (Data sources relied upon by 
less than 2% of rules are not listed.) 
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automated extraction15, 16 of interventions, study populations, and outcomes from abstract conclusions could facilitate 
generation of precisely-targeted infobutton10 content. 

We also found that high-level CCDS rules based on primary research articles require a relatively small number of data 
sources, which largely already exist in electronic form.  Analyses derived from the medical literature similar to those 
in the current study provide a promising means of assembling a comprehensive list of data sources important to CCDS 
implementation.  From the perspective of a health care institution, our analytic approach also provides a method for 
prioritizing and quantitating the relative utility of electronic data interfaces and data capture processes for purposes of 
CCDS.     

As one might expect, we found that many CCDS rules depend on the availability of medication, diagnosis, laboratory, 
and radiology data.  We were also able to quantitate the utility of data sources not commonly captured, such as 
presenting symptoms and signs, working (preliminary) diagnoses, and surgical plans for implementation.  Access to 
these forms of "real-time" information, or information captured from the clinician during or very shortly after the 
patient encounter, is required when the study conclusions relate to treatment of acute problems (e.g., acute stroke) or 
preferred surgical methods (only useful if the surgery has not yet occurred).  Such preliminary diagnoses are 
commonly documented after the encounter, and consequently, frequently after medical decision-making.  These 
preliminary diagnoses are also typically embedded only in clinical notes, requiring natural language processing (NLP) 
to extract.  While approaches similar to the one in this study can assess the utility of capturing such real-time data, the 
major challenge will be to capture such coded information during encounters without placing additional demands on 
clinicians. 

This study has limitations.  We did not attempt to assess the validity of individual article conclusions in the context of 
similar studies in the medical literature, which would be useful for definitive CCDS recommendations.  There was 
also some degree of subjectivity to assessing needed data sources.  As discussed in the Methods section, we included 
sociodemographic, allergy, medication fill, and health information exchange data only if referenced fairly explicitly.  
For these particular data sources, our methods based on the medical literature would tend to underestimate their value 
- e.g., allergy information and medication claims data would arguably be useful in all cases that relate to medications. 
Finally, the article selection may be biased towards authors with included last names that published multiple articles 
with a similar writing style. 

It has been estimated that outpatient physicians spend nearly twice as much time interacting with an electronic health 
record (EHR) and performing desk work than in direct clinical face time with patients.17  Such a time commitment 
can only be justified if EHRs improve medical decision-making and medical care, presumably through efficient forms 
of CCDS.  As long as rule authors must manually translate select portions of the medical literature into CCDS rules, 
they will represent a bottleneck between clinicians and actionable medical literature-based recommendations.  Our 
study strongly suggests that article titles and abstract conclusions represent a dense form of information important to 
CCDS content, which might facilitate automated CCDS development.  Such automatically-developed CCDS content 
could help ensure that every clinician interaction with an EHR would include the availability of relevant content.   
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Abstract

Many adverse drug reactions (ADRs) are caused by drug-drug interactions (DDIs), meaning they arise from concur-
rent use of multiple medications. Detecting DDIs using observational data has at least three major challenges: (1)
The number of potential DDIs is astronomical; (2) Associations between drugs and ADRsmay not be causal due to
observed or unobserved confounding; and (3) Frequently co-prescribed drug pairs that each independently cause
an ADRdo not necessarily causally interact, where causal interactionmeans that at least some patients would only
experience the ADR if they take both drugs. We address (1) through data mining algorithms pre-filtering potential
interactions, and (2) and (3) by fitting causal interactionmodels adjusting for observed confounders and conduct-
ing sensitivity analyses for unobserved confounding. We rank candidate DDIs robust to unobserved confounding
more likely to be real. Our rigorous approach produces far fewer false positives than past applications that ignored
(2) and (3).

1 Introduction

Adverse drug reactions (ADRs) lead to nearly 74,000 emergency room visits and 195,000 hospitalizations each
year in the United States1,2. Many ADRs are brought about by drug-drug interactions (DDIs), meaning that they
arise as a result of concurrent use of multiple medications. Concurrent medication use is particularly common
among the elderly3. DDIs are difficult to identify from clinical trials, which typically only randomize one treat-
ment at a time and have sample sizes too low to reliably detect interaction effects for rare outcomes. Thus, DDI
detection must depend on large scale observational data analysis.
In the United States, the Food Drug Administration (FDA) has implemented the FDA Adverse Event Reporting
System (FAERS) database4. FAERS is a system gathering adverse event reports, medication error reports and
product quality complaints resulting in adverse events submitted to the FDA by healthcare professionals (such
as physicians, pharmacists, nurses, and others), consumers (such as patients, family members, lawyers, and
others) and manafacturers (such as pharmaceutical companies). FAERS has been a critical source of data for
pharmaco-vigilance analytics5mostly focusing on detecting adverse effects of individual drugs. In this work, we
propose to use FAERS to establish and detect DDIs.
Identifying DDIs causing an adverse drug reaction from observational databases such as FAERS poses at least
threemain challenges. First, the number of potential candidate drug-drug interactions is extremely large, which
is computationally challenging. Second, associations between drugs and ADRs in observational datamay not be
causal due to observed or unobserved confounding. For example, a candidateDDIwith two interacting drugs A1

and A2 causing ADR Y (as shown in Figure 1) may have both observed and unobserved confounders. In FAERS,
observed confounders comprise co-prescribed drugs (C1 in Figure 1) and comorbidities captured as indications
of co-prescribed drugs (C2 in Figure 1). Unobserved confounders include demographic factors, unrecorded in-
dicators of health status such as vital signs or lab tests, and more. Third, pairs of drugs that each independently
cause an ADR and are frequently co-prescribed do not necessarily causally interact, where causal interaction
means that there are at least some patients who would only experience the ADR if they take both drugs.
We address the first challenge of too many candidate DDIs by using data mining algorithms to pre-filter. Most
existing studies6 in this area stop here and ignore the remaining challenges. Many of the candidate DDIs these
studies flag are not causal, since they did not adjust for confounding. We address the remaining challenges by
fitting causal interaction models to adjusting for observed confounders and conducting sensitivity analyses for
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possible unobserved confounding. Candidate DDIs robust to strong unobserved confounding in the sensitivity
analyses are ranked as more likely to be real.

FIGURE 1: Possible confounders (C1,C2 andU ) for a potential DDI A1&A2 ⇒ Y .
Past applications in this field have produced a very large number of false positives. For example, another popular
DDI detection algorithmbasedonFAERSdata (Twosides7) produces thousands ofDDIswith ‘high confidence’ of
causingeachoutcomeweconsidered. This ismedically implausible, asDDIs arenot that common. Ourapproach
is considerablymore conservative than Twosides, i.e. less likely to generate false positives, for two reasons. First,
while Twosides employs adhocheuristics to identify associations, we explicitly target ametric that implies causal
interaction. Second, while Twosides assumes that its matching procedure is sufficient to remove confounding,
our sensitivity analysis allows for the likely eventuality that we have failed to fully adjust for confounding. While
validation is a challenge in this area because there do not exist reliable sources of ground truth about DDIs, it is
more justifiable todevote limited resources to further investigate the fewcandidateDDIsflaggedbyour approach
than the many flagged by alternative less rigorous approaches with high false positive rates.

2 Related Work

Significant research efforts have focused on detecting and predicting DDIs. One group of methods leverages
various biochemical and molecular drug/target data to measure drug-drug similarities and score/predict DDIs.
These data include chemical structures8,9, target information10, compound-target docking scores11, and drug
side effects12. There have also been efforts at predicting DDIs by integrating molecular and pharmacological
data13,14. Another group of methods analyze medical literature and/or electronic medical records to extract po-
tential DDIs. Various computational techniques such as traditional regression models15, association rule min-
ing6,16, 17, disproportionality ratios18,19, biclustering20, and text mining21 have been used to detect DDIs in a
fully data-driven manner. Some of these methods7,22 consider issues of confounding. However, none of the
data-driven methods explicitly targets a causal i nter acti on effect or incorporates sensitivity analysis to ac-
knowledge that some confounding will be unobserved.

3 Methods

Wedivide our approach into four stages. Stage 1 entails pre-filtering to identify potential drug-drug-ADR triplets
in which the two drugsmay interact to cause the ADR. In stage 2, for each triplet identified in Stage 1, we identify
a set of potential confounding variables that are associatedwith either of the drugs or the outcome. In stage 3, we
estimate the causal interaction effects in the triplets identified in stage 1 adjusting for the possible confounders
identified in stage 2. In stage 4, we perform sensitivity analyses to assess the robustness of the causal interaction
effect estimates obtained in stage 3 to possible unobserved confounding. In the following, we refer to drug-drug-
ADR triplets in which the drugs actually interact to cause the ADR as DDIs, and we refer to triplets in which the
drugs may or may not interact to cause the ADR as candidate DDIs.
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3.1 Data and Notation

The FAERS database comprises self-reported suspected adverse reactions. Each self-report includes the adverse
outcome (suspected to be a reaction to somemedication), all medications taken by the patient leading up to the
adverse outcome, and the indications for which all the listed medications were prescribed. A strength of such
self-reported data is that we can have high confidence that reported drugs were actually taken, in contrast to
EHR data where non-adherence is a concern.
For a given candidate DDI, let A1, A2, and Y denote binary random variables over the space of reports indicating
presence of the first drug of interest, the second drug of interest, and the outcome of interest, respectively. LetC
be a random vector denoting additional possible confounding variables (i.e. presence of indications and other
drugs) to be adjusted for when estimating the effect of A1 and A2 on Y . We will use upper case letters to refer to
random variables and lower case letters to refer to their particular realizations.
If a report is for an adverse outcome other than the ADR of interest, Y = 0. A shortcoming of the dataset is
that when Y = 0 we do not actually know for sure that the patient who is the subject of the report did not also
experience the ADR of interest in addition to whatever outcome motivated the report. However, if the ADR of
interest is rare in the population, this will not significantly bias our results.
We adopt the counterfactual framework for causal inference23 in which it is assumed that corresponding to each
possible treatment assignment (a1, a2) of A1 and A2 there exists a counterfactual outcome Y (a1, a2) which is
the outcome that would have been observed had the patient actually received treatment assignment (a1, a2).
We say that a mechanistic interaction between A1 and A2 is present if for at least some patients Y (1,1) = 1 but
Y (1,0) = Y (0,1) = Y (0,0) = 024, i.e. if at least some patients would only experience the outcome if they were to
receive both treatments. Our goal will be to identify mechanistic interactions, since compared to other possible
definitions of a DDI they are most relevant to public health.

3.2 Pre-filtering

We prefiltered candidate DDIs according to the following criteria:

• Rare outcome: P (Y = 1) ≤ .01

• Unadjusted statistical interaction: We only considered candidate DDIs with unadjusted statistical interac-
tion P (Y =1|A1=A2=1)

P (Y =1|A1=A2=0) − P (Y =1|A1=1,A2=0)
P (Y =1|A1=A2=0) − P (Y =1|A1=0,A2=1)

P (Y =1|A1=A2=0) +1 ≥ 2.

• Sufficient power: We required power≥ 0.8 to test whether the unadjusted statistical interactionwas greater
than 2 at a .01 level assuming that the true unadjusted statistical interaction was equal to the larger of the
observed unadjusted statistical interaction or 3.

The rare outcome assumption is necessary to be able to approximate relevant quantities using a case-control
design25. The other two assumptions are simply to restrict candidate DDIs to those both more likely to be real
andhave sufficient support in the data to estimate their interaction effects. The unadjusted statistical interaction
between drugs in almost all true DDIs will be greater than 2 for reasons that will become clear below. And effect
estimates for candidate DDIs with higher power are less likely to be pure noise arising from sampling variability.
In addition, for a given ADR, we also curated the set of drugs that are prescribed for the treatment of the same
ADR as indication using the SIDER26 database. We removed these drugs from the potential candidate DDIs to
cause the ADR under consideration.

3.3 Identification of Possible Confounders

In a careful study of an individual candidate DDI, confounder selection would be based on expert knowledge
of the causes of the outcome and drugs of interest27. In this work, we are designing an automated algorithm to
assess largenumbersof candidateDDIs, andanautomatedconfounder selectionapproachcannot require expert
knowledge about individual candidate DDIs. For each drug and outcome included in each candidate DDI, we
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identify the variables (i.e. medications and indications) that aremost strongly associated with the it (e.g.,C 1 and
C 2 of Figure 1). In particular, we find up to 50 drugs and indications that are associated with the ADR under
consideration, and another 50 indications that are related to each drug of the DDI. Thus, we generated a list of
up to 150 variables comprising the potential confounding variables for each candidate DDI and then we adjust
for these confounders while estimating causal interaction effects as described in the following subsection. We
use mutual information to identify candidate confounders of each DDI.

3.4 Causal Interaction Estimation

In this step, we want to find the mechanistic interaction between two drugs after adjusting for all the observerd
confounders obtained from the previous step. In particular, we compute the Relative Excess Risk due to Interac-
tion (RERI) of a particular DDI, which is defined as

RERI ≡ RR11 −RR10 −RR01 +1, (1)

where RRa0a1 denotes P (Y (a0, a1) = 1)/P (Y (a0, a0) = 1). The RERI is an important quantity because an RERI
greater than 2 implies a mechanistic interaction24. We cannot directly estimate the RERI as limitations of the
FAERS dataset force us to adopt a case-control design. However, for rare outcomes,

RERI ≈ RERIOR ≡OR11 −OR10 −OR01 +1, (2)

whereORa0a1 denotes P (Y (a0,a1)=1)/P (Y (a0,a1)=0)
P (Y (0,0)=1)/P (Y (0,0)=0) . Note thatORa0a1 and thereforeRERIOR are counterfactual quan-

tities. If we specify a logistic regression model

log i t (P (Y = 1|A1 = a1, A2 = a2,C = c)) = γ0 +γ1a1 +γ2a2 +γ3a1a2 +γ
′
4c (3)

and assume thatC contains all common causes of A1 and Y and all common causes of A2 and Y , then

RERIOR = eγ1+γ2+γ3 −eγ1 −eγ2 +1. (4)

Hence we can estimate RERIOR by plugging in the parameter estimates of our logistic regression (3) into (4).

3.5 Sensitivity Analysis

It is a very strong assumption that C is sufficient to adjust for all confounding between both treatments and the
outcome. Causal sensitivity analyses24,28, 29 posit that there exists an unobserved confounderU not included in
C as in Figure 1. For a range of parameter values determining the prevalence ofU at different levels of the treat-
ments and the strength of U ’s association with the outcome, we can compute the RERIOR estimate we would
have obtained had we been able to adjust for U assuming the causal graph in Figure 1. If U-adjusted RERIOR

estimates are large for a wide range of sensitivity parameters governing the impact of hypothetical unobserved
confounder U , this is an indication that these estimates are robust to unobserved confounding. (The level of
robustness to confounding is determined by a complex function of the dependencies between treatments, ob-
served confounders, and the outcome, i.e. robustness is not simply equivalent to a large estimated effect.)
Define λ ≡ E [Y |A1=a1,A2=a2,C=c,U=1]

E [Y |A1=a1,A2=a2,C=c,U=1] assumed constant over a1, a2,c. And let ρa1a2 denote P (U = 1|A1 = a1, A2 =
a2,C = c) assumed constant over c. Then theU−adjusted estimate of RERIOR is

ˆRERI OR (λ,ρ) = e γ̂1+γ̂2+γ̂3

1+(λ−1)ρ11
1+(λ−1)ρ00

− e γ̂1

1+(λ−1)ρ10
1+(λ−1)ρ00

− e γ̂2

1+(λ−1)ρ01
1+(λ−1)ρ00

+1. (5)

For each candidate DDI, we compute ˆRERI OR (λ,ρ) over a grid of λ and ρ values spanning [1,4] by increments
of .5 for λ and [0,1] by increments of .25 for ρ11,ρ10,ρ01, and ρ00. We refer to the resulting grid of U-adjusted
RERIOR estimates as the ‘sensitivity grid’ for a candidate DDI.We also estimate by bootstrap a covariancematrix
Σ̂ for ˆRERI OR (λ,ρ) estimates over all candidate DDIs and values of λ and ρ.
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3.6 Ranking Candidate DDIs Based on Sensitivity Analysis Output

We consider multiple schemes for ranking candidate DDIs based on their sensitivity grids and the confidence
intervals for the entries of those grids.

• Confounding naive approach: Rank candidate DDIs by their RERI estimates

• Conservative confounding naive approach: Rank candidate DDIs by the lower bound of the 0.95 confi-
dence interval of the RERI estimate.

• Confounding aware approach: Rank candidate DDIs by the p th (e.g. 0.25) quantile of the sensitivity grid.

• Conservative confounding aware approach: Rank candidate DDIs by the lower bound of the 0.95 confi-
dence interval for the p th (e.g. 0.25) quantile of the sensitivity grid.

4 Experiments

We applied our approach to detect DDIs causing Acute Renal Failure (ARF), Acute Myocardial Infarction (AMI),
and Acute Liver Injury (ALI) in the FAERS database. We used the OMOP definition of UMLS concept ids to map
the FAERS data to these three ADRs. Our dataset comprised 6,293,657 total reports collected from Q4 of 2012
to Q4 of 2014. 13,138 were regarding instances of ARF, 25,045 were regarding instances of AMI, and 12,911 were
regarding instances of ALI. The pre-filtering process reduced these numbers to just 69 candidate DDIs for ARF,
60 for AMI, and 32 for ALI. For each outcome, we report all four scores described in the previous subsection for
top candidate DDIs.

TABLE 1
(a) Top 15 DDIs of ARF ranked by the .25 quantile
of sensitivity grid

(b) Top 15 DDIs of ARF ranked by the .25 quantile of
sensitivity grid

Drug1 Drug2 RERI
Lisinopril Sodium Phosphate,

Dibasic
192.7

Heparin Mannitol 10.7
Potassium
Chloride

dabigatran etexilate 4.6

Lisinopril dabigatran etexilate 3.1
carvedilol dabigatran etexilate 2.8
Allopurinol dabigatran etexilate 2.4
Diltiazem dabigatran etexilate 2.2
dabigatran
etexilate

Spironolactone 2.2

Albuterol dabigatran etexilate 1.9
Acetaminophen dabigatran etexilate 1.6
Digoxin dabigatran etexilate 1.6
Aspirin dabigatran etexilate 1.6
Simvastatin dabigatran etexilate 1.6
Metformin Indapamide 1.5
Bisoprolol Bumetanide 1.5

Drug1 Drug2 Sensi-
tivity
adjusted
RERI

Lisinopril Sodium Phosphate,
Dibasic

140.4

Heparin Mannitol 8.8
Potassium
Chloride

dabigatran etexilate 3.9

Lisinopril dabigatran etexilate 2.7
carvedilol dabigatran etexilate 2.4
Allopurinol dabigatran etexilate 2.2
Diltiazem dabigatran etexilate 2
dabigatran
etexilate

Spironolactone 1.9

Albuterol dabigatran etexilate 1.7
Acetaminophen dabigatran etexilate 1.5
Digoxin dabigatran etexilate 1.5
Aspirin dabigatran etexilate 1.5
Simvastatin dabigatran etexilate 1.5
Metformin Indapamide 1.4
Heparin Sodium Bicarbonate 1.4

4.1 Results

Of the 69 candidate DDIs for ARF remaining after pre-filtering, after confounding adjustment only 8 had esti-
mated RERIs ≥ 2 (Table 1(a)). The 0.25 quantile of the sensitivity grid was ≥ 2 for 6 of those 8 (Table 1(b)), and
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TABLE 2: Top 15 DDIs for ARF ranked by the lower .95 CI of .25 quantile of sensitivity grid

Drug 1 Drug 2 RERI Lower .95 CI RERI Sensitivity adjusted
RERI

Sensitivity adjusted
RERI (Lower .95 CI)

Potassium Chloride dabigatran etexilate 4.6 0.9 3.9 1.4
Diltiazem dabigatran etexilate 2.2 0.6 2.0 1.0
Digoxin dabigatran etexilate 1.6 0.6 1.5 0.9
Allopurinol dabigatran etexilate 1.9 0.8 2.2 0.9
Oxycodone Metoprolol 1.5 0.7 1.3 0.8
Acetaminophen lansoprazole 1.6 0.7 1.4 0.8
dabigatran etexilate Omeprazole 1.4 0.6 1.0 0.8
levothyroxine dabigatran etexilate 1.3 0.7 1.3 0.7
Simvastatin Citalopram 1.6 0.6 1.5 0.7
Ondansetron Hydromorphone 1.4 0.5 1.4 0.6
Aspirin Insulin Glargine 1.6 0.8 1.0 0.6
Potassium Chloride Esomeprazole 1.5 0.5 0.8 0.6
Warfarin Bisoprolol 1.4 0.7 1.1 0.5
Ciprofloxacin Furosemide 1.2 0.6 1.0 0.5
Fentanyl Furosemide 1.0 0.4 0.9 0.5

FIGURE 2: Distribution of U-adjusted RERI (of Diltiazen and Dabigatran on ARF) Estimates Over Sensitivity Pa-
rameters

the 0.1 quantile of the sensitivity grid was ≥ 2 for 5 of the 8. (For illustration, Figure 2 depicts the distribution
of interaction effect estimates on ARF over the grid of sensitivity parameters for dabigatran and diltiazem. Note
that under some sensitivity parameters, the RERI would actually be larger, i.e. if the confounding lessened the
effect estimate.) For only 1 of the 8 was the 0.95 confidence interval lower bound of the RERI point estimate ≥ 2.
Table 2 shows all four scores mentioned in Section 3.6 (i.e., the RERI point estimate, the lower 95% CI of RERI
estimate, the .25 quantile of the sensitivity grid, and the lower 95%CI of the .25 quantile of the sensitivity grid) for
the top 15 candidate DDIs ranked by the conservative confounding aware approach, i.e, the lower bound of the
95% CI for the 0.25 quantile of the sensitivity grid. No candidate DDI has the lower bound of the 0.25 quantile of
its sensitivity grid ≥ 2 (Table 2). Hence, there was not a single candidate DDI that we would confidently declare
to mechanistically cause ARF.
Our results were qualitatively different from those obtained by Twosides. Twosides ranked each candidate DDI
on a scale from 1 to 5 of confidence that the DDI is real. 3,716 of the 17,945 candidate DDIs potentially causing
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TABLE 3: Top 15 DDIs for AMI ranked by the lower .95 CI of .25 quantile of sensitivity grid

Drug 1 Drug 2 RERI Lower .95 CI RERI Sensitivity adjusted
RERI

Sensitivity adjusted
RERI (Lower .95 CI)

bisoprolol nilotinib 11.1 2.8 9.0 2.2
ivabradine furosemide 1.6 1.4 1.5 1.3
ivabradine omeprazole 2.2 1.3 1.9 1.2
insulin glargine testosterone 1.5 1.2 1.4 1.1
insulin, isophane furosemide 1.5 1.2 1.4 1.1
bisoprolol sitagliptin 1.4 1.1 1.3 1.1
sitagliptin lansoprazole 1.2 1.1 1.1 1.1
sitagliptin esomeprazole 1.2 1.1 1.1 1.1
allopurinol darbepoetin alfa 1.4 1.1 1.2 1.0
glimepiride lansoprazole 1.3 1.1 1.2 1.0
enalapril ezetimibe 1.8 1.1 1.6 1.1
darbepoetin alfa lansoprazole 1.7 1.1 1.5 1.0
furosemide aluminum hydroxide 1.1 1.0 1.1 1.0
esomeprazole torsemide 1.1 1.0 1.1 1.0
colchicine pantoprazole 1.1 1.0 1.1 1.0

ARF considered by Twosides were given a score of 5. Since strong DDIs are fairly rare, we believe that this is an
implausibly largeproportionof drugpairs tomechanistically interact andcauseARF.Wewouldargueourmethod
provided more measured evidence of interaction effects.
Table 3 contains the the top 15 candidate DDIs for AcuteMyocardial Infarction (AMI) ranked by the lower 95%CI
of the 0.25% estimate of the sensitive grid. Only one out of the 60 initial candidateDDIs (bisoprolol and nilotinib)
had a score ≥ 2 by this conservative measure. By contrast, out of 28,683 candidate DDIs for AMI considered by
TwoSides, 5,119were reported to have the highest confidence score of 5 and 19,328 a confidence score≥ 3. Again,
since true causal DDIs are rare, such a large number of DDIs indicates a preponderance of false positive results.
ALI results followed a similar pattern (Table 4), where only one candidate DDI (efavirenz and rifampin) out of
the 32 candidate DDIs had lower .95 CI of senstivity adjusted RERI ≥ 2. In contrast, out of 8,479 total candidate
DDIs for ALI considered by TwoSides, 1,180 had confidence score 5 and 5,469 had confidence ≥ 3. Once again,
this is an implausibly large number.

5 Discussion

One contribution of this work is to emphasize the importance of causality in DDI detection. Prior DDI detection
work has not explicitly targeted drug pairs that mechanistically interact to cause adverse outcomes. Yet mech-
anistic interaction effects (in which at least some instances of the outcome would only occur if both drugs are
taken) aremost relevant to public health. Hence, we focus onfindingdrug-drug-outcome tripletswithhighRERI,
since high RERI implies mechanistic interaction.
Another contribution of this work is to point out the importance of sensitivity analysis to DDI detection. It is
very unlikely that observed variables are sufficient to adjust for confounding of any given interaction effect. Es-
pecially in a limited dataset like FAERS, common causes of each drug and the outcome will almost certainly be
omitted. In the absence of sensitivity analysis, this will lead to false positives and overconfidence that DDIs are
truly causal. Sensitivity analysis allows us to incorporate the assumption that we are not actually fully adjusting
for confounding into our estimates of interaction effects, hence reducing overconfidence and false positive rates.
Even our sensitivity analysis does not account for all possible sources of bias fromanalyses of FAERSdata. For ex-
ample, selection on reporting of the adverse eventmay induce collider bias30. Wemay also induce bias by adjust-
ing for certain covariates if the assumed causal structure of Figure 1 does not hold and so-called M-structures31

369



TABLE 4: Top 15 DDIs for ALI ranked by the lower .95 CI of .25 quantile of sensitivity grid

Drug 1 Drug 2 RERI Lower .95 CI RERI Sensitivity adjusted
RERI

Sensitivity adjusted
RERI (Lower .95 CI)

efavirenz rifampin 279.0 110.2 223.4 88.3
lamivudine efavirenz 1.4 1.3 1.3 1.2
lamivudine tenofovir disoproxil 1.4 1.2 1.3 1.2
temozolomide levetiracetam 1.3 1.1 1.2 1.1
tenofovir disoproxil efavirenz 1.2 1.1 1.2 1.0
amoxicillin clindamycin 1.1 1.1 1.1 1.0
heparin esomeprazole 1.1 1.0 1.0 1.0
tramadol ramipril 1.1 1.0 1.0 1.0
tramadol enoxaparin 1.1 1.0 1.0 1.0
acyclovir tacrolimus 1.0 1.0 1.0 1.0
acetaminophen cefazolin 1.1 1.0 1.0 1.0
enoxaparin esomeprazole 1.0 1.0 1.0 1.0
ramipril lansoprazole 1.0 1.0 1.0 1.0
atenolol lansoprazole 1.0 1.0 1.0 1.0
aspirin ceftriaxone 1.0 1.0 1.0 1.0

are present or certain covariates are actually influenced by the treatments.
Still, because of our conservative and rigorous approach to causal interaction and confounding, we believe that
the candidate DDIs that we surfaced are worthy of further investigation. Each of the candidates that we surfaced
with>2 lower confidencebounds on sensitivity adjustedRERI estimates have plausible biomedicalmechanisms.
In our candidate AMIDDI, one drug (bisoprolol) is known to increase concentration of the other (nilotinib)32. In
our candidate DDI for ALI, one drug (efavirenz) is known to cause ALI on its own and higher doses are required
when the other drug (rifampin) is being used concurrently33. When alternative screening approaches detect
thousands of potential DDIs, it is difficult to justify devoting resources to following up on any one in particular.
Themethods we apply in this paper are well known in epidemiology but for some reason have not taken hold in
the data mining community that has been most active in DDI detection. We demonstrate that careful consider-
ation of causality and bias can fit neatly into a data mining framework and be applied in automated screening
tasks at a large scale.
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Abstract 

Our previous research shows that structured cancer DX description data accuracy varied across electronic health 
record (EHR) segments (e.g. encounter DX, problem list, etc.). We provide initial evidence corroborating these 
findings in EHRs from patients with diabetes. We hypothesized that the odds of recording an “uncontrolled diabetes” 
DX increased after a hemoglobin A1c result above 9% and that this rate would vary across EHR segments. Our 
statistical models revealed that each DX indicating uncontrolled diabetes was 2.6% more likely to occur post-A1c>9% 
overall (adj-p=.0005) and 3.9% after controlling for EHR segment (adj-p<.0001). However, odds ratios varied across 
segments (1.021<OR<1.224, .0001<adj-p<.087). The number of providers (adj-p<.0001) and departments (adj-
p<.0001) also impacted the number of DX reporting uncontrolled diabetes. Segment heterogeneity must be accounted 
for when analyzing clinical data. Understanding this phenomenon will support accuracy-driven EHR data extraction 
to foster reliable secondary analyses of EHR data. 

Introduction 
The development of learning healthcare systems depends on reliable secondary use of Electronic Health Record (EHR) 
data.1,2 Research endeavors including comparative effectiveness research3,4 and precision medicine5–7 also rely on 
such practices. One of the pillars of secondary analyses of clinical data is patient selection for electronic cohort 
development,8,9 which often relies on diagnosis (DX) data among other EHR information.10,11 Thus, the accurate 
assignment of structured DX data within the EHRs is crucial to ensure reliable research outcomes in clinical data 
reuse.12 However, code-based structured DX data recording has data quality (DQ) limitations due to coding system 
designs and their implementation in EHR systems.13–18 For example, some EHR implementations provide multiple 
textual descriptions per DX code to facilitate search and selection, which could be leveraged as an additional EHR 
data source.19,20 However, a large number of DX descriptions may complicate the selection of the most accurate 
version containing all features describing the patient’s disease.  
 
Existing informatics research has focused on providing evidence of DX data unreliability and developing methods to 
reduce reliance on structured DX data alone.21–23 Yet, there is much less published work devoted to understanding the 
root causes of poor DQ, the interplay between clinical processes producing the resulting data and how to reliably use 
imperfect data reliably. On one hand, DX inaccuracy rates have been studied for decades12,24,25 and error rates have 
improved over time (e.g. ICD code inaccuracy rates from 20-70% in the 1970s to 20% in 1980s),24 but DX data 
reliability remains questioned.3,26 The field offers little help to remedy this beyond augmentation with alternative EHR 
data to ensure reliability.22,23 On the other hand, the field has privileged overcoming DX data limitations using natural 
language processing for DX extraction from clinical notes and EHR phenotyping.23,27–31 Though these methods 
improve the precision and recall in electronic cohort selection,8 they may also introduce additional uncertainty to 
secondary analyses.21,28 Additionally, they may fail to take advantage of knowledge available in the clinical setting 
where the data is generated.32–34 Thus, the state of the art provides limited resources to leverage this rich data source. 
 
Though DQ limitations are a healthcare-wide issue, research to understand how clinical workflows and intra-EHR 
data sources (i.e., EHR segment of data entry such as problem list or encounter DX) affect EHR data entry processes 
and DQ in light of secondary use has been explored in oncological DX data almost exclusively.20,26,35–37 This is likely 
due to two methodological advantages: (1) A chart containing a biopsy report, which can be considered a partial gold 
standard and (2) The chronic and stable nature of a cancer DX, which will most likely remain on the patient’s chart. 
However, this setup is unlikely to inform secondary users of clinical data on reliable recording of acute phenomena 
not required for billing purposes, which would advance EHR-based chronic disease management research in the 
context of learning health systems.6,33,38 For example, identifying periods of uncontrolled glucose levels in diabetes 
patients from DX data, whether a lab value is available or not in the EHR, would open a new exploitable source of 
data for such research. 
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To explore this possibility, we examined DX data for patients treated for diabetes to assess whether acute phenomena 
such as uncontrolled diabetes were recorded in structured EHR data at rates that would be exploitable using statistical 
methods. We aimed to uncover differences in DX data reporting rates before and after evidence of uncontrolled 
diabetes was available in the EHR. In concordance with published findings,20,37 we hypothesized that recording new 
lab information about acute complications of patient treated for chronic disease increases the odds of recording 
structured DX data indicating this complication, but that the odds vary across EHR data sources (e.g., encounter DX, 
problem list, order DX, etc.). To test this hypothesis, we compiled patient DX sequences (i.e., a chain of 
chronologically-ordered DX records in a patient’s EHR) containing all diabetes DX in a period of 90 days before or 
after an hemoglobin A1c (HbA1c) laboratory result higher than 9% was reported, in accord with current diabetes care 
guidelines.39 Each DX sequence contained specific ICD-10 codes for Type 1 or 2 diabetes (i.e., ICD-10 DX code, 
E10.* and E11.*) that might mention lack of control (e.g. “uncontrolled diabetes”, “diabetes with hyperglycemia”). 
We built statistical models predicting the odds of these sequences occurring before or after an elevated HbA1c based 
on the number of DX records reporting uncontrolled diabetes. We selected  diabetes-related DX data not only due to 
its public health significance40 but also due to its chronic and variable nature over time (e.g., glucose level flow, 
controlled vs. uncontrolled levels, complex comorbidities). We present descriptive and summary statistics for our 
EHR-phenotyped cohort8,41 of patients followed by our statistical modelling results for hypothesis testing. This 
analysis provides a new understanding of how acute occurrences recorded within DX descriptions can be identified 
and how the use of numerous DX descriptors impacts logging practices. It also provides evidence of the 
generalizability of prior findings uncovered in oncology EHR data20,36,37 and demonstrates that this effect is large 
enough to be detectable without the need for hand-curated patient cohorts.20 These findings underscore the need for 
closer attention to intra-EHR data sources for secondary use of clinical data to support analysis reliability in the context 
of learning health systems. 

Methods 

We extracted structured DX data and relevant covariates across five intra-EHR data sources corresponding to five 
EHR segments (i.e., primary encounter DX, encounter DX, billing DX and order DX and problem list DX) from Wake 
Forest Baptist Medical Center’s Translational Data Warehouse. We extracted data for patients treated for diabetes 
including HbA1c values and DX description selected by clinicians during charting. We used these descriptions to 
identify diabetes DX descriptions reporting uncontrolled diabetes using both string matching and natural language 
processing methods. We tested our hypothesis by fitting logistic regression models to predict the odds of patient-based 
90-day DX sequences to be recorded after an HbA1c value above 9% was entered into the EHR. We selected an odds 
ratio to reflect the presence to absence ratio of uncontrolled diabetes DX data recorded after an elevated HbA1c. We 
first built and validated an overall regression for all our EHR data. Then, we re-built the overall model including data 
EHR segment as a predictor variable to detect statistically-significant differences across intra-EHR data sources. 
Finally, we rebuilt the model for each EHR segment separately to detect potential qualitative differences across EHR 
segments. This study was approved by Wake Forest University School of Medicine’s Institutional Review Board 
(IRB#: IRB00062976). 
 
We extracted DX data for all patients with at least one HbA1c above 9%, indicating uncontrolled diabetes status valid 
for the following 90 days. Our data included date of first HbA1c result above 9%.39 To be included, patients had to be 
adults (i.e., 18 years of age when first data were recorded) and have at least one HbA1c value greater than 9%. We 
selected this last inclusion criteria based on a phenotyping algorithm feature developed by the New York City Health 
Department.42 This phenotype has a reported positive predictive value of 0.97 at the 6.7% level for both types of 
diabetes after validation with a gold standard41. Patients with only one clinical encounter within 90 days before or 
after their first high HbA1c were excluded. This measure screened for charts that did not contain enough DX data 
after the HbA1c results were returned, reducing potential noise that would dampen statistical effects in our raw data.  
 
Our dataset contained 4,160 distinct diabetes DX descriptions that could be selected by clinicians at the time of 
entering a DX into the EHR. We processed descriptions using a multi-stage approach to identify descriptions of 
uncontrolled diabetes. First, we used string matching techniques to identify the terms “uncontrolled”, “inadequately 
controlled”, “out of control”, “poorly controlled” or “hyperglycemia”, or “not at goal” according to past and current 
DX coding guidelines.43 Second, we used natural language processing (i.e., semantic concept extraction) to identify 
other concepts revealing uncontrolled diabetes. We extracted all medical concepts mentioned in these descriptions 
using NOBLE Coder,44 an NLP named entity recognition tool for biomedical text. This tool is based on the NCI 
thesaurus terminology,45 which contains concepts spanning multiple healthcare domains (i.e., clinical care, 
translational and basic research). We then reviewed the resulting concepts including the same terms cited for string 
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matching. Third, we compared concepts found via direct string matching and concept extraction finding similar 
number of DX descriptions returned (755 and 715 for string matching and concept extraction, respectively). The 
percent agreement between the two methods was 99.3%.  We also found that all concepts identified via concept 
extraction were contained in the set identified by string matching. We calculated two-rater Cohen’s Kappa46 to verify 
inter-rater reliability across methods using the irr R package.47 We found high agreement between both approaches 
(Kappa=0.977, p<.0001). Finally, a clinician reviewed 10% of all DX descriptions to estimate classification accuracy. 
We found that percent agreement between our best-performing method and our expert was 98.1% and the inter-rater 
reliability Kappa=0.931 (p<.0001), revealing the high accuracy of our DX feature extraction process.  
 
Our final analytical dataset extracted from our EHR contained 158,660 diabetes DX recordings for 11,179 patients, 
recorded between November 1st 2015 and January 1st, 2020. This time frame was defined to ensure ICD coding version 
consistency (i.e., include DXs after ICD-10 implementation). Our initial dataset consisted of DX records with 
corresponding timestamp and patient identifier. Each DX had a specific DX description and was associated with an 
ICD-10 code (i.e., E10.* and E11.* codes corresponding to type 1 and type 2 diabetes). Each patients’ initial HbA1c 
result higher than 9% recorded date was added to each DX record with the ‘PostHbA1c’ indicator that served at the 
dichotomous independent variable for our regressions. Additional variables were calculated to differentiate sequences 
of DX entered 90 days before and after the first high HbA1c value. These variables included the number of DX entered 
in each sequence, the number of unique DX descriptions entered, the DX sequence length in days (i.e., maximum 
number of days between DX entry and the HbA1c), the number of distinct visit providers, the number of departments 
or clinical units treating the patient (i.e., care units involved in patient treatment such as internal medicine, family 
medicine and endocrinology) and the number of DX referring to uncontrolled diabetes. Summary statistics such as 
mean, median and extreme values were employed to screen the data for outliers, missing values and erroneous input. 
Dates were also reviewed for potential errors such as values outside the study’s time window. We verified the 
normality of continuous variables using histograms.   
 
To test our hypothesis, we built binomial regressions48 to predict the number of accurate and inaccurate DX across 
patient charts using R’s generalized linear model (GLM).49 We elected to build binomial regressions to accommodate 
for our dichotomous outcome variable, ‘PostHbA1c’. This type of regression allowed us to keep a consistent model 
type throughout the analysis as a means to improve cross-model comparison by avoiding overdispersion48 and zero 
inflation50 issues presented by the counts of uncontrolled diabetes DX in our dataset. Our models predicted the odds 
of a patient-based 90-day DX sequences of appearing before or after a 9%+ HbA1c lab value was recorded in the EHR 
on all calculated variables available in our dataset. These variables were the number of DX referring to uncontrolled 
diabetes, number of DX entered, number of unique DX descriptions entered, DX sequence length (i.e., maximum 
number of days since the HbA1c result), number of distinct visit providers and number of departments or clinical units 
treating the patient. We used a stepwise backward elimination model building strategy51 exploring models including 
interactions up to the second degree (i.e., 2 variable interactions). This approach was used to maximize model fit, 
ensure the inclusion of all relevant covariates and also validate the predictive power of the number of DX reporting 
uncontrolled diabetes on the pre-post HbA1c dichotomous variable. In cases where the number of uncontrolled DX 
was not included in the final model, we rebuild the regression to assess the presence of an independent effect; such 
effect would be considered lesser due to poorer model fit. We maximized goodness of fit using Akaike’s information 
criterion52, using the stepAIC function from R’s MASS package.53  Statistical significance was set at p=0.05 for all 
models and adjustments for multiple comparison were made using R’s p.adjust function54 using Holm’s correction 
method55. We refer to the odds ratios as OR and adjusted p values as adj-p. 
 
Multiple software tools were used to carry out this analysis. Data extraction and preprocessing was executed using a 
DataGrip software client (version 2019.1, JetBrains s.r.o., Prague, Czech Republic). Visual exploration and analyses 
were performed using Tableau (version 2019.3.2, Tableau Software, Inc., Seattle, WA). All statistical analyses and 
data manipulation such as data scrubbing and reshaping were done in R version 3.6.230 and RStudio (version 1.2.5033, 
RStudio, Inc., Boston, MA).  
Results  

Our dataset contained 158,660 diabetes DX recordings for 11,179 patients across five clinical EHR segments (Table 
1). The dataset contained 550 distinct DX descriptions entered by 2,636 providers across 646 departments or clinical 
units. The average number of days from HbA1c result was 25.9±29.8 (Mean±Std.Dev.). Pre-HbA1c data contained 
43,805 diabetes DX recordings for 6,448 with 427 distinct DX descriptions entered by 1,811 providers across 492 
departments or units. The average number of days from the pre-HbA1c result was 30.9±30.4. Post-HbA1c data 
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contained 114,855 diabetes DX recordings for 10,398 with 505 distinct DX descriptions entered by 2,358 providers 
across 612 departments or units. The average number of days from the post-HbA1c result was 24.1±29.3. The 
percentage of DX reporting uncontrolled diabetes was 24.9% overall, 23.8% pre-HbA1c and 25.2% post-HbA1c. 
Within this overall dataset, the data contained 15,725 (28.4% uncontrolled diabetes) primary encounter DX for 6,917 
patients, 34,097 (25.7% uncontrolled diabetes) non-primary encounter DX for 9,690, 8,849 (23.2% uncontrolled 
diabetes) problem list DX for 2,810 patients, 68,633 (25.2% uncontrolled diabetes) DX attached to procedure orders 
for 10,052 and 31,356 (21.6% uncontrolled diabetes) billing DX for 6,968 within the same time frame. Distinct DX 
description numbers showed similar levels for both encounter DX and order DX but showed much lower numbers for 
problem list DX with 155 and billing DX with 138 distinct descriptions, compared to close to 400 for other EHR 
segments. The number of providers was similar to the overall numbers except for problem list DX (617) and order 
DX (78) compared to over one thousand in most cases. Department/unit numbers showed comparable numbers for all 
segments. Number of days was also stable across segments except for problem list and order DX (23.4±27.8 and 
20.9±29.5).  

 
Table 1 – Dataset Descriptive Statistics by EHR Segment.  

 All Segments 
Primary 

Encounter 
DX 

Encounter 
DX 

Problem 
List DX 

Order 
DX 

Billing 
DX 

Measures\Timeframe Overall Pre-
HbA1c 

Post-
HbA1c Overall Overall Overall Overall Overall 

Distinct Patients 11,179 6,448 10,398 6,917 9,690 2,810 8,630 6,968 
Number of DX Records 158,660 43,805 114,855 15,725 34,097 8,849 68,633 31,356 

Distinct DX Descriptions 550 427 505 356 435 155 402 138 
Number of Uncontrolled 

Diabetes DX Records 39,435 10,433 29,002 4,469 8,772 2,054 17,354 6,786 

Distinct Providers 2,636 1,811 2,358 1,357 1,815 617 78 1,644 
Distinct Hospital 
Department/Unit 646 492 612 315 508 200 441 394 

Days from HbA1c Result 
(Mean±Std.Dev.)  25.9±29.8 30.9±30.4 24.1±29.3 30.5±29.1 28.7±29.8 23.4±27.8 20.9±29.5 32.5±29.2 

 
We found a statistically-significant relationship between post-HbA1c DX recording and the number of DX reporting 
uncontrolled diabetes in the overall data (Table 2).  Our model revealed that a 90-day DX sequence was 2.6% more 
likely to appear in the post-HbA1c time frame for each uncontrolled diabetes DX included (adj-p=.0005). Our model 
controlled for the total number of DX entries (adj-p<.0001), the number of distinct DX descriptions per patient (adj-
p<.0001), the number of providers (adj-p<.0001), the number of department/units (adj-p=.0052) and DX sequence 
length (i.e., max days from HbA1c, pre/post) (adj-p<.0001). The number of providers had the largest odds ratio 
(OR=2.487, adj-p<.0001), reflecting the likelihood of multi-provider follow-up after a high HbA1c value. The total 
number of DX in each sequence had the smallest difference from a no-effect ratio (OR=0.981, adj-p<.0001), revealing 
the large number of DX per patient before and after a high HbA1c result likely due to their chronic disease. Our 
stepwise model building approach did not include significant variable interactions.  
 
We were able to find a similar, yet stronger statistically-significant effect of the number of DX reporting uncontrolled 
diabetes on post-HbA1c DX recording after controlling for data EHR segment (Table 3); this model also uncovered 
statistically significant differences across EHR data entry segments. A DX sequence was 3.9% more likely to appear 
in the post-HbA1c time frame per uncontrolled diabetes DX recorded (adj-p<.0001). Our model controlled for the 
number of distinct DX descriptions per patient (adj-p<.0001), the number of providers (adj-p<.0001), the number of 
departments/units (adj-p<.0001) and DX sequence length in days (adj-p<.0001). The number of departments/units had 
the strongest predictive effect (OR=2.575, adj-p<.0001), reflecting the likelihood of multi-department follow-ups. DX 
sequence length in days had the smallest difference from a no-effect odds ratio of 1 (OR=0.968, adj-p<.0001). This 
model also revealed statistically significant differences across EHR segments including encounter DX (OR=.61, adj-
p<.0001), problem list DX (OR=1.288, adj-p<.0001), order DX (OR=.658, adj-p<.0001) and billing DX (OR=.795, 
adj-p<.0001).These terms show differences in diabetes DX sequences across EHR data entry segments, including a 
bias in favor of post-HbA1c DX entries in the problem list compared to primary encounter DX data. Our stepwise 
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model building approach did not include any significant variable interaction terms. Further exploration of this EHR 
segment effect, we found that modeling the number of DX reporting uncontrolled diabetes and EHR segment with an 
interaction term returned high levels of statistical significance, though it presented a slightly poorer fit (AIC=114834 
vs. AIC=129333 for stepwise model and interaction model, respectively). Each DX reporting uncontrolled diabetes 
doubled the chances of post-HbA1c recording (OR=2.045, adj-p<.0001). There were significant differences between 
the primary encounter DX sequences and encounter DX sequences (OR=.933, adj-p=.0058) as well as problem list 
DX sequences (OR=1.128, adj-p<.0001). Interactions between these variables were also statistically significant 
(.596<OR<.842, all adj-p<.0001). This model revealed that there is heterogeneity in the entry of diabetes DX and that 
the entry of uncontrolled diabetes DX is EHR segment-dependent. Specifically, primary encounter DX appears to 
have the largest difference in uncontrolled diabetes DX post-HbA1c, compared to pre-HbA1c; this difference seems 
weaker with order and billing DX.  
 
Table 2 – Overall Regression Results. Uncontrolled diabetes DX included in DX sequence makes it 2.6% more 
likely be recorded post-HbA1c (adj-p=.0005). 

Term Odds Ratio 
(exp(ß)) 

Estimate 
(ß) 

Confidence 
Interval (95%) 

Std. 
Error p-value Adjusted 

p-value 
Number of Uncontrolled 

Diabetes DX 1.026 0.025 0.012 0.039 0.007 0.0002 0.0005 

Number of DX 0.981 -0.020 -0.027 -0.013 0.004 <.0001 <.0001 
Number of Distinct DX 1.115 0.109 0.080 0.139 0.015 <.0001 <.0001 

Number of Providers 2.487 0.911 0.849 0.975 0.032 <.0001 <.0001 
Number of 

Departments/Units 1.130 0.123 0.037 0.209 0.044 0.0052 0.0052 

DX Sequence Length 
(Days) 0.938 -0.064 -0.066 -0.062 0.001 <.0001 <.0001 

 
Table 3 – EHR Segment-Controlled Regression Results. Uncontrolled diabetes DX included in DX sequence makes 
it 3.9% more likely be recorded post-HbA1c (adj-p<.0001), after controlling for EHR segment. Compared to 
primary encounter DX, other EHR segments had different odds ratio estimates (all adj-p<.0001). 

Term Odds Ratio 
(exp(ß)) 

Estimate 
(ß) 

Confidence 
Interval (95%) 

Std. 
Error p-value Adjusted 

p-value 
Number of Uncontrolled 

Diabetes DX 1.039 0.039 0.024 0.053 0.008 <.0001 <.0001 

Number Distinct of DX 1.086 0.083 0.054 0.112 0.015 <.0001 <.0001 
Number of Providers 1.244 0.218 0.168 0.268 0.025 <.0001 <.0001 

Number of 
Departments/Units 2.575 0.946 0.897 0.996 0.025 <.0001 <.0001 

DX Sequence Length 
(Days) 0.968 -0.032 -0.033 -0.031 0.000 <.0001 <.0001 

EHR Segment – 
Primary Encounter DX 
(Ref.) 

1 0 - - - - - 

Encounter DX 0.610 -0.494 -0.539 -0.448 0.023 <.0001 <.0001 
Problem List DX 1.288 0.253 0.211 0.296 0.022 <.0001 <.0001 

Order DX 0.658 -0.418 -0.465 -0.372 0.024 <.0001 <.0001 
Billing DX 0.795 -0.230 -0.274 -0.186 0.022 <.0001 <.0001 

 
We found further evidence for these differences building individual regression models for each EHR segment (Table 
4). Specifically, the influence of the number of uncontrolled diabetes DX presented different odds ratios across data 
from different EHR data entry segments. In concordance with our interaction model findings, primary encounter DX 
revealed the largest odds ratio (OR=1.139, adj-p=.0065) even when controlling for covariates pre-selected using our 

377



  

stepwise selection approach. Encounter DX had the second largest odds ratio under the same conditions (OR=1.091, 
adj-p=.0073). The other EHR segments presented weaker effects or no effect at all. The number of uncontrolled DX 
was not included in our stepwise models for problem list or order DX. Number of uncontrolled diabetes DX seemed 
to have a weak statistically-significant relationship with post-HbA1c DX sequences for problem list DX (adj-p=0.087) 
but a strong one for billing DX (OR=1.224, adj-p<.0001). Order DX was included in stepwise model, showing a 
relevant effect but no statistical significance (adj-p=.130). Re-building the model with no covariates revealed a 
statistically-significant effect of moderate size for order DX (OR=1.064, adj-p<.0001).  
 
Table 4 – Odds Ratios of Post-HbA1c DX Sequence Appearance Per Number Diabetes DX Reporting Uncontrolled 
Diabetes Across EHR Segments. The number of uncontrolled diabetes DX presented different odds across data from 
different EHR segments (1.021<OR<1.224, .0001<adj-p<.087); primary encounter DX revealed the highest odds 
ratio (OR=1.139, adj-p=.0065). 

Regression 
In 

Stepwise 
Model 

Odds 
Ratio 

(exp(ß)) 

Estimate 
(ß) 

Confidence 
Interval (95%) 

Std. 
Error p-value 

Adjusted 
p-value 

Primary Encounter DX Yes 1.139 0.131 0.044 0.218 0.044 0.0033 0.0065 
Encounter DX Yes 1.091 0.087 0.032 0.145 0.029 0.0024 0.0073 

Problem List DX No 1.186 0.171 0.015 0.350 0.085 0.044 0.087 
Order DX Yes 1.021 0.021 -0.003 0.045 0.012 0.0877 0.1305 

Billing DX No 1.224 0.202 0.154 0.250 0.025 <.0001 <.0001 

Discussion 

We used statistical modelling to evaluate whether an HbA1c value above 9% had an effect on the number of diabetes 
DX recordings reporting uncontrolled diabetes. Our regressions revealed that an increase in the number of DX 
reporting uncontrolled diabetes after a high HbA1c value is detectable in EHR data. We also found that this increase 
varied across EHR segments (i.e., intra-EHR data sources). Controlling for these EHR segments, we found that intra-
EHR data sources impacted the odds of DX sequences being recorded pre or post high HbA1c result. We also found 
the number of DX reporting uncontrolled diabetes was linked to the source EHR segment via a variable interaction. 
This revealed that the recording of uncontrolled diabetes DX may depend on the data entry context, EHR segment 
where DX are recoded and the clinical workflow. All point estimates consistently predicted an increase in the number 
of uncontrolled diabetes DX after the HbA1c value despite the heterogeneity across EHR segments corresponding 
distinct intra-EHR data sources (Figure 1), despite uncontrolled diabetes being recorded only about 25% of the time 
overall. These results reveal that DX descriptions recorded in EHRs may contain additional disease process 
information that may be exploitable and require minimal supplemental informatics work.  

 
Figure 1 – Odds Ratios Across EHR Segments and Overall. Odds ratio estimates consistently predict uncontrolled diabetes DX 
increases after high HbA1c values despite the heterogeneity across EHR segments and corresponding intra-EHR data sources. 

Our study explores aspects beyond usual DX code assignment accuracy research1,17,56 and contributes to the existing 
body of knowledge on DX DQ for secondary use in EHR systems in three ways. First, this study confers 
generalizability of prior methods and results first demonstrated in oncological EHR studies to other disease processes. 
Specifically, prior work has shown that though the number of DX representing a disease process increase after a biopsy 
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report is charted, the effect varies across EHR data sources.20,35–37 Our analysis shows that these effects are present in 
other disease processes beyond cancer EHRs and that they may also be valid for disease sub-processes (i.e., controlled 
vs. uncontrolled glucose in diabetes management DX entries). These findings open new research avenues that may 
lead to the reliably leveraging DX descriptions that contain information generated during patient care when additional 
resources for confirmation are available for accurate charting.36,57 Our analysis also provides further evidence of DX 
incompleteness and lack of concordance reported in prior studies.26,35,36  Second, our results provide further evidence 
of the impact of EHR segment differences, workflow differences and intra-EHR data source on clinical DQ.58–61 
According to current diabetes management guidelines, any patient with an HbA1c value higher than 9% should be 
diagnosed and treated for uncontrolled diabetes.39 Though billing guidelines do not require documentation of 
uncontrolled diabetes43, a fully-accurate and complete DX description responding to a high standard of DQ should, in 
principle, contain this information.36,57 Our study shows that although there is an increase in the number of 
uncontrolled diabetes DX after an elevated HbA1c, the proportion varies depending on the EHR segment in which the 
DX is recorded. It is possible that clinicians may choose DX codes to facilitate downstream processing rather than 
documenting care with the highest degree of precision.62 This is concordant with prior findings.36,57 Finally, this study 
provides evidence that should encourage the development of methods for the exploitation of DX descriptions. 
Extraction of this additional disease process information supports electronic cohort development for clinical data 
reuse.8,9,11 Our findings show that secondary disease information is contained in textual DX descriptions and is 
recorded at statistically-detectable levels. These descriptions may provide a supplementary source of information to 
identify disease processes and conditions in patient charts beyond structured data, which can improve EHR 
phenotyping. Such technique may also be used for the detection of time-dependent disease sub-processes, which are 
often difficult to detect in EHR data.3,63  

Variable data entry across EHR segments hints at a major shortcoming in data logging systems.36,57 Specifically, EHR 
users enter data differently for different EHR segments. Though this may be driven by clinical need, it greatly hinders 
secondary use of clinical data unless there is specific and granular understanding of these differences. Data entry 
variability may signify that though clinical data entry systems may have the capability of recording DX descriptions 
that go well beyond the capabilities of billing codes (e.g., ICD-10), there seems to be no support or encouragement 
for systematically recording more precise and accurate structured DX descriptions in EHRs. This is in line with prior 
findings.36,37,57 In clinical practice, this issue may be tightly linked to challenges in EHR interface design and 
usability.64–66  We believe that future EHR improvements to support DX data entry could potentially address these 
problems. Entering the most precise and comprehensive DX for each patient in every data entry context may not 
support clinical care needs and constraints62,67 and may be impossible to achieve for all users. However, our data 
shows that some users already appear to be logging precise DX. This high-quality logging seems to be stable according 
to our findings and may be exploitable. Further research is needed to confirm this but having such a source of data 
would unlock a new way of extracting additional DX information from EHR data.  

In the context of learning health systems, this study offers preliminary evidence to support the potential viability of a 
new source of DX information from EHRs extending beyond primary billable DX. Although ICD DX codes have 
been deemed unreliable for secondary analysis for decades,13–18 textual DX descriptions may provide additional 
information that can be easily extracted with minimal informatics work. This may support quick data reuse for clinical 
decision support and population health management within learning health systems,6,32 A concrete example would be 
semi-automated cohort development for preliminary automated association detection from clinical data using textual 
DX entries in structured EHR data. Such processes would surely accelerate data reuse and evidence generation by 
leveraging operational data within learning systems38 without the need to deploy complex methods requiring months 
of overhead work. One may argue that the most accurate DX information is always within clinical notes and thus 
leveraging structured DX data is unnecessary. However, extracting information from clinical notes reliably for a large 
number of patients remains a challenge.27,68 Phenotyping,8,22,31 the use of complex algorithms22 and other technological 
solutions,69 are other ways of bypassing the use of structured DX data but these technologies often introduce a degree 
of uncertainty in analyses and are still in development. It is possible that augmenting these approaches with the use of 
structured textual DX information may enable improvement by focusing the textual input of natural language 
processing methods to extract specific information.  

Our analysis presents four limitations mostly related to its preliminary nature. First, our study relied on an EHR-
phenotyped patient cohort rather than a hand-curated cohort of patients. Previous studies in this line of research have 
relied on clinician-developed cohorts, which are expensive and time consuming to develop. In our case, such cohort 
was not available, so we used EHR phenotyping techniques to select a patient population from our EHR database. We 
used a phenotyping algorithm feature developed by the New York City Health Department42 that has been reported to 
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have a positive predictive value of 0.97 after validation with a gold standard.41 Our screening conditions were more 
stringent than those used for evaluation (i.e., HbA1c of 9% rather than 6.7% used for validation), so our positive 
predictive value may be closer 1. We relied on this phenotyping approach aimed to provide preliminary evidence and 
pave the way toward future work that will leverage hand-curated cohorts along with DX gold standard information. 
Second, the odds ratios were relatively small (i.e., 1.026<OR<1.224) compared to other predictors. However, our 
models consistently predicted increases in DX reporting uncontrolled diabetes after a high HbA1c value for all point 
estimates. To ensure result transparency and reduce potential bias/censoring, we made minimal assumptions that were 
justified by reliable clinical knowledge and data needs. We made three assumptions: (1) including adult patients with 
HbA1c>9% (required by our research question), (2) patients had to have 2 or more encounters (to ensure data enough 
data available for analysis) and (3) application of a time window of 90 days around lab results (driven by HbA1c test 
specificities). Such assumption-light approach is most likely to lead to the detection of a true effect in EHR data.63 It 
is likely that the weak, yet consistent effect described in this paper may be due to the heterogeneity in our data (i.e., 
data from multiple EHR segments, workflows, clinics, departments and providers) and in our patients due to our 
phenotyped patient cohort.8 Our study has teased out the heterogeneity in EHR data and we will address patient 
heterogeneity in future work by developing and leveraging hand-curated diabetes patient cohorts. Three, we employed 
clinical data from a single healthcare system. However, this is our first attempt to uncover such an effect. Multi-site 
data will be used for generalizability and external validity analyses in future work. Finally, we only evaluated the 
effect of one abnormal lab value on DX recording of acute disease sub-processes for a single chronic disease. Given 
the preliminary nature of this analysis and the lack of other literature covering this topic, we compiled this initial series 
of statistical models providing evidence of the existence of this potentially-exploitable phenomenon and its variability 
across EHR segments and corresponding intra-EHR data sources. Generalizability of these initial findings will be 
tested among other chronic diseases in future work.  

Future work will be divided into two segments: confirmatory analyses to verify the robustness of our conclusions and 
the evaluation of methodologies to leverage this new source of DX information reliably. On one hand, we will 
reproduce this analysis for a hand-curated cohort of diabetes patients to confirm the validity of our conclusions. We 
will also verify the external validity of our findings by reproducing our analysis for a cohort of patients diagnosed 
with a different chronic disease and presenting an acute sub-process (e.g., uncontrolled hypertension). On the other 
hand, we will employ informatics methods such as natural language processing and fuzzy string matching to extract 
other information from these DX descriptions and conduct chart reviews to verify the validity and accuracy of 
extracted information. Validation of these methods may lead to the development of new source of DX data in EHRs 
for clinical research and chronic disease management within learning health systems.  

Conclusion 

We consistently found increased odds of uncontrolled diabetes DX counts after a 9%+ HbA1c value, despite the 
heterogeneity across EHR segments and despite uncontrolled diabetes being recorded roughly one out of four times, 
overall. This consistent effect provides strong preliminary evidence that recording new lab information in EHRs of 
patients treated for chronic diseases increases the odds of recording structured DX data indicating such a complication 
at statistically-detectable levels. Our findings provide preliminary evidence that there is additional information 
embedded in DX description data within EHRs that may be exploitable for patient identification based on non-billable 
acute events. This analysis also provides evidence of the EHR segment-dependent nature of clinical data recording 
beyond oncology EHR data. Even though ICD codes have been deemed unreliable sources of DX information for 
decades,13–18 textual DX descriptions may be an alternative source of information for agile cohort development and 
the development of clinical decision support interventions that reliably leverage real-time clinical data  in the context 
of learning systems.  
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Abstract

Adverse drug events (ADE) are prevalent and costly. Clinical trials are constrained in their ability to identify potential
ADEs, motivating the development of spontaneous reporting systems for post-market surveillance. Statistical methods
provide a convenient way to detect signals from these reports but have limitations in leveraging relationships be-
tween drugs and ADEs given their discrete count-based nature. A previously proposed method, aer2vec, generates
distributed vector representations of ADE report entities that capture patterns of similarity but cannot utilize lexical
knowledge. We address this limitation by retrofitting aer2vec drug embeddings to knowledge from RxNorm and
developing a novel retrofitting variant using vector rescaling to preserve magnitude. When evaluated in the context
of a pharmacovigilance signal detection task, aer2vec with retrofitting consistently outperforms dispropor-
tionality metrics when trained on minimally preprocessed data. Retrofitting with rescaling results in further
improvements in the larger and more challenging of two pharmacovigilance reference sets used for evaluation.

Introduction

Adverse events (AE) were first defined as “injuries caused by medical management, and of the subgroup of such
injuries that resulted from negligent or substandard care”1. As a subgroup of AE, adverse drug events (ADE) are thus
defined as injuries due to medication. ADEs are common, costly, and sometimes preventable. Kaushal et al reported an
ADE rate of 10% (10 potential ADEs per 100 admissions) in two pediatric care clinics2. A report entitled Preventing
Medication Errors, by the Institute of Medicine, estimated a cost of $1,983 per preventable ADE, with national annual
cost of $887 million, while claiming that at least a quarter of all ADEs are preventable3. A challenge for prevention is
that many adverse effects of drugs are not known before their release to market, in part because clinical trials are not
sufficiently large or inclusive to account for the variety of human responses to a given pharmaceutical agent4.

To address this issue, the World Health Organization (WHO) established the WHO Global Monitoring Programme in
1968, with 10 pilot countries. However, the international community did not recognize the importance of sharing ADE
information until 1982 when benoxaprofen was reported to cause 12 deaths in the two years after its initial release
in the US5. Subsequently, the community made changes to adopt better epidemiological techniques and information
systems to share information. With national and international organizations, such as the United States Food and
Drug Administration (FDA), the WHO and the European Medicines Agency (EMA), countries are developing their
own reporting system infrastructures. The spontaneous reporting system in the U.S. is managed by the FDA, with
voluntary adverse drug reaction case reports sent directly to the FDA or drug manufacturers by healthcare professionals
and consumers, and retained in the FDA Adverse Event Reporting System (FAERS) database.

In order to detect ADEs from FAERS data, several statistical analyses have been proposed and are in current use,
including the Proportional Reporting Ratio (PRR)6, Reporting Odds Ratio (ROR)7, and Multi-Item Gamma Poisson
Shrinker (MGPS)8. The PRR and ROR are derived from report-level statistics with straightforward calculations, and
the MGPS is conceptually similar to the PRR with additional Bayesian shrinkage and stratification, which are useful
with limited data8. These traditional statistical methods are limited by their inability to draw relations between similar
drugs or between similar adverse events. This is analogous to a widely recognized problem with Natural Language
Processing (NLP) techniques based on discrete counts of words, which fail to recognize useful relationships between
them. There are two sorts of generalization that could improve performance of discrete count-based methods: (1)
generalization based on patterns of distribution (entities with similar distributions are similarly represented), as ex-
emplified by methods of distributional semantics such as skip-gram with negative sampling (SGNS - a component
of the popular word2vec package)9 and GloVe10; and (2) generalization based on structured knowledge available
in a lexicon. The second approach can be accomplished by combining methods of distributional semantics with
retrofitting, a method that uses structured knowledge to enhance distributionally-derived representations11. In
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the first case, the model learns to recognize patterns in the data, but doesn’t draw on knowledge beyond the training
corpus. In the second, the model should recognize both those relations implicit in the data and those explicitly defined
in a relevant knowledge resource.

In this paper, we first use a previously proposed algorithm, aer2vec12, which uses a similar architecture to SGNS
with variants that consider either drugs or ADEs as inputs at FAERS report level (rather than using a sliding window
based unit of context) to build distributed representations of drugs and ADEs. Unlike prior work with aer2vec12, we
apply the algorithm to FAERS data as is - without additional normalization and standardization. Next, we leverage the
retrofitting algorithm of Faraqui et al11 to combine distributional information of drugs with lexical information
from RxNorm, a U.S. National Library of Medicine project under the parent project of the Unified Medical Language
System (UMLS)13. Two key distinctions between our use of these methods and their original conception are that
we are using them to represent reporting data rather than language, and using the resulting vector representations to
recapitulate a probabilistically-motivated training objective (e.g. P (drug|ADE)) rather than comparing input weight
vectors directly (as is typical in word embedding applications). Our hypothesis is that retrofitting aer2vec vectors
will result in improvements in performance on pharmacovigilance signal detection tasks.

Methods

The underlying idea of our methods is to use aer2vec to train a set of drug embeddings, and then modify these
to conform with lexical information derived from RxNorm using a retrofitting algorithm that was originally
developed to enrich word embeddings with information from different lexical sources11. The training set for drug
and ADE embeddings is derived from FAERS. As with unmodified aer2vec representations, the probabilistically-
motivated training objective can be recapitulated to estimate P (drug|ADE). The resulting models are then evaluated
on two widely-used pharmacovigilance reference sets, one from the Observational Medical Outcomes Partnership
(OMOP)14, the other from the EU-ADR (Exploring and Understanding Adverse Drug Reactions) Project15.

FDA ADVERSE EVENT REPORTING SYSTEM DATA The FDA actively maintains the FAERS post-market surveil-
lance system. The system has been active since 1969, and experienced a major redesign in 1997, when the Medical
Dictionary for Regulatory Activities (MedDRA) was used to harmonize medical terminologies16. Both drugs and
ADEs in FAERS were mapped to this standardized dictionary. However, not all publicly available fields in the database
were mapped. For example, one important field for our study, DRUGNAME, was mapped to active ingredients (a field
named PROD AI) only after the third quarter of 2014. To test model performance using raw data with minimal pre-
processing and maximize data use, the DRUGNAME field was used in the current study. Since the source of FAERS
data is spontaneous reports, this field is not very well standardized. This required some minimal processing: (1) all
entries were changed into lower case; (2) spaces were replaced with underscores; (3) trailing special characters were
removed. ADEs have been mapped to canonical terms in a medical terminology (a MedDRA “Preferred Term”) since
the inception of the system, so this field was used directly in the study without any modification.

FAERS data include reporter designations of suspicion for drugs a patient was taking when an ADE was observed.
We used 13,636,783 publicly available records from 2004 to 2019, all but 134 of which have at least one designated
primary suspect (PS). There are other reported roles of drugs besides PS in the reports, such as SS (secondary suspect),
C (concomitant), and I (interacting). The main focus of the study is on both a set of all roles, and a set including
primary suspect drugs (PS) only. Restricting data to drugs designated with the PS identifier was shown to improve
model performance when evaluated using standard reference sets12. Consequently, we constructed two sets of report
data: FULL, which includes all report-level drug/ADE co-occurrence events, and PS which includes only those drugs
from a report that have been designated as primary suspects. These sets were used as training data for two independent
aer2vec models.

AER2VEC The aer2vec algorithm12 adapts the SGNS algorithm of Mikolov et al18, 19 to represent report-level
drug/ADE co-occurrence events. Retaining SGNS as a basic training framework, aer2vec introduces two neu-
ral architectures, aer2vec+ and aer2vec-, to predict P (drug|ADE) and P (ADE|drug) respectively. SGNS
is trained to predict the probability of observing each context term in a sliding window surrounding an observed
term, which is moved through a training corpus. In contrast, aer2vec models context at the report level where
co-occurrence events are observed, providing data for training of the relevant neural network architecture. As similar
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representations will be learned for entities occurring in similar contexts, connections between similar drugs (such as
drugs resulting in the same ADEs) or similar ADEs (such as those resulting from the same drugs) can be inferred.
As aer2vec+ performed better on signal detection tasks12, we employed it for the current work. The FULL and PS
subsets of FAERS data were used to train ADE and drug embeddings using aer2vec+, as implemented in the open
source Semantic Vectorsi package20, 21, following the accompanying documentationii. In accordance with the
best-performing models described in the original work12, vectors of dimension of 100 for every drug (DRUGNAME)
and ADE (PT) were trained over ten iterations on each training set (without subsampling of frequently occurring en-
tities). The resulting embeddings provided initial information on drug and ADE distributions in the reports. Since
aer2vec training depends upon randomized order of presentation of the data and stochastic initialization of weight
vectors, we generated ten editions of each of the two embedding spaces, in order to assess robustness of performance.

RXNORM RELATIONS RxNorm is a project that started in 2001, with the goal of modeling clinical drugs and their
relationships under the Unified Medical Language System (UMLS)22. RxNorm provides extensive information on
clinical drugs, links across drug vocabularies, and drug interactions23. RxNorm is organized by concepts (denoted
as RxCUIs), adopting the structure used in the UMLS semantic network for a consistent categorization24. Each
concept then links to many related terms. For example, the concept of “rofecoxib” (RxCUI = 232158) is linked to
related terms where it is the ingredient, “rofecoxib” and “pridinol/rofecoxib”, and its pharmaceutical preparations
“rofecoxib 12.5 MG”, “rofecoxib 2.5 MG/ML” in the RxNorm database. For each concept (RxCUI), one or several
atoms (RxAUI) are categorized under it. For the same example of “rofecoxib”, it has atoms of “rofecoxib”, “4-[4-
(methylsulfonyl)phenyl]-3-phenyl-2(5H)-furanone”, “3-phenyl-4-[4-(methylsulfonyl)phenyl]-2(5H)-furanone” (with
the latter two being chemical designations of the drug), amongst others. These terms could be used in mapping to
the DRUGNAME field of the FAERS dataset.

RxNorm is released on a monthly basis. For this study, the version released on January 6th, 2020 was used, including
6,574,327 relational records in total. Seven RxNorm relation types (RELs) are provided: RO, SY, RB, RN, SIB, CHD,
and PAR. In previous work evaluating the effect of retrofitting biomedical concept embeddings on the agreement be-
tween their pairwise similarities and human judgment, the combination of relationships RN (“narrower” relationship)
and RO (other relationship) improved performance25. In our study, SY (synonymy) was also included as a lexical re-
lationship with RN and RO, thus covering most instantiated RxNorm relations. Since RxNorm relations are organized
by RxCUIs, all associated atomic concepts were assumed to inherit relations from their parent RxCUI. The resulting
lexicon included 668,412 entries, with each RxCUI or RxAUI being an entry to retain the most granular information.

RETROFITTING retrofitting is a graph-based technique developed by Faruqui et al in order to integrate vector
space representations (word embeddings) with semantic lexicons11. The idea behind this method is to update the
target’s vector representation by bringing it closer to those of its lexical neighbors, thus integrating information from
them. This can be summarized in the following cost function to be minimized11:

Ψ(A) =

n∑
i=1

αi||qi − q̂i||2 +
∑

(i,j)∈E

βij ||qi − qj ||2
 (1)

whereE is the set of semantic relations of interest, qi the retrofitted representation for concept i (target), q̂i the original
vector representation for this concept, qj a neighbor of qi in E, and model parameters αi the weight for original vector
representations, and βij the weight for lexical information.

The method is able to retrofit vector representations generated by any algorithm. For the current work drug vectors
from aer2vec+ trained on the FULL and PS sets were used. The lexical information is from the RxNorm lexicons
described in the previous section covering relations RN, RO and SY. Retrofitting was accomplished using the
implementation provided by Faraqui and his colleaguesiii with minor modifications to avoid discarding terms with
certain characters. While Faruqui et al reported results with fixed hyperparameters after setting α = β = 0.5, we
experimented with adjusting their values to evaluate the effect on performance of balancing distributional information

ihttps://github.com/semanticvectors/semanticvectors
iihttps://github.com/treversec/aer2vec

iiihttps://github.com/mfaruqui/retrofitting
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against lexical information. This was done by changing the value of β from 0 to 1 by increments of 0.1 while
maintaining α+ β = 1.

RESCALING In the original implementation of retrofitting, word vector representations are normalized before
proceeding. However, with aer2vec+, P (drug|ADE) is estimated as σ(

−−−−→
ADE ·

−−−→
drug) with

−−−−→
ADE and

−−−→
drug rep-

resenting the input and output weights of the neural network, respectively. This estimate is sensitive to the magnitude
of the weight vectors concerned, which is discarded upon normalization. To preserve this valuable information, a novel
rescaled version of retrofitting was developed, by using the lengths of the original aer2vec representations
to determine the lengths of their retrofitted counterparts:

vrri =
||vi||2
||vri||2

× vri (2)

where for word i, vrri is rescaled retrofitted vector representation, vri is retrofitted vector representation, vi is vector
representation from aer2vec. The euclidean norm is used for normalization. Similarly, these rescaled vectors were
evaluated under all pairs of α and β hyperparameter values.

BASELINE MODELS Disproportionality metrics, including the Proportional Reporting Ratio (PRR) and the Reporting
Odds Ratio (ROR), are widely-used pharmacovigilance methods to detect signals in spontaneous reporting system
data, such as in FAERS26 and the UK Yellow Card database27. Both PRR and ROR are derived from the 2 × 2 table
for a specific drug-ADE pair:

Table 1: Disproportionality Metrics

ADE of Interest Other ADEs
Drug of Interest a b
Other Drugs c d

Given Table 1 where a, b, c, d are all counts for co-occurrences, PRR and ROR can be expressed as:

PRR =
a

a+ b
/

c

c+ d
(3)

ROR =
a

b
/
c

d
(4)

The strengths of the PRR are its convenience to calculate, and that it is not affected by bias from varying reporting
frequencies

(
unlike methods such as reporting rates (# of reports divided by # of prescriptions)

)
, because the numerator

estimates the proportion of reports for a drug of interest that concern a particular ADE. However, one limitation of the
PRR is that a strong signal from a particular drug will reduce the magnitude of signals for other drug-ADE pairs6. The
ROR method makes predictions based on estimation of odds ratios, and this can be used to estimate relative risk if the
database is modified to simulate a case-control study by removing related drug-ADE pairs to create a “randomized”
control set7. However, from the formula, it is apparent that the ROR will not compute when any of b, c or d are
0. Practically, PRR and ROR are similar and give comparable results when used for signal detection, in terms of
sensitivity and specificity28. A common concern for these methods is that they treat drugs and ADEs as discrete
entities, and as such cannot generalize from data concerning related drugs (such as class effects) or ADEs (such as
organ system effects). It is these limitations that our methods aim to address.

EVALUATION SETS To evaluate model performance, two reference sets were used in the study, one from the Observa-
tional Medical Outcomes Partnership (referred to as the OMOP set), the other one from the EU-ADR (Exploring and
Understanding Adverse Drug Reactions) Project (referred to as the EU set). The OMOP set was developed through
systematic literature review and natural language processing of structured product labels to help establish classifica-
tions of positive and negative drug-ADE pairs14. To limit the scope of research, the group defined four main outcomes:
acute liver injury, acute kidney injury, acute myocardial infarction, and upper gastrointestinal bleeding. For the four
outcomes, 165 positive controls and 234 negative controls were identified. The EU set was built in a similar way by
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Figure 1: Pipeline to generate embeddings from data subsets, with and without retrofitting.

integrating literature, drug product labels, and expert opinion, however unlike the OMOP set spontaneous report data
from the World Health Organization was also used, and they were key to generating the pool of negative controls
from which this aspect of the set was derived. Ten adverse events (bullous eruptions, acute renal failure, anaphylac-
tic shock, acute myocardial infarction, rhabdomyolysis, aplastic anaemia/pancytopenia, neutropenia/agranulocytosis,
cardiac valve fibrosis, acute liver injury, and upper gastrointestinal bleeding) were used as outcomes, and 94 drug-
ADE pairs accounting for 44 positive controls and 50 negative controls across these outcomes were then identified15.
For these two evaluation sets, performance was evaluated using the Area Under the Receiver Operating Character-
istic Curve (henceforth AUC). The five methods, aer2vec, aer2vec with retrofitting (with and without
rescaling), and two baseline models, were each applied to two separate data subsets: FULL and PS, and evaluated
using the two reference sets, OMOP and EU-ADR. With all aer2vec variants, P (drug|ADE) was estimated as
σ(
−−−−→
ADE ·

−−−→
drug), and used to score the drug/ADE pairs in the sets. The entire workflow is illustrated in Figure 1.

Results

AER2VEC+ When training aer2vec+ on the FULL and PS sets, and evaluating on the EU and OMOP reference
sets, we obtain the AUC results shown in Table 2, which also includes baseline PRR and ROR results.

Table 2: aer2vec+ performance (AUC) vs PRR/ROR

OMOP EU
FULL PS FULL PS

aer2vec+ 0.72± 0.011 0.84± 0.005 0.80± 0.020 0.96± 0.005
PRR 0.64 0.73 0.83 0.89
ROR 0.64 0.73 0.83 0.89

When evaluating the method on the OMOP set (Table 2 left), aer2vec+ performs significantly better than the PRR
and ROR in both cases (PS and FULL). We find a similar pattern for the EU reference set (Table 2 right), with the
exception that the aer2vec+ algorithm performs slightly worse than the PRR or ROR statistics when trained on the
FULL set. The AUCs of aer2vec+ rise significantly from FULL to PS set in both evaluation sets, which is also
true for the baseline models of PRR and ROR. Both findings are consistent with previous work using a normalized
standardized set of FAERS data12. The overall performance of all three methods on the EU set is better than their
performance on the OMOP set. Moreover, with largest training set and smallest test set (FULL - EU), aer2vec+ has
the highest standard deviation of 0.02, as compared with that of 0.005 with the PS - OMOP set combination.

RETROFITTING OF DRUG EMBEDDINGS Results with retrofitting are shown in Figure 2 (left). Given equa-
tion (1), β (represented by the x axis) with value of 0 means there is no retrofitting involved, and all resulting vectors
are from the original aer2vec+ models (albeit with normalization when not rescaled). β with value of 1 means all
vectors come from fully retrofitted models, where the resulting vectors are updated without the constraint that they
should remain similar to their aer2vec-derived starting points, as determined by lexical information from RxNorm.
The AUCs of models trained on the PS set are always higher than those from the FULL set, whatever the value of
β is (p < 0.01, unpaired t-test). This is consistent with the findings described in the previous section where no
retrofitting was used at all, however we note that the normalization step of the retrofitting method re-
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Figure 2: Effects of retrofitting on AUCs for FULL and PS set (10 iterations).
(a) retrofitting without rescaling on OMOP set (b) retrofitting with rescaling on OMOP set

(c) retrofitting without rescaling on EU set (d) retrofitting with rescaling on EU set.

sults in lower baseline (β = 0) performance with the OMOP set (p < 0.05, unpaired t-test), and a slightly higher
baseline performance with the EU set (p < 0.05, unpaired t-test).

When the retrofitting algorithm is applied (Figure 2 (a) (c)), the model performance increases as the weight
of retrofitting increases, but declines after a point with worst performance when lexical information is permitted to
predominate (β = 1). This is true for both FULL and PS sets when evaluated on both EU and OMOP reference
sets. However, the degree of improvement differs across these reference sets. With the OMOP set, aer2vec+ has a
larger increase in AUC when trained on the PS set. Conversely, when evaluated on the EU set the algorithm trained
on the FULL set benefits more. The difference from these evaluation sets also shows as the β values for algorithm
to achieve its best performance: in the EU set, it is β = 0.5 (FULL set) and β = 0.2 (PS set); in OMOP set, it
is β = 0.5 (FULL set) and β = 0.6 (PS set). These results show that information in lexicons can be utilized to
improve aer2vec’s performance in pharmacovigilance signal detection. The rescaling results are shown in Figure
2 (right). When evaluated on the OMOP set ((a) and (b) in Figure 2), both models (PS and FULL training sets)
benefit from rescaling, with an overall gain in AUC of 0.05 on the FULL set and 0.04 on the PS set. Moreover, the
retrofitting effect is more obvious when vectors are rescaled: when β increases, AUC also increases and reaches its
maximum when β = 0.5 for the FULL set. A similar pattern is also observed with the PS set, but with a maximum
AUC at a lower β (0.3), and the AUC dropping more quickly after the maximum point. After applying rescaling, the
results on OMOP set are shown in Table 3. Since the results of PRR and ROR are very close, only ROR is shown
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Table 3: Retrofitting results (part) on the OMOP set with varying β. Best results in boldface with ROR and
aer2vec (β = 0.5) as points of comparison.

Without rescaling With rescaling
β FULL PS FULL PS
0 0.678± 0.010 0.809± 0.004 0.721± 0.011 0.844± 0.005

0.3 0.686± 0.010 0.822± 0.004 0.738± 0.009 0.858± 0.005
0.5 0.687± 0.009 0.826± 0.004 0.742± 0.008 0.846± 0.005
0.6 0.686± 0.009 0.826± 0.003 0.741± 0.007 0.834± 0.004
1.0 0.596± 0.007 0.775± 0.003 0.656± 0.005 0.705± 0.003

ROR 0.641 0.728 0.641 0.728

in tables. Compared with aer2vec without rescaling, we observe an overall increase in AUCs, with different βs
used to achieve maximal performance. These are the best results obtained with the aer2vec method on the OMOP
evaluation set in the current work. In contrast, when comparing (c) and (d) in Figure 2, performance on the EU set
does not benefit from rescaling, with slight decreases with both training sets. Furthermore, when evaluated on this set,
the normalized and rescaled vector representations have similar retrofitting effects, with slight increases in AUC as the
influence of retrofitting is initially increased. Table 4 shows partial EU set results. Rescaled retrofitting
performs best at β = 0.1, but retrofitting without rescaling performs best overall.

Table 4: Retrofitting results (part) on the EU set with varying β. Best results in boldface with ROR and
aer2vec (β = 0.5) as points of comparison.

Without rescaling With rescaling
β FULL PS FULL PS
0 0.822± 0.019 0.969± 0.005 0.802± 0.020 0.964± 0.005

0.1 0.826± 0.019 0.971± 0.005 0.803± 0.023 0.964± 0.005
0.2 0.831± 0.018 0.972± 0.004 0.801± 0.022 0.963± 0.004
0.5 0.840± 0.018 0.959± 0.006 0.794± 0.017 0.946± 0.009
1.0 0.719± 0.011 0.834± 0.006 0.699± 0.011 0.809± 0.007

ROR 0.828 0.889 0.828 0.889

Discussion

In this paper, we evaluated the utility of combining two methods, aer2vec and retrofitting. We hypothesized
that this combination would improve pharmacovigilance performance with aer2vec when trained on a minimally
preprocessed FAERS dataset, without normalization or standardization. The aer2vec method was developed to
model empirical ADE reports for pharmacovigilance signal detection, and showed its utility when trained on stan-
dardized FAERS data12. Its application to minimally preprocessed FAERS data has not been evaluated previously.
The retrofitting method was originally used to refine semantic vector space representations of words11, and its
application to retrofit data-derived concept embeddings for the purpose of predictive modeling is a novel aspect of the
current work, as is the rescaling modification of this method to preserve information encoded by vector magnitude.
Evaluations on both EU and OMOP sets show improvements with retrofitting over aer2vec as the retrofitting
effect (β) increases, but the optimal β differs from set to set, as does the influence of rescaling. On the larger and
more challenging OMOP set, the combination of these two methods (retrofitting with rescaling) produces an
improvement over baseline models, the PRR and ROR. On the EU set, retrofitting alone leads to best perfor-
mance, comfortably outperforming these disproportionality metrics, which are in current use for pharmacovigilance
signal detection. This illustrates their capability as a means of mining spontaneous ADE reports, and highlights the
potential utility of combining empirically-derived embeddings with lexical information. Lexical information from
RxNorm serves as a complement to distributional information learned from the data directly, which in our case in-
cludes data from spontaneous reports but excludes drug classes, relations, and hierarchy, just as most distributional
semantics algorithms don’t take lexical knowledge beyond their training corpus into account.
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The results also illustrate the feasibility and stability of aer2vec when trained on a minimally preprocessed FAERS
dataset, without standardization or normalization. The aer2vec+ model trained on raw data performs relatively
well. Portanova et al reported best AUCs of 0.86 and 0.96 on the EU set when training on the FULL and PS sets
respectively, and 0.76 and 0.88 on the OMOP set when training on the FULL set and the PS set12. The performance of
the same algorithm trained on the raw FAERS dataset (shown where β = 0 with rescaling in Table 3 and Table 4) was
not better than that on the standardized set. However, combining aer2vec and retrofitting (with and without
rescaling) achieved the best results on these two reference sets in the current experiments, surpassing results with the
standardized set in one instance. Our models achieved best AUCs of 0.84 (std = 0.018) and 0.97 (std = 0.004)
on the EU set ( retrofitting without rescaling) when trained on the FULL and PS sets respectively, and 0.74
(std = 0.008) and 0.86 (std = 0.005) on the OMOP set (retrofitting with rescaling) when trained on the
FULL and PS sets respectively, which suggests that retrofitting can to some degree compensate for the lack of
standardization and normalization with raw FAERS data. However, these results are not strictly comparable because
Portanova et al’s model was trained using data from up to the 2015 release only. The availability of more current
data than that which is available in standardized form shows one advantage of utilizing minimally preprocessed data
where little effort is required for harmonizing and mapping of terms. Another advantage is that the computational
work required to perform this mapping would need to be repeated for the entire data set if any change in relational
structure occurred, whereas the retrofitting procedure can be readily and rapidly (around three minutes for our
dataset) applied to aer2vec representations that are generated without reference to predefined lexical knowledge.

As with previous research12, information in FAERS reports about PS designations proved to be very useful in improv-
ing model performance in all scenarios, including the aer2vec model, retrofitting algorithm, and even the
PRR and ROR. One reason this field improves performance is that it designates reporters’ suspicion and the reporters
may have access to temporal information and background knowledge that is not explicit in the reports themselves.
While there will likely be bias when expert opinion is involved, in this scenario, the trade-off appears warranted, to the
extent our reference standards are reliable indicators of system accuracy after deployment. The effect of rescaling on
retrofitting differs on two reference sets. As discussed above, rescaling increases AUCs by approximately 0.05
when evaluated on the OMOP set, but it has a negative effect with the EU evaluation set (a decrease about 0.02-0.03).
Our working hypothesis is that the information encoded by magnitude is obscured in the case of the EU-FULL set,
because the drugs in this set are far more frequently reported (median=18,457 vs. 2,395 for the OMOP set), and neural
embeddings of words that occur in a broad variety of contexts tend to have shorter vectors due to representations of
some of their surroundings canceling each other out29.

One concern about the current evaluation is that our training data (to 2019) extends past the point of publication of
our evaluation sets (in 2013), which may mean that information that arose subsequently to the judgments in these sets
was utilized. To assess whether or not this affected performance we re-ran our experiments using data from up to
2013 only, with α fixed at 0.5. Relative performance of the methods was similar, with greatest improvements observed
with retrofitting with rescaling in the context of the FULL set. Surprisingly, some experiments (e.g. with FULL
models on the EU set) revealed better performance with this restricted data set, which suggests that in the absence
of provider designation constraints these models may be disadvantaged by increases in false positive signals. We
also evaluated performance across the four side effects in the OMOP set, and noted that performance benefits from
the original retrofitting procedure were found in acute myocardial infarction and acute hepatic failure only. However
with rescaling, performance for all four OMOP outcomes benefits from retrofitting. This explains the some of the
improvement in in overall performance, although further research is required to determine why some side effects
benefit more from this procedure than others.

Limitations

While we have shown that performance measured against a widely-used reference set improves more with retrofitting,
it is not yet fully apparent how this improvement is realized. While it seems self-evident that the retrofitted vectors
incorporate information from drugs that are related in RxNorm and that this might be beneficial, in future work we
plan to compare similarities between drug or ADE vectors of the same class before and after retrofitting. This
becomes important when minimally preprocessed data are used. The DRUGNAME field contains exactly what was
reported from a variety of sources without standardization. Synonyms or different spellings of a drug may disperse
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signal for drugs, which may fail to reach their generic names,as used in both the OMOP and EU evaluation sets.
Future work will therefore involve closely monitoring how key drugs and their relatives are repositioned in vector
space during the course of the retrofitting process. Also, only three relations (RO, RN, and SY) were used to build the
lexicon. The explicit expansion of deeper relations (such as second-order ones) was also not implemented. Though
one would anticipate the iterative nature of the retrofitting procedure capturing some of this information implicitly,
it remains possible that encoding the nature of these relationships explicitly would lead to further improvements in
performance. An additional limitation is that the balance between distributional and lexical information is controlled
by two hyper parameters (α and β) whose optimal values may depend on the original vectors, lexicons, and reference
set. Furthermore, the two reference sets, EU and OMOP, were used for all evaluations. As with previous work12 model
performance on the OMOP set is generally lower than that on the EU set. One potential explanation for this concerns
how the EU set is constructed, especially its negative controls. According to the EU-ADR project15, Bayesian dispro-
portionality analysis of the WHO spontaneous reporting database was used to create the pool for negative controls.
This database is similar in nature to the FAERS, from which our training data were collected. In contrast, the OMOP
project used product labeling, systematic literature review, and literature search to select negative control candidates14.
Lastly, these sets have been criticized for over-representation of well-established side-effects30.This concern could be
addressed by using time-delimited data, and reference examples from recently-added label warnings31.

Conclusion

We evaluated the applicability of the aer2vec algorithm to minimally preprocessed FAERS data, and the util-
ity of retrofitting, which augments aer2vec distributional representations with additional lexical informa-
tion. aer2vec outperforms disproportionality metrics in most configurations, and the original implementation of
retrofitting together with aer2vec further improves performance. Furthermore, our novel rescaled variant
of the retrofitting algorithm results in significantly better performance on the larger (OMOP) reference set. The im-
provements in performance on a minimally preprocessed dataset make retrofitting a good alternative to explicit
standardization, with potential application to a broad range of observational data sources.
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Abstract 

With vast amounts of patients’ medical information, electronic health records (EHRs) are becoming one of the most 
important data sources in biomedical and health care research. Effectively integrating data from multiple clinical 
sites can help provide more generalized real-world evidence that is clinically meaningful. To analyze the clinical data 
from multiple sites, distributed algorithms are developed to protect patient privacy without sharing individual-level 
medical information. In this paper, we applied the One-shot Distributed Algorithm for Cox proportional hazard model 
(ODAC) to the longitudinal data from the OneFlorida Clinical Research Consortium to demonstrate the feasibility of 
implementing the distributed algorithms in large research networks. We studied the associations between the clinical 
risk factors and Alzheimer’s disease and related dementia (ADRD) onsets to advance clinical research on our 
understanding of the complex risk factors of ADRD and ultimately improve the care of ADRD patients.  

 

Introduction 

Over the last few decades, there has been increased adoption of electronic health records (EHR) systems in the United 
States (US). Containing rich medical information, EHR data can potentially improve the efficiency and effectiveness 
of health care and biomedical research1,2. EHR data are considered as real-world data (RWD) that are collected outside 
of traditional clinical research settings (e.g., randomized controlled trials). The U.S. Food and Drug Administration 
(FDA) recently launched the real-world evidence (RWE) program to encourage the use of RWD such as EHRs, 
administrative claims, and billing data among others, to support the development, evaluation, and monitoring of drug 
products3, where methods that can reliably measure disease progression and the impact of the drugs are urgently 
needed. The detailed temporal information contained in EHR, including conditions and diagnoses, procedures, 
medications, laboratory test results, disease status, and treatment outcomes, create opportunities for analyzing time-
to-event outcomes, which can provide a better understanding of the disease progression and impact of the treatments 
or risk factors on the timing of outcomes.  Among many methods developed for analyzing time-to-event data4, the 
Cox proportional hazards model3 is one of the commonly used methods and has been widely applied in biomedical 
research. 
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To better utilize EHR data collected at different clinical sites, increasing numbers of data consortia were founded over 
the last few decades5–7. The national Patient-Centered Clinical Research Network (PCORnet), which is funded by 
Patient-Centered Outcomes Research Institute (PCORI), covers more than 100 million patients all over the United 
States6. As one of the nation’s 9 clinical data research networks (CDRNs), the OneFlorida Clinical Research 
Consortium (OneFlorida CRC) was designed to accelerate the translation of promising research findings into improved 
patient care, with a focus on comparative effectiveness research, programmatic clinical trials, and patient-centered 
outcomes studies.  The centerpiece of the OneFlorida network is its Data Trust—a repository of statewide health care 
data containing robust longitudinal and linked patient-level RWD of  around 15 million (>50%) Floridians, including 
data from Medicaid claims, cancer registries, vital statistics, and EHRs from its clinical partners8.  Currently, there are 
12 various types of healthcare organizations contributing to the OneFlorida data repository: 1) four academic health 
centers (i.e., University of Florida Health, University of Miami Health System, Florida State University and regional 
campus practice partners, and University of South Florida Health), 2) seven healthcare systems including Tallahassee 
Memorial Healthcare (affiliated with Florida State University), Orlando Health, Adventist Health, Nicklaus Children’s 
Hospital, Bond Community Health, Capital Health Plan, and Tampa General Hospital, and 3) CommunityHealth IT—
a rural health network in Florida. Covering all 67 Florida counties9, the OneFlorida CRC provides care for more than 
50% of Floridians through 4,100 physicians, 914 clinical practices, and 22 hospitals, leading to the increasing amount 
of longitudinal and robust patient-level records of around 15 million Floridians and over 561.1 million encounters, 
1.16 billion diagnoses, 1 billion prescribing records, and 1.44 billion procedures as of December 2019. 

The large-scale clinical data networks like the OneFlorida CRC allow researchers to study the diverse range of risk 
factors, from clinical characteristics to social determinants of health, associated with the fatal degenerative diseases: 
Alzheimer’s disease (AD) and AD-related dementia (ADRD). Alzheimer’s disease (AD) is the most common cause 
of dementia. In 2019, 5.8 million Americans will live with AD, among which 97% are aged ≥ 65 and 81% are ≥75.  
By 2050, people living with AD in the US may grow to 13.8 million, fueled by the aging baby boomers10. In 2017, 
121,404 deaths from AD were recorded, making AD the 6th leading cause of death and the 5th leading cause of death 
among Americans aged ≥ 6511. The progression of AD/ADRD usually starts with normal cognition during the 
preclinical period, slowly advancing to mild cognitive impairment (MCI) and then gradually progresses to mild and 
moderate AD and eventually severe AD. It usually takes an individual with MCI 7 years to progress to mild AD, but 
some individuals may experience a rapid progression which took significantly less time to develop into AD12. 
Therefore, modeling the disease progression in an at-risk population is important.  

Combining RWD from multiple clinical sites can provide a larger sample size, which can lead to more generalizable 
findings, and the ability to better evaluate rare risk factors of ADRD. Nevertheless, directly sharing individual patient-
level data can be challenging because of the privacy concerns over protected patient health information14. The state-
of-the-art method for multicenter study, without sharing patient-level information, is the meta-analysis, where each 
site fits separate analysis and all local estimates are synthesized using a weighted average15. In addition to meta-
analysis, several distributed learning algorithms, in which only aggregate information is allowed to be shared across 
institutions, have been developed to overcome the privacy issue in a clinical research network16–19. Among the existing 
methods, Duan et al20. proposed a privacy-preserving and communication-efficient distributed algorithm, named 
ODAC, to fit the multi-center Cox proportional hazards model. Utilizing a surrogate likelihood approach21 and without 
iterative communication across the sites, the ODAC algorithm allows efficient and accurate identification of the risk 
factors associated with the time-to-event outcome of interest20. This algorithm is shown to achieve high accuracy in 
the sense that the results of ODAC is close to the pooled analysis in which a Cox model is fitted on the combined 
dataset.  

In this paper, with the multicenter RWD data from OneFlorida, we evaluated the ODAC algorithm using ADRD as a 
use case. By studying the associations between ADRD and several clinical risk factors, 7 significant risk factors were 
identified by ODAC, and the 7 risk factors were consistent with previous findings on ARDR. In addition, compared 
with the commonly used meta-analysis, ODAC provided estimates of the effect sizes with smaller bias, leading to the 
conclusion that ODAC is a reliable and efficient, privacy-preserving distributed learning algorithm extremely suitable 
for working with real-world data from multicenter clinical research networks. 

 

Materials and Methods 

Data Source and Study Population 
The OneFlorida data is a HIPAA (i.e., Health Insurance Portability and Accountability Act) limited data set (i.e., dates 
are not shifted; and 9-digit zip codes of patients’ residencies are available, where other 16 types of patient identifiers 
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were removed) that contains detailed patient and clinical variables, including demographics, encounters, diagnoses, 
procedures, vitals, medications, and labs, following the PCORnet Common Data Model (CDM)6.  The OneFlorida 
data undergo rigorous quality checks at its data coordinating center (i.e., University of Florida [UF]), and a privacy-
preserving record linkage process is used to deduplicate records of same patients coming from different health care 
systems within the network22.  

Table 1. Breakdown of the study populations by site. 

Site ADRD At-risk population prevalence 

Site 1 128 3,292 5.34% 

Site 2 10 983 1.02% 

Site 3 711 12,181 5.84% 

All sources 849 16,456 5.16% 
 

Based on the OneFlorida data, individuals who were 65 years of age, and had no ADRD diagnosis before 2014/03/01 
(i.e., the index date) were considered as “at-risk population” and were included in our analysis. We chose 2014/03/01 
as the baseline to ensure a 5-year follow-up period for each individual. The outcome of interest is the time to the first 
diagnosis of ADRD. Conditions that were considered as ADRD include mild cognitive impairment (ICD-9: 331.81, 
294.9; ICD-10: G31.83, F09), Alzheimer’s disease (ICD-9: 331.0; ICD-10: G30.0, G30.1, G30.8, G30.9), vascular 
dementia (ICD-9: 290.40, 290.41; ICD-10: F01.50, F01.51), Lewy body dementia (ICD-9: 331.82; ICD-10: G31.83), 
Frontotemporal Dementia (ICD-9: 331.19; ICD-10: G31.09), and primary progressive aphasia (ICD-9: 331.11; ICD-
10: G31.01). A total of 178,251 patients who were at risk at baseline were identified in OneFlorida. After excluding 
patients with missing data, a total of 16,456 individuals were included in our final analysis. Table 1 shows the 
prevalence of the included population across the different OneFlorida clinical sites. 
 
 
Risk Factors 
We identified a set of risk factors from the literature and extracted the factors from patients’ medical records in 
OneFlorida. All records before the index date (2014/03/01) were taken into consideration in this analysis. Factors such 
as demographic variables (age, race, gender, and insurance type), vital signs (body mass index [BMI], lipid panel), 
smoking status, selected clinical diagnoses, and medications were included. Since the laboratory test results (e.g., 
complete blood count) had high frequencies of missing values (>50% in the total study population), these factors were 
removed. Besides, the clinical diagnoses that were made in <1% of the total study population were removed to 
minimize potential bias introduced by the small sample size. Patients who had missing values in any risk factors were 
removed as the current ODAC algorithm is unable to handle missing values. A total of 12 risk factors/predictors were 
included in the analysis. In Table 2, we present the summary statistics of these predictors. From the table, we observed 
that the patients who were diagnosed with ADRD were older, more males, and tended to have Medicare insurance. In 
addition, ADRD patients were more likely to have more comorbidities and higher statin use. 
 
Statistical Analysis 
 
To help introducing the ODAC algorithm, we first define some basic notation. Suppose we have 𝐾sites in the clinical 
network, where the j-th site has 𝑛!  samples, with 𝑁 =	∑ 𝑛!"

!#$ . For the i-th subject in the j-th site, we observe 
{𝑇%! , 𝛿%! , 𝑥%!}, where 𝑥%! is a vector denoting 𝑝 risk factors, 𝑇%! is the time-to-event for the outcome of interest, and 
𝛿%! 	 is the event indicator with 𝛿%! = 1  indicating an event, and 𝛿%! = 0  indicating an censored. We apply the 
distributed algorithm ODAC developed in Duan et al.20, and the detailed algorithm is shown below with the definition 
of each quantity in Table 3. The main idea of the algorithm is to fit Cox model at each site first and combine the 
results through a fixed-effect meta-analysis to obtain initial values for regression parameters, and then apply the 
surrogate likelihood approach proposed by Jordan et al.21 which requires each site to calculate summary-level 
quantities for calculating the first and second-order derivatives of the combined log-partial likelihood function. A 
surrogate likelihood can serve as a good proxy of the combined log-partial likelihood function, and the final estimator 
is obtained by maximizing the surrogate function. Figure 1 provides a schematic illustration of the above algorithm, 
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and we refer to Duan et al.20 for more technical details and properties of the ODAC method. In addition to ODAC, we 
also applied the meta-analysis and the pooled analysis to the multicenter EHR data we extracted from OneFlorida. 
 
 
Table 2. Characteristics of included risk factors in the cohort. 
 

 Control Case Overall 
 (n=15607) (n=849) (n=16456) 
Baseline_AGE     

Mean (SD) 73.9 (5.94) 76.5 (6.54) 74.0 (6.00) 
Gender       

Female 8981 (57.5%) 474 (55.8%) 9455 (57.5%) 
Male 6626 (42.5%) 375 (44.2%) 7001 (42.5%) 

RACE_ETHNICITY       
Hispanic 277 (1.8%) 20 (2.4%) 297 (1.8%) 
NHB*  2324 (14.9%) 141 (16.6%) 2465 (15.0%) 
NHW* 12588 (80.7%) 667 (78.6%) 13255 (80.5%) 
Other 418 (2.7%) 21 (2.5%) 439 (2.7%) 

insurance_type       
MEDICAID 140 (0.9%) 4 (0.5%) 144 (0.9%) 
MEDICARE 11568 (74.1%) 694 (81.7%) 12262 (74.5%) 
No payment* 48 (0.3%) 2 (0.2%) 50 (0.3%) 

Other 470 (3.0%) 3 (0.4%) 473 (2.9%) 
OtherGOV 161 (1.0%) 19 (2.2%) 180 (1.1%) 
PRIVATE 3220 (20.6%) 127 (15.0%) 3347 (20.3%) 

BMI    
Mean (SD) 28.9 (6.18) 27.9 (6.75) 38.5 (889) 

SMOKING       
Current Smoker 1000 (6.4%) 46 (5.4%) 1046 (6.4%) 
Former smoker 6301 (40.4%) 337 (39.7%) 6638 (40.3%) 
Never smoker 8306 (53.2%) 466 (54.9%) 8772 (53.3%) 

depression 1837 (11.8%) 175 (20.6%) 2012 (12.2%) 
anxiety 1859 (11.9%) 145 (17.1%) 2004 (12.2%) 
sleep_disorder 1578 (10.1%) 123 (14.5%) 1701 (10.3%) 
hypertension 10208 (65.4%) 600 (70.7%) 10808 (65.7%) 
diabetes 4081 (26.1%) 254 (29.9%) 4335 (26.3%) 
heart_disease 1701 (10.9%) 136 (16.0%) 1837 (11.2%) 
statin 4646 (29.8%) 333 (39.2%) 4979 (30.3%) 

*NHB stands for non-Hispanic black; NHW stands for non-Hispanic White; No payment includes self-pay, nor charge, 
refusal to pay/bad debt, hill burton free care, research/donor, and other. 
 
 
Algorithm ODAC 
(1) Initialization 

In Site k = 1 to K,   
do 

          Fit a Cox model and obtain the local estimate 𝛽1& and the variance estimate	𝑉3&; 
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          broadcast 𝛽1&, 𝑉3&, and the set of unique event time points in site k. 
    end 
(2) Local surrogate estimator 
     In Site k  = 1 to K,   
     do 
            obtain  �̅� and all the unique event time points across all sites 	𝒯 = {𝑡$…𝑡'}; 
            calculate and broadcast the intermediate summary-level statistics 𝑈!(𝑡(),𝑊!(𝑡() and 𝑍!(𝑡() for each 𝑡( ∈ 𝒯; 
            construct the surrogate likelihood 𝐿?&(𝛽) treating the k-th site as the local site;  
            obtain and broadcast 𝛽?& and the variance VA); 
     end 
 (3) Evidence synthesis 
    Obtain ODAC estimator 𝛽?. 
  Return  𝛽?. 

 
 
Table 3. Descriptions and definitions of quantities for ODAC. 

 
Quantity Description Definition 
𝑅!(𝑡) Risk set at time t in the j-th 

site 
𝑅!(𝑡) = {𝑖; 𝑇%! ≥ 𝑡} 

	𝐿!(𝛽) Log partial likelihood 
function at j-th site 1

𝑛!
F𝛿%!log

exp(𝛽*𝑥%!)
∑ exp(𝛽*𝑥(!)(∈,!(*"!)

/!

%#$

 

𝐿(𝛽) Combined log partial 
likelihood function 𝐿(𝛽) =F

𝑛!
𝑁 	𝐿!

(𝛽)
"

!#$

 

𝛽1! Local estimate at j-th site argmax0	𝐿!(𝛽) 
𝑉3! Variance of 𝛽1! −{𝑛!∇1	𝐿!R𝛽1!S}2$ 
�̅� Initial value for 𝛽 R∑ 𝑉3!2$"

!#$ S2$ ∑ 𝑉3!2$𝛽1!"
!#$   

𝒯 Collection of all time 
points  

{𝑇%!:	𝛿%! = 1} 

𝑈!(𝑡) Intermediate results F exp(�̅�*𝑥%&)
%∈,#(3)

 

𝑊!(𝑡() Intermediate results F 𝑒𝑥𝑝(�̅�*𝑥%&)𝑥%&
%∈,#(3)

 

𝑍!(𝑡() Intermediate results 	∑ 𝑒𝑥𝑝R�̅�*𝑥%&S𝑥%&%∈,#(3) 𝑥%&* . 
𝐿?!(𝛽) Surrogate likelihood 

function at j-th site 	𝐿!(𝛽) + 〈𝛻𝐿R�̅�S − 𝛻𝐿!R�̅�S, 𝛽〉 +
1
2 R𝛽 − 𝛽	

[ S*{𝛻1𝐿R�̅�S

− 𝛻1𝐿!R�̅�S}R𝛽 − 𝛽	[ S 
𝛽?& Surrogate estimator in j-th 

site 
argmax0𝐿?!(𝛽) 

VA) Estimated variance of 𝛽?& 
𝑉?! =	

1
𝑁 \−𝛻

1𝐿!R𝛽?!S]
2$

 

𝛽? ODAC estimator  R∑ 𝑉?!2$"
!#$ S2$∑ 𝑉?!2$𝛽?! 	"

!#$   
 
 
Results 

Figure 2 shows the estimated log hazard ratio and 95% confidence interval for each risk factor using the three different 
approaches: the pooled analysis, meta-analysis, and ODAC. The pooled analysis is considered as the gold standard, 
since it essentially requires sharing all the patient-level data across sites. From the plot, we observe that ODAC 
provides more accurate estimates for the associations between outcome and exposures than meta-analysis, in the sense 
that the bias to the gold standard pooled estimator is smaller. To be more specific, ODAC estimates are closer to the 
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pooled estimates for 11 out of the 13 risk factors we considered in the Cox regression model. The relative bias for the 
rest of two risk factors are below 6%. The bias for meta-analysis is up to 185%. For risk factors such as BMI and 
statin, the conclusion regarding the significance of the risk factor from meta-analysis is not consistent with the pooled 
analysis, while ODAC provides the same conclusion as the pooled analysis. The confidence intervals of ODAC is 
observed to be slightly larger than the other two methods, which might be caused by the heterogeneity of the data 
across sites. 
 
Figure 1. Illustration of the ODAC algorithm. The first step is initialization, in which each site reports the local 
estimate of the log hazard ratio (𝛽1!) and the variance (𝑉3!) where j = 1, …, K. Then with these initial values broadcasted 
across the sites, the average of all local estimates and the union of all event times can be obtained. With these results, 
each site calculates and shares the intermediate results {𝑈!(𝑡(), 	𝑍!(𝑡(), 	𝑊!(𝑡()} . Next, within each site, the 
intermediate results and individual patient-level data are used to construct the local surrogate likelihood function.  
By optimizing the surrogate likelihood function, we obtain the local surrogate estimates. The final step is to synthesize 
the surrogate estimates from all the sites.   

 
 
From the analysis, we identified 7 significant risk factors: anxiety, BMI, sleep disorder, statin, age, depression, and 
race. Most of our findings are consistent with previous reports on risk factors of ADRD. For example, demographic 
variables such as female, being non-Hispanic Blacks were more likely to have higher risks of ADRD. Cardiovascular 
conditions, including hypertension, heart diseases could also increase a person’s risk of having ADRD23–25. Mental 
health conditions, such as anxiety, depression, or sleep disorder, have also been demonstrated to be associated with 
ADRD, as patients who have ADRD tend to have symptoms that lead to decline in mental functions23,26. Interestingly, 
statins use were shown to be positively associated with the occurrence of ADRD in our data, which is contradicted to 
previous reports27 that statin may be protective against the progression of AD , this is possibly due to the heterogeneity 
in the ADRD population28,29 and potential misclassifications of how medication prescriptions are recorded in the data. 

 

Discussion and conclusion 

In this paper, with the longitudinal EHR data from the OneFlorida CRC, we evaluated the empirical performance of 
a privacy-preserving, communication-efficient distributed learning algorithm—the ODAC algorithm. We studied the 
associations between ADRD and 13 risk factors and identified 7 significant factors that are consistent with the previous 
findings on ARDR. In the evaluation, other than applying ODAC, we also conducted the meta-analysis, which is 
currently the most popular method for multicenter analysis. From the results, we observed that the ODAC algorithm 
is able to provide improved estimation of effect sizes for the risk factors compared with the meta-analysis. In ODAC, 
the strategy that each clinical site serves as the local site reduces the potential impact of one local site on the final 
estimate. Different from the other existing distributed algorithms, the ODAC is a non-iterative algorithm by 
constructing the surrogate likelihood function without sharing patient-level information. In a nutshell, ODAC is a 
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practical, robust, efficient, and accurate algorithm for modeling time-to-event outcomes.  
 

Figure 2 displays the estimated log hazard ratio and 95% confidence interval for each risk factor using the three 
methods: ODAC (green), meta-analysis (light pink), and pooled estimate (black).  

 
 
Even though the pathophysiology of AD and ADRD is not well understood, there is evidence indicating the 
heterogeneity in AD as well as the heterogeneity in progression to AD through different intermediate disease stages.  
Identification of the factors contributing to different progression pathways from MCI to AD are crucial for clinical 
prognostication and risk stratification to guide counseling and selection of potential treatments.  RWD from large 
clinical networks similar to OneFlorida provide the golden opportunity to examine the heterogeneity of AD.  
Distributed learning algorithms like ODAC, thus, become critical to leverage these RWD to generate RWE.  Risk 
models built with ODAC can help us identify critical factors for both the primary prevention (i.e., from non-AD to 
AD) and secondary prevention (i.e., from MCI to AD) of AD, which ultimately lead to better care for ADRD patients. 
 
In this study, we only used the structured data from the OneFlorida network, where some other important risk factors, 
especially social determinants of health (SDoH) were not readily available and thus not included in our analysis.  On 
the other hand, clinical narratives30 in EHR contain more detailed patient information, including SDoH.  Further, we 
only were able to model ADRD onset as the outcome.  To accurately study the progression of ADRD, we would need 
to be able to extract and model other intermediate outcomes such as neuropsychological tests (e.g., Mini-Mental State 
Examination and Severe Impairment Battery), that are not typically captured in structured EHR either.  In future 
studies, advanced natural language processing (NLP) methods can be leveraged to extract additional risk factors and 
neuropsychological test results from clinical narratives.  
 
In the future, the ODAC algorithm can be extended in several aspects. First, the distributed algorithms to integrate 
and study other types of outcomes can be considered, for example, count data and longitudinal outcomes. Secondly, 
ODAC is based on the fact that we treat the pooled analysis as the gold standard method, which essentially requires 
data to be homogenous distributed across sites. However, the effect sizes as well as the baseline hazard function at 
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each site can be different in practice31. To efficiently synthesize evidence from heterogeneous clinical sites in large 
CRN, we are planning to extend the current distributed algorithms by allowing site-specific hazard function and effect 
sizes in the future. Thirdly, we will work on developing distributed algorithm to handle time-varying covariates or 
time-varying coefficients in survival analysis. Lastly, we have been developing an open-source software to implement 
the ODAC algorithm within CRN to facilitate data integration and nationwide comparative effectiveness studies.  
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Abstract 
 

Patient order management (POM) is a mission-critical task for perioperative workflow. Interface complexity within 

different EHR systems result in poor usability, increasing documentation burden. POM interfaces were compared 

across two systems prior to (Cerner SurgiNet) and subsequent to an EHR conversion (Epic). Here we employ a 

navigational complexity framework useful for examining differences in EHR interface systems. The methodological 

approach includes 1) expert-based methods—specifically, functional analysis, keystroke level model (KLM) and 

cognitive walkthrough, and 2) quantitative analysis of observed interactive user behaviors. We found differences in 

relation to navigational complexity with the SurgiNet interface displaying a higher number of unused POM functions, 

with 12 in total whereas Epic displayed 7 total functions. As reflected in all measures, Epic facilitated a more 

streamlined task-focused user experience. The approach enabled us to scrutinize the impact of different EHR interfaces 

on task performance and usability barriers subsequent to system implementation. 
 

Introduction 
 

A primary objective of human-computer interaction research in healthcare is to gain a clear understanding of how 

health information technology (IT) facilitates or hinders clinical workflow, specifically within EHR  use (1). 

Complexity within an interface often results in poor usability of a system, generating barriers to efficient workflow. 

There is universal dissatisfaction with electronic health records (EHRs), specifically increasing safety challenges and 

burden of use (2). One significant recommendation of the AMIA 2020 Task Force was decreasing documentation 

burden (3), of which poor system usability can significantly contribute. This poor usability can create barriers to 

clinical workflow due to a lack of consistency across interface design, generating interaction complexities during data 

entry and navigation. Inefficient EHR system navigation can result from having patient information scattered across 

multiple screens, unwieldy interfaces, and data access and data entry processes that require a complex set of steps (4). 

By modeling the steps in clinical workflow and assessment of associated interfaces, areas with high cognitive load 

and usability barriers and challenges can be further explored. An assumption guiding much of the work in this area is 

that small interface changes can significantly reduce bottlenecks in workflow and improve task performance (5). 

Comparative analyses can yield valuable insights into the sorts of changes needed to streamline navigation and 

enhance user performance (6).  

 

The objective of our research is to understand EHR-mediated workflows and how the different facets of interface 

elements impact task performance and cognition. Task performance based on interface design is assessed by applying 

the navigational complexity framework to the pre-post implementation of a new EHR while comparing used and 

unused interface elements. This paper presents a comparison of the different EHR interface design elements. It 

analyzes their frequency of use in clinical workflow and how these design elements influence task performance and 

efficiency.  
 

Background 
 

Healthcare institutions have invested significantly in the implementation of new EHRs. The expectations that EHRs 

will enhance productivity and streamline workflow have met with equivocal results. The persistent problem is that 

EHR interface designs are frequently unnecessarily intricate, compromising the user experience (8). There is a myriad 
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of factors that contribute to the usability challenges experienced by clinicians. Some of them, for example, policies 

mandating increasing volumes of documentation, are beyond the scope of human-computer interaction research. 

However, there has been a growing body of research that has expanded the range of usability research and situated 

within the broader spectrum of EHR-mediated workflow (2, 7, 9).  Recent efforts have been made to characterize, 

operationalize, and reduce navigational complexity (4, 5). EHR-based navigation can be construed as an interaction 

with user interface presentation and controls that allow users to locate and access needed information(4). Navigation 

describes the path taken to complete a task, including the actions (e.g., mouse clicks) and the traversal through space 

(e.g., negotiating a sequence of screens) (5). In this paper, we employ a cognitive engineering (CE) framework for the 

development of principles, methods, and tools used to assess and guide the design of systems to support human 

performance (10). User behavior can be characterized as a combination of elementary cognitive, perceptual, and motor 

behavior(11). Certain task-system combinations may be more memory-intensive, or, require more in the way of 

perceptual and motor behavior (11). Problematic navigation creates significant cognitive overhead with efforts 

devoted to managing the interface and fewer resources available for completion of EHR-mediated clinical tasks.   

 

The study reported in this paper builds on our prior research into task-based navigational complexity. Duncan and 

colleagues studied vital signs documentation, medication reconciliation, and medication administration record tasks 

in the EHR, characterizing how different charting interfaces mediate performances across clinical sites (5, 12, 13). 

The study documented how the configuration of interface elements created unnecessary complexities when interacting 

with the system, as reflected in time on task and interactive behavior complexity measures. Based on this work, 

Duncan et al. developed a navigational complexity theoretical and methodological framework for examining 

differences in EHR interface systems and their impact on task performance (5). The framework employs both expert 

review and user testing methods to explore differences in task-specific EHR interfaces. The approach also draws on 

Calvitti et al., which applied methods for capturing, analyzing, and visualizing EHR use and clinical workflow (7). 

We also incorporate techniques from the TURF EHR usability framework, which operationalize and explains usability 

differences employing a range of methods (8). Specifically, we draw on a functional analysis approach to categorize 

the relative instrumental value of interface elements (realized as functions) in completing a task (14).   
 

Methods 
 

The navigational complexity methodological framework is described in detail in Duncan et al. (12).  In this paper, the 

mentioned framework is applied in the process of identifying the complexities in navigation variation across clinical 

sites and individuals. There are two main categories of analysis: expert-based methods (e.g., representational analysis) 

mainly involve the evaluation and judgment of trained analysts. User-based methods rely on empirical data derived 

typically from observational or experimental studies. In this case, the observations were in-situ as nurses performed 

tasks before surgery. The Registry of Operations and Tasks (ROOT) Project was launched to characterize current 

workflows focusing on EHR use in the surgical services department. One of the primary goals of the ROOT is to 

understand and interpret variation across different sites and systems.  
 

Settings 
 

Observations took place at four Mayo Clinic hospitals: Phoenix, AZ, Rochester, MN, Jacksonville, FL, and Eau Claire, 

WI. The analysis was performed on video capture of 18 different patient cases involving 11 nurses across all sites. At 

the Arizona and Florida campuses, the primary tool used for charting was Cerner SurgiNet. . A total of 14 hours of 

video recordings were captured across 11 different nurses over 10 days at the three different clinical sites, which are 

presented in this work The primary focus of data capture was on the preoperative (PreOp) nursing assessment 

performed by nursing staff in-situ on a variety of patients. Morae™ 3.3 video analytic software was used to capture 

workflow, where the software records the clinician’s on-screen activities.  
 

Data Analysis 
 

Video recordings of individual patient encounters were reviewed for integrity and noticeable gaps in time then were 

segmented into different tasks based on an established clinical workflow task list. Once segmented, the specific task 

of interest was isolated.  The navigational complexity framework applied here includes both expert-based and user-

based analysis (5) on the POM task. Expert-based methods included representational analysis of interfaces to 

evaluate the appropriateness of representations for performing a selected task (11) and process modeling to represent 

the ideal sequence of steps involved in task completion. User-based methods such as interactive behavior measures 
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for each clinician were used to understand what actions users performed and to identify and explain variation across 

users, systems, and clinical sites. Functional analysis was performed to gain a thorough understanding of the 

functionalities that are required to meet specific work requirements (TURF). User interface elements were 

categorized as objects or operations and situated within the task completion where each function was utilized.   
 

Results  
 

We compared patient order management documentation across two different systems: Cerner (SurgiNet), which was 

the legacy system, and the newly implemented Epic system. Schematic representations of the interfaces used for 

patient order management in SurgiNet and Epic are presented in Figures 1 and 2. In the surgical setting, this is a 

particularly important task as no processes involving patient care can be completed unless an order is entered for that 

process. The method of managing patient orders includes activating and deactivating orders for execution, releasing 

orders from holding for various clinical tasks, and creating verbal orders for emerging tasks for specific patients that 

need to be completed. The results are organized as follows: schematic representations of the interfaces used in POM 

to provide a visualization of the interface elements, an excerpt from a cognitive walkthrough/KLM to show the goals, 

actions and cognitive processes of task completion, a workflow model aligning goals and subgoals with the used 

functions and interactive behavior measures showing the perceptual-motor effort required from users.  

 

Interface Schematic Representation Descriptions 

Figures 1 and 2 present schematic representations of the individual interfaces used to complete the POM task. There 

is a general universal protocol for releasing and activating orders across all surgical settings. However, the process in 

which these steps are completed varies substantially across systems. In Cerner SurgiNet, there was a menu column 

that allowed for navigation between various sections of the EHR, and one of the available options was the “Orders-

Charges” tab. Information was displayed in a list form with the ability to shift between various sections of orders 

through a navigation pane (see Section A, Figure 1). Active outstanding orders were displayed in bold. Although the 

steps involved in task completion are nearly identical, there are differences in the representations of orders, in 

particular, the headers used to categorize orders. Epic presents a significantly smaller number of available functions 

when accessing the POM interface. There is a menu column that allows for navigation between various sections of 

the EHR. One of the main options is the “Orders” button, as seen in Figure 2 Section A. Information was displayed in 

list format with the ability to sort orders into labeled sections such as “Signed and Held” (see Section B, Figure 1).  

 

 
Figure 1: Schematic representation of the POM interface presented in Cerner SurgiNet 

A 

B 

C 
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Functional Analysis of EHR Interface Elements  

 

When comparing the different functions available within the two different systems, there are variations between the 

different modes of interactions as well as the available functions within the interface. Cerner SurgiNet has a more 

significant subset of functions available when navigating through the system to the POM interface that is not related 

to the task of focus. These can be seen in Figure 1, where a total of 29 functions are available in the left-hand panel, 

covering a range of tasks, including POM. The multitude of elements likely increases the visual search for the user 

when navigating to the needed function and adding more steps to complete a task. Epic has a much higher ratio of 

overall used functions relative to those visible, where a total of 10 functions are initially available to users to navigate 

to the POM interface, as seen in Figure 2 Section A. In both SurgiNet and Epic, these functions are static buttons. 

When navigating to the appropriate section of orders, there are numerous different functions within SurgiNet that 

users have access to, 16 in total. Although these are used for categorization and sorting, clinicians uniformly employ 

one function, as seen in Figure 1 Section B. All of these functions are either checkboxes or dropdown selections. There 

is a more significant visual search effort required for users to locate the correct function. In Epic, there are a total of 7 

different selectable functions when navigating to the appropriate section of orders. The available functions provide a 

narrower subset of options, making task completion more streamlined, as seen in Figure 2 Section B. During the 

process of activating and releasing orders, SurgiNet offers several different available functions within the interface 

that are pertinent to the task but not utilized. In Epic, there is an overall smaller subset of functions available to users 

within the interface for activating orders. By restricting the displayed functions, there is a more streamlined workflow 

that makes the overall process simpler but at the expense of not having proximal access to other desired functions.  

 

Figure 2: Schematic representation of the POM interface presented in Epic 
 

Cognitive Walkthrough 
 

To efficiently interact with the functions on-screen to complete the task, clinicians need to situate the process as goals 

and subgoals with associated actions and cognitive processes. While there are physical actions (mouse clicks), these 

do not show the complexities involved with task completion. To understand these complexities and how functions 

A B 

C 
Release  
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influence the cognitive processes, a combination of a cognitive walkthrough and KLM was created to show the goal 

and actions required to complete the POM task, as seen in Tables 1 and 2. The purpose of this analysis was to use the 

cognitive walkthrough to show the milestones of task progress and then leverage the KLM to model the physical and 

mental actions taken by users to reach these milestones. Additionally, cognitive processes were also aligned with these 

actions that correspond with the functions used for task completion. Table 1 shows a portion of a primary goal, 

subgoals, actions, and cognitive processes associated with POM. Being that the methods are mostly identical for all 

sites, this table reflects the general procedure with slight variations existing for site-specific details. The primary goal 

of all systems was to navigate to the appropriate interface and activate applicable patient orders.  
 

Table 1:  Combination of KLM and Cognitive Walkthrough for the Patient Order Management Task in Cerner 

SurgiNet 

Goal 2: Activate Appropriate Order sets 

Subgoal A: Locate Appropriate Section of Orders 

Action: Search Header options for the "Signed and Held” section 

Cognitive Process Description Operation Time (Sec) 

Working Memory Decide what order section is appropriate M [Locate] 1.2 

Visual Search 

Working Memory 
Locate the "Signed and Held” section M [Locate] 1.2 

Subgoal B: Select "Signed and Held” section 

Action: Click on "Signed and Held” section 

Cognitive Process Description Operation Time (Sec) 

Perceptual-Motor 

Visual Search 
Point to "Signed and Held” section P [Point] 1.1 

Perceptual-Motor Click on "Signed and Held” section B [Mouse] 0.1 

System Response: Show all Orders in section 

Subgoal C: Determine Appropriate Orders for Patient 

     Action: Select appropriate order sets to release 

Cognitive Process Description Operation Time (Sec) 

Visual Search 

Working Memory 
Locate the order sets to release M [Locate] 1.2 

Perceptual-Motor 

Visual Search 

Point to the checkbox of the order set to 

release 
P [Point] 1.1 

Perceptual-Motor 
Click on the checkbox of the order set to 

release 
B [Mouse] 0.1 

Perceptual-Motor 

Visual Search 
Point to the “Release” button P [Point] 1.1 

Perceptual-Motor Click on the “Release” button B [Mouse] 0.1 

System Response: Ordered released to be executed 

Subgoal D: Activate Appropriate Orders 

Action: Select Orders to Activate 

Cognitive Process Description Operation 
Time 

(Sec) 

Visual Search 

Working Memory 
Locate the orders order section to activate M [Locate] 1.2 

Perceptual-Motor Point to order section to activate P [Point] 1.1 
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Visual Search 

Perceptual-Motor Click on order section to activate B [Mouse] 0.1 

Visual Search 

Working Memory 
Locate “Activate” button M [Locate] 1.2 

Perceptual-Motor 

Visual Search 
Point to “Activate” button P [Point] 1.1 

Perceptual-Motor Click on “Activate” button B [Mouse] 0.1 

System Response: Activated list of orders for review 

 

For SurgiNet, in goal 2, activating appropriate orders, there are a total of 5 different subgoals used as milestones. 

Subgoals A-D requires that the user perform one action while subgoal E requires two separate actions by the user to 

complete. Each of the steps associated with a subgoal involves a series of cognitive processes, however, there is no 

uniformity between these processes. Subgoal D and E are the most complex with 6 steps involved in each of the 

actions for both subgoals. Although Subgoal D requires one action, subgoal E required 2 separate actions. There was 

considerable visual search, dependence on working memory, and extra perceptual-motor activity associated with these 

steps.  Once this was completed, the remaining steps were consistent across all sites where orders were identified for 

signature. For Epic, in goal 2, activating appropriate orders, there are a total of four subgoals used as milestones for 

task completion. Subgoal D is the most complex with 1 action, however, there are multiple steps involved in this 

action, 6 in total, and several cognitive processes. The most prominent are visual search and perceptual-motor activity.  
 

Table 2: Combination of KLM and Cognitive Walkthrough for the Patient Order Management Task for Epic 

Goal 2: Activate Appropriate Orders  

Subgoal A: Locate Appropriate Section of Orders 

Action: Search Header options for the “SURG General PreOp AZ” Section 

Cognitive Process Description Operation Time (Sec) 

Working Memory Decide what order section is appropriate M [Locate] 1.2 

Visual Search 

Working Memory 

Locate the "SURG General PreOp AZ" 

section 
M [Locate] 1.2 

Subgoal B: Select “SURG General PreOp AZ” Section 

Action: Click on “SURG General PreOp AZ” Header 

Cognitive Process Description Operation Time (Sec) 

Perceptual-Motor 

Visual Search 
Point to "SURG General PreOp AZ" section P [Point] 1.1 

Perceptual-Motor 
Click on "SURG General PreOp AZ" 

section 
B [Mouse] 0.1 

System Response: Show all Orders in section 

Subgoal C: Determine Appropriate Orders for Patient 

     Action: Search Order Set for Relevant Orders 

Cognitive Process Description Operation Time (Sec) 

Working Memory 
Decide what order appropriate to activate 

for patient  
M [Locate] 1.2 

Visual Search 

Working Memory 
Locate the orders to activate M [Locate] 1.2 

Subgoal D: Activate Appropriate Orders 

Action: Select Orders to Activate 

Cognitive Process Description Operation 
Time 

(Sec) 

Visual Search Locate the orders order section to activate M [Locate] 1.2 
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Working Memory 

Perceptual-Motor 

Visual Search 
Point to order section to activate P [Point] 1.1 

Perceptual-Motor Click on order section to activate B [Mouse] 0.1 

Visual Search 

Working Memory 
Locate the “Activate” button M [Locate] 1.2 

Perceptual-Motor 

Visual Search 
Point to “Activate” button P [Point] 1.1 

Perceptual-Motor Click on “Activate” button B [Mouse] 0.1 
 

Navigations Paths 
 

Figure 3 shows a sunburst diagram of the different interface design functions hierarchy SurgiNet (blue) and Epic 

(green) require. Each section where the layout expands shows where the user would navigate to get to the POM 

interface. When interacting with the system, there are several interactive behaviors and cognitive processes involved 

in task completion. When completing the individual steps and procedures, there are different interface functions within 

the EHR that users interact with and navigate through to complete the task. Users go through a hierarchy of functions 

to get to their desired interface, with different systems having different navigational hierarchies. Bother Cerner 

SurgiNet and Epic have three levels of navigation to get to the desired interface. However, the SurgiNet system 

requires users to navigate through a higher number of unused functions, with SurgiNet displaying 12 different 

functions while Epic displays 7 functions overall. This shows that although the number of steps to navigate through 

the interface is similar, the cognitive effort to navigate through these interfaces is different.  

 

 
 
 

Figure 3: Sunburst diagram for Cerner SurgiNet (blue) and Epic (green) 
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Interactive Behavior 

 

Tables 3 and 4 represent the different interactive behavior measures (mouse clicks, screen changes) that are required 

by a user when completing the POM task in the pre-implementation system across various clinical sites, all using the 

same system. These measures show average values across users. These measurements provide some insight into the 

effort required by users to complete a task as well as task performance to quantify better the burden of navigational 

complexity placed on clinicians. The functionalities and navigation were nearly identical, with only the presentation 

of data varying. KLM showed that Arizona required 20.1 seconds, Florida required 23.57, and Eau Claire required 

15.61 seconds, respectively. 

In contrast, KLM ranged from 20.1 seconds for Arizona, 16.8 seconds for both Florida and Eau Claire. As 

mentioned above, Arizona required additional steps in the second action of subgoals E, yielding a higher KLM value 

than elsewhere. This resulted in a higher amount of mouse clicks, 61.4, while Florida and Eau Claire required 12.67 

and 7.0 to complete POM. Arizona and Eau Claire observed versus KLM times mostly aligned, while there was a 

significant difference in Florida observed versus KLM times. In Florida, nearly one-fifth of the observed time was 

spent waiting for the system to load and populate the screen with patient information, accounting for the difference 

between the observed and KLM. Table 4 shows mean values for time, mouse clicks, screen changes, and the  

noted times for Epic in comparison.  
 

Table 3: Patient Order Management summary of Interactive Behavior measures, the KLM predicted task duration 

and the actual task duration for Cerner SurgiNet 

Location (Task completed/ 

All cases) 

Mean (SD) of 

Time (sec) 

Mean (SD) of 

Mouse Clicks 

Mean (SD) of 

Screen Changes 

KLM 

Arizona (6/8) 198 (138) 61.4 (47.72) 18.6 (11.9) 20.4 

Florida (4/7) 98 (59) 12.67 (13.67) 9.00 (8.49) 16.8 

Eau Claire (3/3) 36 (29) 7.0 (5.1) 4.5 (3.0) 16.8 

 

Table 4: Patient Order Management summary of Interactive Behavior measures, the KLM predicted task duration 

and the actual task duration for Epic 

Location (Task completed/ 

All cases) 

Mean (SD) of 

Time (sec) 

Mean (SD) of 

Mouse Clicks 

Mean (SD) of 

Screen Changes 

KLM  

Arizona (6/8) 46.25 (49.72) 6.75 (3.63) 3.5 (1.65) 9.6 

Florida (4/7) 35.8 (14.4) 9.33 (3.2( 5.3 (2.0) 9.6 

Eau Claire (3/3) 28.02 (5.24) 6.2 (2.6) 2.2 (1.37) 9.6 

 

Discussion 
 

The study documented changes to EHR-mediated workflow post-conversion as reflected in measures of interactive 

behavior. EHR conversion to different systems is increasing, which has a discernible impact on workflow and 

mission-critical tasks such as POM. Currently, there are substantial challenges to comparing EHRs (2) and few 

frameworks to inform the usability comparison(14), resulting in a lack of information to guide new EHR selection 

decision-making (2). This paper aimed to contrast the EHR-mediated workflow and how to interface design, 

including the distribution of functional elements, can affect navigational complexity and task efficiency. The process 

of POM across two charting systems from Mayo Clinic hospitals were compared through the application of the 

navigational complexity framework. We observed differences in modes of interaction as mediated by differences in 

interface design.Epic utilized an overall more streamlined interface, consisting of a more focused and task-centered 

approach with fewer functional options available that were not directly associated with the POM task.  

 

We observed a shorter mean duration, fewer mouse clicks, and screen changes per order during the POM task post-

implementation. When compared to the pre-implementation system, ease of access to the POM interface and the 
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modes of interactions were generally more straightforward and required fewer perceptual-motor actions. Also, the 

fewer screen changes lessened the burden on working memory for users, thus reducing the overall cognitive load. 

This was also evidenced in the functional analysis and the sunburst representation, indicating a higher ratio of task-

centered functions. The cognitive walkthrough revealed that fewer subgoals were necessary to achieve the goals of 

activating order sets in Epic relative to SurgiNet. The KLM analyses also predicted a substantial difference of 

almost 15 seconds to navigate and enable a single order. The convergence of different data analyses incorporating 

expert and user data suggests that these differences may be robust, even given the small sample size. 

 

Differences in navigation and interface design contribute to poor task efficiency. Providers often perceive EHRs as 

challenging to use, and usability analysts have cited issues with difficult-to-read interfaces, confusing displays, and 

iconography that lacks consistency and intuitive meaning(1). These usability issues can often lead to increased 

cognitive load. These challenges may surface when transitioning from one system or interface to another, causing 

disruptions to workflow and efficiency (15). By applying the navigational complexity framework, we can better 

understand how different EHR interfaces differentially mediate task performance and document changes after 

system implementation. This also allows for a deeper understanding of task complexities at a more granular level. 

 

There are several limitations to this work. The study employed a small sample size, and many uncontrollable factors 

can have an impact on EHR-mediated workflow. However, by applying the navigational complexity framework 

leveraging both analytic methods and user analysis, we can validate and even anticipate some of the findings. EHR 

navigation for a given task is a relatively finite space, and there are a small number of routes to task completion. The 

modeled pathways represent the most commonly observed rather than a complete set of possible trajectories. Also, 

we cannot conclude that one EHR is superior to another for the task of patient order management. There may be 

advantages to have a more extensive array of functions available at a given time. However, we believe that a more 

streamlined approach reduces navigational complexity and can alleviate some of the documentation burden issues 

and enhanced user experience. 
 

Conclusions 
 

The use of a navigational complexity framework helped identify interface design differences and how they can 

contribute to cognitive load and documentation burden. Expert-based and user-based analyses were applied to the 

POM task to understand better usability barriers at a more granular level and their effect on task performance and 

efficiency. The analyses completed in this paper identified interface design elements that differentially mediate task 

performance. By establishing system comparison tools to identify potential usability barriers in a system, issues can 

be identified to enhance the user experience, leading to a higher quality of care in workflow while informing 

optimization efforts.   
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Abstract 

Anginal symptoms can connote increased cardiac risk and a need for change in cardiovascular management. In this                 
study, a pre-trained transformer architecture was used to automatically detect and characterize anginal symptoms              
from within the history of present illness sections of 459 primary care physician notes. Consecutive patients referred                 
for cardiac testing were included. Notes were annotated for positive and negative mentions of chest pain and                 
shortness of breath characterization. The results demonstrate high sensitivity and specificity for the detection of               
chest pain or discomfort, substernal chest pain, shortness of breath, and dyspnea on exertion. Model performance                
extracting factors related to provocation and palliation of chest pain were limited by small sample size. Overall, this                  
study shows that pre-trained transformer architectures have promise in automating the extraction of anginal              
symptoms from clinical texts. 
 
Introduction 

Angina pectoris is a constellation of symptoms that portends inadequate oxygenation of cardiac muscle due to either                 
a decrease in coronary blood supply, an increase in myocardial oxygen demand, or a combination of both.1 These                  
symptoms are classically described as substernal chest pain that worsens with exertion and improves with rest or                 
administration of nitroglycerin.2 Concomitant shortness of breath is also frequently reported. The presence of              
anginal symptoms has been demonstrated to substantially increase the likelihood of underlying atherosclerotic             
cardiovascular disease and is a key input variable along with traditional cardiovascular risk factors in estimating                
patients’ pretest probability of coronary artery disease (CAD). This pretest probability in turn informs the               
appropriateness of providers’ referral of patients for cardiac testing to identify obstructive CAD.3 The CAD               
Consortium Score is a commonly used tool to estimate pretest probability of CAD.4 In this score, the presence of                   
typical versus atypical anginal symptoms connotes a more than three-fold increase in pre-test probability of CAD. 

While traditional cardiovascular risk factors (e.g., age, sex, race, hypertension, hyperlipidemia, diabetes, and             
smoking status) are generally available within the electronic health record (EHR) as structured data, angina               
symptoms are typically recorded as unstructured natural language free-text descriptions within physician notes.5 A              
prior study found that chest pain history is recorded as structured ICD codes in the EHR only half of the time.6 This                      
prevents symptoms from being incorporated into automated clinical decision support systems, limits the evaluation              
of guideline adherence, and makes it difficult to do large scale research about the prognostic ability of symptoms                  
outside of clinical trials4 and natural language processing (NLP) challenges.7 

Prior work to extract both anginal and other symptoms from clinician-written natural language has largely utilized                
complex annotation procedures and specialized software requiring both clinical and linguistic expertise.6,8–11 In             
addition, portability assessments outside of the environment in which these methods have been developed show               
performance reduction.12 Challenges include the generalized detection of negation13, interpretation of time            
expression14, and retraining to account for institution specific differences.15 However, clinical note content             
documenting similar events exhibit important similarities that should enable the implementation of NLP tasks across               
institutions.12 The combination of significant upfront work to develop NLP tools and the likelihood that they will                 
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require testing and retraining to be applied to new environments has made them impractical to implement.16                
Therefore, it is necessary to explore methods that minimize the need for manual feature labeling by both clinical and                   
linguistic experts. 

Pre-trained transformer encoder architectures are large language models that address several of these shortcomings              
and have been shown to produce state-of-the-art results on NLP tasks.17 Trained to perform language modeling (e.g.,                 
next word prediction) on large corpora of text, they extract contextual representations of words by considering all                 
words in the input sequence at once and selectively focusing on specific parts of their context, based on several                   
aspects such as syntactic structure and semantic similarity. Transformer encoders, which typically comprise             
hundreds of millions of parameters or more, can thus extract rich, general linguistic information from text and then                  
be fine-tuned to specific tasks including sequence classification, requiring several orders of magnitude fewer data               
than would otherwise be needed to train a model from scratch. This study aimed to apply a pre-trained transformer                   
model for the task of angina symptom detection in clinical notes that were written by primary care physicians                  
referring patients for cardiac stress testing.18 The specific publicly available pre-trained neural-network was built on               
the Bidirectional Encoder Representation from Transformers (BERT) language model. It was first pre-trained for              
language modeling on a large-scale biomedical corpus and then on publicly available medical notes.19,20 This study                
tested the hypothesis that such a language model can be fine-tuned on a very small number of annotated physician                   
notes for the purpose of extracting clinically relevant symptom information associated with angina pectoris. 
 
Methods 

Patient Population 
Consecutive patients (n=459) without known CAD referred for cardiac testing by primary care physicians were               
included in the study cohort. This population was expected to be enriched for cardiovascular symptoms including                
angina and anginal equivalents (e.g., dyspnea on exertion) as they are a common impetus for cardiac stress test                  
referral. Baseline cardiac risk factors were collected including demographics (e.g., age, sex, and race), comorbidities               
(e.g., diabetes), blood pressure (e.g., systolic and diastolic), medications (e.g., statins, aspirin, and             
anti-hypertension), and serum cholesterol (e.g., total and high-density lipoprotein). Patients with a known history of               
prior percutaneous coronary intervention or coronary artery bypass graft surgery were excluded. This study was               
approved by the Providence VA Medical Center Institutional Review Board. 
 
Angina Definitions 
Typical angina is pain or discomfort that is: (1) substernal (i.e., center of the chest), (2) provoked by exertion or                    
emotional stress, and (3) relieved by rest or nitroglycerin. The presence of two out of three of these symptoms                   
constitutes atypical angina and pain is considered nonanginal when it only meets a single criterion.21 The category of                  
nonanginal pain for the purpose of risk estimation has been broadened clinically to include other non-specific                
symptoms of potential cardiac origin including vague chest discomfort, shortness of breath, and dyspnea on               
exertion.3  
 
Manual Note Annotation 
Medical notes are routinely organized into sections that indicate expected content. Clinical symptoms can most               
frequently be found in the history of present illness (HPI), review of systems (ROS), or assessment/plan (A/P). This                  
study focused on the HPI section, which represents the interval medical history as expressed by the patient and                  
distilled by the note writer. For each patient in the study cohort, the primary care note most proximal to the cardiac                     
stress test order date was identified using the VA’s Computerized Patient Record System and the relevant sections                 
were extracted. HPI sections were selected as one single continuous portion of text from within the note, the                  
beginning of which was usually indicated by a section header (e.g., "HPI" or "Subjective") and the end of which was                    
indicated by the start of another note section (e.g., "Medications" or "Objective").  
 
Study data were collected and managed using REDCap electronic data capture tools.22,23 HPIs were stored in free                 
text fields and reviewed from within REDCap. Each HPI was annotated using symptom fields regarding positive,                
negative, or absent mention of: (1) chest pain or discomfort, (2) substernal chest pain, (3) chest pain provoked by                   
exertion or emotional stress, (4) chest pain relieved by rest or nitroglycerin, (5) shortness of breath, and (6) dyspnea                   
on exertion (Table 1). The definition of ‘substernal’ was broadened from the original Diamond and Forrester                
description21 to include imprecise anatomical descriptions that are colloquially meant as substernal or for all               
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practical purposes are more likely than not a description of substernal pain or discomfort. This includes left-sided,                 
left anterior, and descriptions of heaviness, tightness, heartburn, and precordial pain. Definitions of exertion              
included almost any association of the pain with a description of the activity. Two examples that were deemed not                   
enough activity to warrant exertion were "with standing" and "while washing the dishes." The emotional stress                
criteria were considered met with the direct connection made between anxiety or an emotionally stressful event to                 
the onset of chest pain at the same time. A patient who generally reported being anxious or under a lot of stress (e.g.,                       
family, job, or homelessness) but did not make the explicit link to chest pain symptoms was not annotated as having                    
emotional stress-induced chest pain. 
 
Table 1. Annotation Guidelines 
 

Symptom Positive Examples Negative Examples Ambiguous Cases 

Chest Pain or 
Discomfort 

Chest: pain, pressure, tightness, 
ache, discomfort, heaviness, 

sitting on, burning, something 
"not quite right" 

 
Described as: sharp, dull, 

severe, mild, stabbing 
 

Acronyms: cp, sscp 

any negation of a positive 

"The patient has had two 
episodes of chest pain in the past 
month. Patient denies chest pain 

today." → positive 

Substernal CP 

CP location: substernal, sternal, 
central, center, middle, left, 

anterior, precordial, epigastric, 
across 

 
CP quality that implies location: 
pressure, tightness, heaviness, 
sitting on, radiates to the left 

arm/shoulder 
 

Acronyms: sscp, ssc, ss, l, l ant 

right anterior, right, another 
body part only (shoulder, neck, 

arm, jaw, leg) 
 

CP Provoked by 
Exertion or 
Emotional Stress 

Provocation: exertion, stress, 
walking, running, stairs, 

shoveling, mowing lawn, not 
specifically deemed "negative" 

(w/out, w. out, without) 
"positive" 

OR 
(at/while) rest, laying down, 
night, sitting, standing up, 

washing dishes 

"with rest and exertion"  
→ positive 

CP Relieved by Rest 
or Nitroglycerin 

Palliation: rest, stopping, sitting, 
laying down, taking a few 

breaths 

"positive" with time modifier 
that is excessively long (e.g. > 

1hr) 

"relieved by rest or continuing 
to walk" → positive 

Shortness of Breath 

Synonyms: shortness of breath, 
sob, dyspnea, any mention of 

breathing difficulty 
 

Acronym: sob 

any negation of a positive  

Dyspnea on Exertion 
Defined with respect to dyspnea as exertional chest pain is defined with respect to chest pain. 

 
Acronym: doe 

CP – Chest Pain 
 
It was not uncommon for there to be internal inconsistencies within a single note for these categories. For example,                   
the HPI may state that a patient experienced exertional chest pain symptoms recently but then go on to state that the                     
patient had no chest pain at the time of the visit. Similarly, patients sometimes report that pain occurs both at rest                     
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and with exertion. Cases with both a positive and negative mention of a label were considered positive mentions                  
unless the positive case was stated to have been resolved for a clearly explained reason. It took an average of two                     
minutes to annotate each HPI for these symptoms. All annotations were performed by [ASE] and then reviewed by                  
[NRS]. Disagreements were adjudicated between the two annotators with the help of [INS]. The final reference                
standard was the result of consensus between the three coders. 
 
Transfer Learning with Clinical BERT 
BioBERT is a language representation model trained on both general (Wikipedia and BooksCorpus) and              
domain-specific (PubMed Abstracts and PMC Full-text articles) text.24 The model has been fine-tuned on a language                
modeling task using discharge summaries from the Beth Israel Deaconess Medical Center Medical Information Mart               
for Intensive Care III database (MIMIC III). Bio+Discharge Summary BERT is publicly available within the Python                
HuggingFace transformers library as part of the BertForSequencClassification transformer class.19,25 Bio+Discharge           
Summary BERT was chosen as a domain-appropriate language model for the downstream task of detecting anginal                
symptoms, which was cast as a classification task. 
 
HPI text from each primary care note was embedded using Bio+Discharge Summary BERT. Each embedding was                
prepended with a [CLS] and padded with [PAD] tokens until reaching 512 total tokens, the maximum allowed by                  
BERT models. Attention masks were constructed to enable batch processing of sequences by identifying which               
tokens should be attended to and which should be ignored as padding. Separate models were constructed to identify                  
each of the six symptoms. Models were configured to identify three classes including positive, negative, and absent                 
mentions of the symptom. The training was performed over 2, 4, 8, 16, 32, 64, and 128 epochs with a batch size of                       
8. The batch size was selected as the maximum number of 512 token embeddings that can be processed on one 12                     
GB GPU at a time. Data was split into training, validation, and testing sets (80/10/10) and then cross-validated                  
ten-fold such that all data was represented in a collective validation and a testing set exactly once each. Matthews                   
correlation coefficient (MCC) was calculated on pooled validation sets and plotted versus the number of training                
epochs for each symptom. The number of training epochs corresponding to the maximum of each of these curves                  
was selected as the number of epochs to be used for reporting aggregate performance on the test set. 
 
Evaluation 
For each model, we report aggregate performance on the test set, after previously optimizing the number of training                  
epochs based on aggregate performance on the validation set. 

In order to assess the performance of detecting the positive presence of symptoms within the notes, the confusion                  
matrices for each symptom were reduced to two-by-two such that the absent and negative classes were collapsed                 
into a single class. Precision, recall, F1-score, specificity, and Matthews Correlation Coefficient (MCC) were              
calculated. MCC was chosen in addition to the other information retrieval evaluation metrics that are not informed                 
by true negative cases.26 This was accomplished by balancing the ratios of the four quadrants of the binary confusion                   
matrix (i.e., true positives, false positives, true negatives, and false negatives). 

Computational Resources 
This research was conducted using computational resources and services at the Center for Computation and               
Visualization at Brown University. 12GB NVIDIA GeForce Titan V and Tesla P100 GPUs were used for                
computation. Each epoch had a runtime of approximately 17-26 seconds (Titan vs P100 respectively) for a total of                  
between 2.5 minutes to 18 minutes to fine-tune one model on the Titan V (8 and 64 epochs respectively). 
 
Results 

Patient Characteristics 
After annotation of HPIs extracted from 459 consecutive patients without known CAD referred for cardiac testing                
by primary care physicians, 243 patients were noted to be experiencing chest pain and 205 were noted to be                   
experiencing shortness of breath (SOB). Baseline clinical characteristics are reported by chest pain class (Table 2).  
 
The median age of all patients was 66 years [57-71]. Patients were predominantly male (92%) and self-identified as                  
white race (88%). Thirty percent had a history of diabetes. About half of the patients were on statin (58%), aspirin                    
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(44%), or antihypertensive (58%) therapies. Ten-year pooled cohort equation risk of developing atherosclerotic             
cardiovascular disease based on traditional risk factors was 18.1% (9.9-27.8).5 
 
Table 2. Patient Characteristics 
 

Characteristic All 
(N = 459) 

Typical  
Chest Pain 

(N = 24) 

Atypical  
Chest Pain 

(N = 73] 

Non-Specific 
Symptoms 
(N = 255) 

Asymptomatic 
(N = 107) 

Age (years) 66 [57-71] 66.5 [57.5-71] 62 [54-71] 66 [59-70] 65 [58-71] 

Sex (male) 423 (92%) 24 (100%) 65 (89%) 231 (91%) 103 (96%) 

Race (white) 406 (88%) 22 (92%) 64 (88%) 230 (90%) 90 (84%) 

Diabetes 137 (30%) 9 (38%) 16 (22%) 78 (31%) 34 (32%) 

Smoker (current) 94 (20%) 3 (13%) 15 (21%) 51 (20%) 25 (23%) 

SBP (mmHg) 132 [124-141] 130 [121.8-141] 129 [121-140] 132 [124-141] 132 [124-142] 

DBP (mmHg) 78 [73-82] 76 [74-82.3] 76 [70-83] 78 [73-82] 78 [74-82] 

Cholesterol  

    Total (mg/dL) 179 [153-213] 191 [159-216.5] 179 [153-227] 181 [153-212] 177 [147.5-206.5] 

    HDL (mg/DL) 44 [37-54] 44 [39.5-47.5] 46 [37-53] 45 [37-54] 43 [38-50.5] 

Chest Pain 243 (53%) 24 (100%) 73 (100%) 146 (57%) – 

    Substernal 179 (39%) 24 (100%) 65 (89%) 90 (35%) – 

    Exertional 108 (24%) 24 (100%) 65 (89%) 7 (19%) – 

    Improves with Rest 42 (9%) 24 (100%) 16 (22%) 2 (1%) – 

Shortness of Breath 205 (45%) 16 (67%) 35 (48%) 154 (60%) – 

    Exertional 155 (34%) 16 (67%) 29 (40%) 110 (43%) – 

Pharmacotherapy  

    Statin Therapy 265 (58%) 12 (50%) 43 (59%) 149 (58%) 61 (57%) 

        High intensity 121 (26%) 7 (29%) 21 (29%) 67 (26%) 26 (24%) 

        Moderate intensity 134 (29%) 5 (21%) 20 (27%) 77 (30%) 32 (30%) 

        Low intensity 10 (2%) – 2 (3%) 5 (2%) 3 (3%) 

    Aspirin 201 (44%) 11 (46%) 28 (38%) 112 (44%) 50 (47%) 

    Anti-HTN 264 (58%) 13 (54%) 33 (45%) 146 (57%) 72 (67%) 

Cardiovascular Risk  

    10-Year ASCVD Risk5 18.1% [9.9-27.8] 20.9% [9.1-27.9] 14.3 [7.5-22.8] 18.4 [10.7-28.0] 20.5% [9.9-28.6] 

    CAD Consortium  
    Score Risk Category4      

        High – – – – – 

        Moderate 389 (85%) 22 (92%) 58 (79%) 214 (84%) 95 (89%) 

        Low 70 (15%) 2 (8%) 15 (21%) 41 (16%) 12 (11%) 
SBP – systolic blood pressure, DBP – diastolic blood pressure, HDL – high density lipoprotein, HTN – hypertension,  
ASCVD – atherosclerotic cardiovascular disease, CAD - coronary artery disease 
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Note Annotations 
Notes were annotated for chest pain and shortness of breath symptoms. The majority of HPIs contained information                 
about chest pain (77%) and shortness of breath (64%). Of the notes that contained positive mentions of chest pain,                   
three quarters mentioned pain location while a minority described pain provocation (34%) or palliation (12%).               
Positive or negative mentions of shortness of breath were in 64% of HPIs, more than half of which specifically                   
mentioned the presence or absence of exertional symptoms. Overall, there were three times as many positive as                 
negative symptom mentions. 
 
Despite the classification of distinct presence and absence of symptoms, clinical documentation of anginal              
symptoms often described complex narratives that required interpretation in order to be correctly classified. One               
example of this was a patient whose chest heaviness and shortness of breath had been linked to the non-cardiac                   
source of mold exposure and since moving apartments the patient reports the chest heaviness as being fully resolved                  
and shortness of breath improving. In this case, the note would be correctly classified as negative for substernal                  
chest pain and positive for shortness of breath. However, a prior note (not part of this study) that hypothesized mold                    
as a potential cause of the patient's symptoms would be considered positive for both. The final model classified the                   
patients as being positive for both symptoms (correct for shortness of breath and incorrect for substernal chest pain). 
 
Anginal Symptom Extraction 
Embedded HPI sections were truncated to BERT's 512 token limit. The majority of tokenized notes fit within the                  
limit resulting in only 3.3% (n = 16) being truncated. A Chi-Square test demonstrated that the frequency of positive                   
symptoms within the truncated samples were in line with the overall dataset (p = 0.95). 
 

 
Figure 1. Validation Set Epoch Number Selection 
Individual models for each symptom: (a) chest pain or discomfort, (b) substernal chest pain, (c) chest pain provoked                  
by exertion or emotional stress, (d) chest pain relieved by rest or nitroglycerin, (e) shortness of breath, and (f)                   
dyspnea on exertion, were trained using a range of epochs. Model performance (Matthews correlation coefficient)               
was evaluated as a function of epochs. The best performing number of epochs for each symptom was selected as the                    
final model parameter for evaluation on held out testing data. 
 
BioBERT+Discharge Summary models were each fine-tuned to detect one of six different anginal symptoms using               
the labeled embedded HPI sections. The epoch number parameter was determined using an aggregated validation               
set. The graphs in Figure 1 were inspected visually to determine the best early stopping parameter for each                  
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symptom. Parameter selection was straightforward given the limited number of epochs tested and the absence of                
local maximums observed. The chosen epoch number parameter was then used to test combined held-out test data                 
from each of the ten cross-folds. 
 
The final raw model performance is presented in a three-by-three confusion matrix for each symptom (Table 3).                 
These include predicted annotation of absent, positive, and negative symptom mentions versus consensus manual              
annotation. For chest pain, the sequence classification model most common errors included negative identification              
of chest pain when it was absent (n = 14) and positive identification of chest pain when it was negative (n = 10).                       
Negative assertions of chest pain characterization variables were under classified by the models. False positives of                
dyspnea on exertion were the most common breathing related misclassification (n = 38). 
 
Table 3. Confusion Matrix of Symptoms within HPI 
 

 Adjudicated Manual Annotation 

 

 Absent + – Absent + – Absent + – 

 Chest Pain SS CP EX CP 

Absent 90 4 1 223 26 4 274 47 23 

+ 8 226 10 39 152 5 30 59 22 

– 14 9 97 0 0 0 0 2 2 

 RE CP SOB DOE 

Absent 389 29 12 136 7 2 245 14 6 

+ 8 12 2 18 186 11 38 137 6 

– 5 1 1 12 12 75 7 3 3 

 SS CP  – substernal chest pain,  EX CP  – exercise/stress-induced chest pain,  
 RE CP  – chest pain improves with rest or nitroglycerin,  SOB  – shortness of breath,  DOE  – dyspnea on exertion 
 
The confusion matrices were reduced to two-by-two tables where "Absent" and "–" assertions were collapsed into a                 
single category to evaluate the model's performance to detect the presence or absence of symptom documentation.                
Precision, recall, F1, specificity, and Matthews correlation coefficient were calculated for each symptom and are               
reported in Table 4. Chest pain was extracted better than any other symptom (F1 = 0.936, MCC = 0.865). Chest pain                     
subtype extraction performance ranged from good (substernal) to poor (improved with rest). Shortness of breath and                
dyspnea on exertion were extracted with good performance (F1 = 0.829, MCC = 0.695 and F1 = 0.818, MCC =                    
0.720 respectively). 
 
Table 4. Model Evaluation Statistics 
 

 Chest Pain SS CP EX CP RE CP SOB DOE 

Precision 0.926 0.776 0.532 0.545 0.865 0.757 

Recall/Sensitivity 0.946 0.854 0.546 0.286 0.907 0.890 

F1 0.936 0.812 0.539 0.375 0.886 0.818 

Specificity 0.918 0.843 0.852 0.976 0.886 0.856 

MCC 0.865 0.690 0.394 0.353 0.790 0.720 

Training Epochs 32 16 8 16 64 64 

 SS CP  – substernal chest pain,  EX CP  - exercise/stress-induced chest pain,  
 RE CP  – chest pain improves with rest/nitroglycerin,  SOB  – shortness of breath,  DOE  – dyspnea on exertion 
MCC – Matthews Correlation Coefficient 
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Discussion 

This study examined the potential to use a pre-trained transformer architecture to extract anginal symptom               
information from clinical notes.11 A publicly available BioBERT+Discharge language model was fine-tuned using             
HPI sections from 459 consecutive patients referred for cardiac testing. The models detected mentions of chest pain                 
with greater than 90 percent sensitivity and specificity. Chest pain location, shortness of breath, and dyspnea on                 
exertion were similarly extracted with high sensitivity and specificity. These represent excellent starting points for               
the characterization of anginal symptoms from clinical notes of patients referred for cardiac testing. 

Prior literature on the extraction of symptom information from clinical notes is sparse. A recent systematic review                 
identified 27 articles related to use of NLP for clinical symptom detection and noted that study reproducibility is                  
overall poor due to: (1) lack of detail about the patient population, (2) failure to report detailed performance, and (3)                    
poorly described NLP methodology.11 One study extracted chest pain and dyspnea symptoms with reported              
sensitivity on a small subset of their data similar to the performance reported here.9 However, no additional metrics                  
including false positive rates were provided for comparison and methods lack detail that would enable the system to                  
be reproduced or implemented. 

Performance of NLP systems to extract the provocation and palliation of chest pain have not been previously                 
reported. The presented results indicate that the granular characterization of chest pain symptoms can be ruled out                 
with high specificity. Reliable detection of these features requires additional consideration. The strength of the note                
for documentation is that it allows the clinician freedom to express complexity, ambiguity, and uncertainty of how                 
symptoms are experienced and remembered. This leads to significant variability in how patient symptoms are               
ultimately documented. For example, it is useful to document that a patient has both experienced chest pain in the                   
recent past and is pain-free at the time of the clinical encounter. However, these seemingly contradictory statements                 
may be a challenge for a general language model attempting to determine if a patient has experienced chest pain at                    
all. In addition, through the annotation process, it became clear that there is a wide range of ways that patients report                     
and clinicians document provocation and palliation of chest pain. 

Fractional withholding of training data for both chest pain and substernal models indicate that performance is                
strongly related to the number of positive examples. Training models for these two symptoms with a comparable                 
number of positive examples as the results reported for provocation and palliation of symptoms indicate similar                
performance. Small sample size for the provocation and palliation descriptions combined with narrative complexity              
is likely responsible for low sensitivity. Based on these findings, performance appears to plateau between 200 and                 
250 positive examples which may represent the necessary number to encompass the semantic variability of how                
chest pain is documented within the studied population. 

The six classification objectives (i.e., angina symptoms) are not independent. Therefore, instead of training separate               
models for predicting each independently, it is possible to train a model which jointly predicts all objectives. Not                  
only would deploying and maintaining a single model instead of six be more practical, but this approach, known as                   
multi-task learning, also offers theoretical benefits, such as regularization of model weights.27,28 The multi-task              
model shares the same architecture as the task-specific models, but with six distinct output layers instead of only                  
one. The loss to be minimized during training is a weighted average of the six component losses. The multi-task                   
model showed inferior predictive performance compared to the task-specific models. The potential reasons for these               
findings include: (a) the difficulty in stratifying the small training and test sets across 10 cross-validation folds in a                   
way that preserves class balances, and (b) the well-documented sensitivity of training to the weights of the                 
individual tasks.29 

Identifying clinically actionable anginal symptoms was the focus of this study. The developed models were designed                
to answer questions about patients that aid in the diagnosis21 and determine the pretest probability4 of coronary artery                  
disease. Automating the extraction of anginal symptom information as presented in this study is potentially               
deployable as clinical decision support systems and would enable health system wide identification of high risk                
patients and the coordination of diagnostic cardiac testing for symptomatic ones.3 In addition, automated symptom               
extraction is required for research on the relationship between anginal symptoms and downstream clinical testing               
(e.g., catheterization with and without percutaneous coronary intervention, coronary artery bypass graft surgery) and              
outcomes (e.g., myocardial infarction, cardiac death, and all-cause mortality). 
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Several limitations deserve mention that would need to be addressed for this work to be applied in a production                   
environment. The process of identifying appropriate clinical notes for symptom extraction was performed manually              
and relies on institution-dependent EHR knowledge including note types and physician relationship to the patient               
(e.g., primary care). In addition, relevant note section identification was also performed manually. This has been                
previously automated using institution specific template headers30 and the authors are currently working on a               
generalizable solution to this problem. Finally, the transferability of these models to other clinical contexts and                
healthcare systems needs to be evaluated. 
 
Conclusion 

This study presents a promising method for detecting anginal and anginal-equivalent symptoms from clinical texts               
using pre-trained transformer architectures. The findings demonstrate that a generalized language model can be              
fine-tuned on a limited set of annotated physician notes to enable the extraction of clinically actionable anginal                 
symptoms. The extracted symptoms align with data inputs for validated risk models and clinical guidelines and may                 
allow the development of automated decision support and quality assessment. Additional work is required to assess                
the additional fine-tuning required to apply these models in other clinical settings. 
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Abstract

Mediation models have been employed in the study of brain disorders to detect the underlying mechanisms between
genetic variants and diagnostic outcomes implicitly mediated by intermediate imaging biomarkers. However, the
statistical power is influenced by the modest effects of individual genetic variants on both diagnostic and imaging
phenotypes and the limited sample sizes of imaging genetic cohorts. In this study, we propose a polygenic mediation
analysis that comprises a polygenic risk score (PRS) to aggregate genetic effects of a set of candidate variants and
then explore the implicit effect of imaging phenotypes between the PRS and disease status. We applied our proposed
method to an amyloid imaging genetic study of Alzheimer’s disease (AD), identified multiple imaging mediators linking
PRS with AD, and further demonstrated the promise of the PRS on mediator detection over individual variants alone.

Introduction

Genome-wide association study (GWAS) of complex brain disorders have discovered a few genetic risk variants for
diseases. For example, various case-control GWAS have been performed in Alzheimer’s disease (AD) and identified
multiple AD susceptible loci1–3. However, given the increasingly divergent and complex path from genes to disease, it
is a challenge to directly link genetic risk variants with brain disorders4. Imaging genetics, a rapidly growing research
field, has been developed to investigate the genetic effects on brain structures and functions, which represent a more
proximate biological link to genes and serve as obligatory intermediate of cognitive and behavioral outcomes. For
example, the amyloid accumulation in brain measured by AV45-PET imaging, which is also referred as “A” in the
“A/T/N” classifcation scheme of AD5, is one of the most promising biomarkers for diagnosis and classification of
AD. Imaging genetics6 has identified a few individual risk loci for brain imaging quantitative traits (iQTs)2, while
the gap between iQT associated variants with brain disorders still needs to be bridged - that is, incorporating brain
imaging information into the genetic analysis of brain disorders can help provide new insights into the phenotypic
characteristics and the implicit molecular mechanisms of disordered cognitive and behavioral outcomes.

Recently, mediation analysis, a statistic model aiming to identify the underlying mechanism of an observed relation-
ship between an independent variable and a dependent variable through a third hypothetical variable (i.e., mediator
variable), has been employed in genetic analysis of brain disorders to detect mechanisms between genetic variants and
disordered outcomes implicitly mediated by brain imaging phenotypes. For example, Bi et al.7 performed a genome-
wide mediation analysis of cognitive traits using neuroimaging measures as intermediates, and successfully detected
several genetic variants for their implicit effects on cognitive behaviors mediated through regional brain structures.

Mediation analysis requires associations of the independent variable with the dependent variable and with the mediator
to be both significant. This makes applying it in brain disorder studies a challenge due to the modest effect of an
individual genetic variant on both diagnostic and imaging phenotypes8, as well as the limited size of the study sample
with all genetic, imaging and diagnostic data available. Moreover, complex diseases are typically influenced by a
collective effect from multiple variants, instead of by a single variant alone. Hence, multivariate association approaches
involving multiple single nucleotide polymorphisms (SNPs) have been developed to consider the joint effect of a set
of SNPs, to increase the statistical power and biological interpretation.

1These authors contributed equally to this work.
2Correspondence: Li.Shen@pennmedicine.upenn.edu
3Data used in preparation of this article were obtained from the Alzheimer’s disease neuroimaging initiative (ADNI) database (adni.loni.usc.edu).

As such, the investigators within the ADNI contributed to the design and implementation of ADNI and/or provided data but did not participate in
data analysis or writing of this report. A complete listing of ADNI investigators can be found at: https://adni.loni.usc.edu/wp-
content/uploads/how_to_apply/ADNI_Acknowledgement_List.pdf
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Table 1: Participant characteristics in AV45-PET mediation analysis.

Diagnosis HC EMCI LMCI AD p-value
Number 204 246 169 140 -
Gender(M/F) 100/104 128/118 90/79 76/64 7.72E-01
Age(mean±std) 75.70±6.46 71.33±7.32 73.78±8.72 75.10±8.01 4.20E-09
Education(mean±std) 16.32±2.72 16.04±2.63 16.18±2.87 15.64±2.69 1.39E-01
APOE ε4 present 27.59% 42.04% 49.11% 67.14% 8.13E-12

P-values were assessed to examine whether the differences among diagnosis groups are significant, and
were computed using one-way ANOVA (except for gender using χ2 test). The p values< 0.05 are shown
in bold. HC = Healthy Control; EMCI = Early Mild Cognitive Complaint; LMCI = Late Mild Cognitive
Complaint; AD = Alzheimer’s Disease

Polygenic risk score (PRS)9 is one of the popularly used multivariate association approaches, and has been widely
applied to many complex diseases, for example, Alzheimer’s disease (AD)10, to understand the underlying genetic
architecture. PRS aggregates the genetic effects of a set of trait-related SNPs which may not be individually significant
while may cumulatively contribute to the phenotypic variance. The PRS is typically calculated using the effect sizes
of SNPs from a large genetic association analysis of diagnostic traits to improve the power of detecting genetic factors.
For example, PRS studies of AD have been conducted by including significant SNPs from large AD meta-analysis,
and have successfully demonstrated the contribution of their collective effect on AD and its biomarkers10.

In this study, we propose to explore the intermediate role of imaging QTs in the study of AD. Given the modest
size of available samples having both imaging and genetic data, we perform a polygenic mediation analysis of AD
to detect brain imaging mediators which intermediately link the pathological path from gene to disease. Specifically,
we construct a PRS using a set of candidate disease SNPs with corresponding genetic effects obtained from a large
meta-analysis of AD, and apply the mediation model to detect the indirect effect of the PRS on disease via imaging
phenotypes. To show the effectiveness of our implemented polygenic mediation analysis, we compare the performance
of PRS with the well-known AD SNPs in the APOE gene on imaging mediator identification, as well as on the detection
of imaging mediators for their abilities of early stage prediction.

Materials and Methods

To demonstrate the power of polygenic mediation analysis for identifying imaging modulators, we apply it to the
amyloid imaging genetic analysis in the study of AD. “Amyloid cascade hypothesis” has been considered the leading
pathogenesis of AD for decades where brain amyloid deposition is thought to happen over years before the early
symptom of AD11, 12, and can be measured by brain imaging methods.

This study was approved by institutional review boards of all participating institutions and written informed consent
was obtained from all participants or authorized representatives.

Alzheimer’s Disease Neuroimaging Initiative

Data used in the preparation of this article were obtained from the Alzheimer’s Disease Neuroimaging Initiative
(ADNI) database (adni.loni.usc.edu)13. The ADNI was launched in 2003 as a public-private partnership, led by Prin-
cipal Investigator Michael W. Weiner, MD. The primary goal of ADNI has been to test whether serial magnetic
resonance imaging (MRI), positron emission tomography (PET), other biological markers, and clinical and neuropsy-
chological assessment can be combined to measure the progression of mild cognitive impairment (MCI) and early AD.
For up-to-date information, see www.adni-info.org.

AV45-PET data acquisition and processing

Preprocessed [18F]Florbetapir (or 18F-AV-45) PET scans (i.e., amyloid imaging data) were downloaded from the
ADNI website (adni.loni.usc.edu), then aligned to the corresponding MRI scans and normalized to the MNI
space as 2 × 2 × 2 mm voxels. Amyloid measures from 116 regions of interest (ROIs) were further extracted based
on the MarsBaR AAL atlas14. We excluded the cerebellar ROIs due to their lack of flubetapir tracer activity and
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Table 2: Details of AD candidate SNPs used to construct two polygenic risk scores PRS+ and PRS-: (1) PRS+ was
computed from all 23 SNPs, and (2) PRS- was computed from 22 SNPs without the APOE SNP rs41289512.

Closest gene CHR SNP BP A1 A2 Meta-GWAS beta Meta-GWAS p
ADAMTS4 1 rs4575098 161155392 A G 0.016 2.05E-10
CR1 1 rs2093760 207786828 A G 0.024 1.10E-18
BIN1 2 rs4663105 127891427 C A 0.030 3.38E-44
INPPD5 2 rs10933431 233981912 G C -0.015 8.92E-10
CLNK 4 rs6448453 11026028 A G 0.014 1.93E-09
HS3ST1 4 rs7657553 11723235 A G 0.005 5.09E-02
CD2AP 6 rs9381563 47432637 C T 0.014 2.52E-10
ZCWPW1 7 rs1859788 99971834 A G -0.018 2.22E-15
EPHA1 7 rs7810606 143108158 T C -0.014 3.59E-11
CLU/PTK2B 8 rs4236673 27464929 A G -0.020 2.61E-19
ECHDC3 10 rs11257238 11717397 C T 0.013 1.26E-08
MS4A6A 11 rs2081545 59958380 A C -0.017 1.55E-15
PICALM 11 rs867611 85776544 G A -0.020 2.19E-18
SLC24A4 14 rs12590654 92938855 A G -0.014 1.65E-10
ADAM10 15 rs442495 59022615 C T -0.013 1.31E-09
KAT8 16 rs59735493 31133100 A G -0.013 3.98E-08
SCIMP 17 rs113260531 5138980 A G 0.019 9.16E-10
ABI3 17 rs28394864 47450775 A G 0.012 1.87E-08
BZRAP1-AS1 17 rs2632516 56409089 C G -0.010 9.66E-07
ABCA7 19 rs111278892 1039323 G C 0.019 7.93E-11
APOE 19 rs41289512 45351516 G C 0.200 5.79E-276
CD33 19 rs3865444 51727962 A C -0.013 6.34E-09
CASS4 20 rs6014724 54998544 G A -0.022 6.56E-10

finally included 90 amyloid imaging measures in our analysis. 759 non-Hispanic Caucasian participants (Table 1)
with complete baseline ROI-level AV45 measurements were studied.

Genotyping data

Genotyping data were also obtained from ADNI, and were quality controlled (QCed) as described previously15.
Briefly, genotyping was performed on all ADNI participants following manufacturer’s protocol using blood genomic
DNA samples and Illumina GWAS arrays (610-Quad; OmniExpress, or HumanOmni2.5-4v1)16. QC was performed
in PLINK v1.9017 using the following criteria: 1) call rate per marker ≥ 95%, 2) minor allele frequency ≥ 5%, 3)
Hardy Weinberg Equilibrium test p ≥ 1.0E-6, and 4) call rate per participant ≥ 95%. Significant relatedness pairs
with PI HAT > 0.45 were identified and thereafter one individual from each pair was randomly excluded. Haplotype
patterns from the 1,000 Genomes Project reference panel were then applied to impute the SNPs that were not directly
genotyped from arrays. In total, 5,574,300 SNPs were obtained for 759 participants involved in this work.

Polygenic risk scores

A polygenic risk score (PRS) is typically calculated based on a set of trait-related SNPs as the sum of their genotype
values (i.e., numbers of minor alleles) weighted by their corresponding effect sizes on the diagnostic trait. In this
work, we propose to comprise PRSs using AD candidate SNPs. A most recent large scale meta analytical GWAS
(meta-GWAS) of clinically diagnosed AD and AD-by-proxy with totally 455, 258 samples (Phase 3, 71, 880 cases and
383, 378 controls)3 was conducted and identified a list of 32 AD SNPs in addition to APOE rs429358, which is the best
known AD genetic risk factor. Among these 32 SNPs, there were 23 available in our genotyping data. These 23 AD
candidate SNPs were employed in this study for PRS calculation. The summary statistics of all these AD candidate
SNPs were downloaded from https://ctg.cncr.nl/software/summary_statistics. Table 2 shows
the detailed information of these 23 SNPs, including their genetic effects on AD.
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Given the 23 candidate SNPs, we extracted their genotype values from the genotyping data of 759 ADNI participants
and obtained their effect sizes on AD from the large meta-GWAS of AD. Below we describe how a PRS is computed
based on a set of AD candidate SNPs. We use G = [gi,j ] to denote the genotype data from ADNI, where gi,j ∈ (0, 1, 2)
is the number of minor alleles of SNP j in subject i. For subject i, given a set of AD candidate SNPs S={s1, . . . , sn},
the PRS is calculated as follows:

PRSi =
n∑
j=1

βj · gi,j , (1)

where βj is the beta coefficient of SNP j obtained from the meta-GWAS of AD. We then standardized PRS across
subjects to have mean of zero and standard deviation of one.

To discover novel signals contributed by SNPs in addition to the well-known APOE region, we compared the perfor-
mances of two PRSs computed by including the APOE SNP or not. Although APOE e4 SNP rs429358 is not in the
list of 23 candidate SNPs, another SNP rs41289512 from the APOE region is part of the list. Given the linkage dis-
equilibrium (LD) between rs429358 and rs41289512 (r2 = 0.214, D′ = 0.967), we note that rs41289512 may share
some APOE e4 effect. With this observation, we constructed two different PRSs (PRS+ and PRS-) using summary
statistics of AD candidate SNPs, and performed a comparative mediation study of amyloid imaging phenotypes for
the following four genetic scores including two PRSs and two APOE SNPs:

• PRS+: PRS computed using all 23 AD candidate SNPs in Table 2

• PRS-: PRS computed using 22 AD candidate SNPs (without rs41289512) in Table 2

• rs429358: APOE e4 SNP, the best known AD genetic risk factor

• rs41289512: APOE SNP identified by the recent meta-GWAS study3

Mediation analysis

For each of the four genetic scores, we followed Baron and Kenny (1986)18 to perform standard mediation analysis
for identifying imaging phenotypes as potential disease mediators.

Let y ∈ {0, 1} be the dependent variable which is a diagnostic phenotype (0:control, 1:case) in our study, x be
the independent variable which is one of the four genetic scores, z be the covariates (age, sex and education), and
M = {mi}, i ∈ (1, . . . , 90) be the set of brain imaging mediators. Mediation analysis could be performed following
the three steps listed as below.

Step 1: We use logistic regression to regress the diagnostic outcome y against the genetic score x, controlling for z:

logit(Pr(y = 1)) = β11x+ β12z + ε1, (2)

where the coefficient β11 should be significant (p-value < 0.05) to pass the first step.

Step 2: We use linear regression to regress the imaging mediator mi against the genetic score x, controlling for z:

mi = β21,ix+ β22,iz + ε2,i, (3)

Here the coefficient β21,i should be significant after correcting for multiple comparisons. We employ Bonferroni
correction in this step, that is, the significant p-value threshold is 0.05/90 = 5.56E-04.

Step 3: We use logistic regression to regress diagnostic outcome y against both the genetic score x and the mediator
mi, controlling for z:

logit(Pr(y = 1)) = β31,ix+ β32,imi + β33,iz + ε3,i. (4)

Note step 3 is performed on only mediators passing the second step. We again employ Bonferroni correction for
multiple comparisons, that is, correct for the number of mediators surviving step 2. The coefficient β32,i should
be significant and |β31,i| < |β11| namely an indirect effect is present between outcome y and PRS x mediated
through mi.
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Table 3: Five diagnostic case-control groups included in mediation analysis.

Group Control Case # of subjects
1 HC AD+EMCI+LMCI 759
2 HC AD 344
3 HC LMCI 373
4 HC EMCI 450
5 HC EMCI+LMCI 619

Table 4: Pearson correlation coefficients among two PRSs and two studied SNPs.

PCC PRS+ PRS- rs41289512 rs429358
PRS+ 1 0.572 0.831 0.438
PRS- 0.572 1 0.018 0.073

rs41289512 0.831 0.018 1 0.484
rs429358 0.438 0.073 0.484 1

We perform mediation analysis to explore the underlying association between each genetic score and diagnosis. Given
that AD is a progressive disease where the dementia symptoms gradually worsen over a number of years, it is critical
to identify the biomarkers which can predict the disease at early stage. Therefore, we perform mediation analysis on
five case-control groups, which focus on different disease stages. The five grouping schemes are shown in Table 3.

Mediated effect comparison

As evidenced in the “Mediation Analysis” section, the total effect of a genetic score on the diagnostic outcome is
β11 = β31,i + (β32,i · β21,i), where the β31,i is the direct effect and β32,i · β21,i is the indirect effect. Indirect effect,
also called mediated effect, measures the amount of mediation, that is, the effect of the genetic score on outcome due
to the imaging mediator.

In order to compare the mediated effects across different brain regions, we follow Breen et al. (2013)19 to calculate
relative magnitude of the indirect effect to the total effect. The proportion of the effect mediated by mi is calculated
as follows:

prop mediation(i) =
β32,i · β21,i

β31,i + β32,i · β21,i
. (5)

Results
Correlation among studied PRSs and SNPs

Four genetic scores, including two PRSs and two APOE SNPs, are compared in the mediation analysis to detect the
additional effect of AD candidate SNPs beyond the well-known APOE SNPs. We first compute the Pearson correlation
coefficients (PCCs) among the four genetic scores to evaluate their relationships (see Table 4). Even though the
calculation of PRS+ involves the SNP rs41289512 that is in LD with APOE SNP rs429358, correlation between PRS+
and rs429358 is not very strong (PCC = 0.438), suggesting that PRS+ provides additional, novel information outside
of the well-known APOE SNP rs429358. Further, we argue that from the moderately high correlation between PRS-
and PRS+ (PCC = 0.572), our construction of the PRS- as a latent variable can provide novel information outside of
the APOE region altogether.

Mediation analysis summary

For each genetic score, mediation analyses are performed across five different case-control grouping schemes. We
summarize the results in Table 5, by listing the p-values and odds ratios (ORs) of the first step as well as the number
of discovered mediators in each mediation analysis experiment.

From Table 5, PRS+, compared with other three genetic scores, obtains the largest number of mediators across different
diagnostic case-control experiments, except for HC vs AD group where APOE SNP rs429358 identifies 75 mediators.
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Table 5: Mediation analysis summary. For each experiment, the p-value and odds ratio of the first step in media-
tion analysis are listed, as well as the number of mediators discovered. The smallest p-value and largest number of
mediators across case-control groups are shown in bold.

Group Result PRS+ PRS- rs41289512 rs429358

HC vs MCI+AD (N = 759)
p-value 3.47E-04 2.20E-02 5.38E-03 1.53E-07

OR 1.42 1.22 1.33 1.71
# mediator 68 38 61 54

HC vs AD (N = 344)
p-value 7.08E-06 4.05E-03 2.49E-04 7.09E-13

OR 1.71 1.4 1.52 2.68
# mediator 16 0 0 75

HC vs LMCI (N = 373)
p-value 3.47E-03 6.52E-02 1.66E-02 8.86E-06

OR 1.38 1.22 1.3 1.67
# mediator 33 0 2 31

HC vs EMCI (N = 450)
p-value 4.48E-02 1.40E-01 1.72E-01 2.08E-02

OR 1.24 1.16 1.16 1.28
# mediator 20 0 0 11

HC vs MCI (N = 619)
p-value 7.00E-03 6.69E-02 4.28E-02 3.03E-04

OR 1.3 1.18 1.23 1.44
# mediator 41 0 39 27

This demonstrates the power of the collective effect of AD candidate SNPs for discovering additional brain imaging
mediators than only APOE SNPs. SNP rs429358 outperforms other PRSs in HC vs AD group, possibly because of
both the relatively small sample size (N = 344) and strong effect of rs429358 on AD. PRS- mediation analyses identify
mediators from only the first diagnostic grouping scheme (i.e., HC vs MCI+AD), since it could not pass the first step
for other grouping schemes. That is, in our data, PRS- is not significantly associated with each individual diagnosis.

Given the best performance of mediation analysis in the complete data (i.e., HC vs MCI+AD), we compare the me-
diators identified from different genetic scores. Figure 1(a) shows the intersections of mediators among PRSs on the
HC vs MCI+AD group. Totally 68 unique ROIs are identified across the four experiments, 33 of which are commonly
captured by mediation analyses of all four genetic scores. Mediation of PRS+ captures all 68 mediators, of which 3
mediators are not reported by any other PRSs. This additional findings from PRS+ mediation indicate the effective-
ness of combination of AD candidate SNPs beyond APOE rs429358 for mediator detection. Although rs41289512
and APOE SNP rs429358 are in the LD, rs41289512 and PRS+ which includes the genetic effect of rs41289512, still
capture additional 6 mediators than rs429358 and PRS-, suggesting the role of APOE region (containing additonal
information on top of the best-known APOE e4 SNP) in the path from gene to diagnosis. Compared with rs429358,
5 ROIs are identified by PRS+, PRS- and rs41289512, further demonstrating the complex and underlying molecular
mechanism of AD and the necessity of investigating the joint effect of genetic variants. To better illustrate the brain
location of these interesting imaging mediators, we map the ROIs labeled in Figure 1(a) to the brain, and show them
in Figure 1(b). We further discuss the detailed functions of identified imaging mediators in the next section.

Stagewise brain region indicators

It is critical and urgently required to predict AD in its early stage, which is also difficult due to the divergent and
complex path from gene to disease. Our mediation analysis of imaging phenotypes could help understand the under-
lying molecular mechanism, by discovering intermediate brain measures which have more proximate biological link
to genetic basis. Accordingly, the mediators identified from different disease diagnostic groups would help recognize
disease stage-specific brain regions.

Figure 2 shows two heatmaps of results from PRS+ and rs429358 mediation analyses, presenting the proportions of
indirect effect mediated by brain ROIs across experiments on different diagnostic groups, with brain ROIs exhibiting
similar effect sizes clustered together. A total of 8 clusters are formed and illustrated by red boundary lines. Figure 3
shows the brain map of these clusters. These clusters are further mapped to brain structural regions according to their
anatomical locations and shown in Table 6.

Overall, PRS+ which represents a more comprehensive genetic view of AD risk, presents more stable performance
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Figure 1: (a) Mediators discovered over different PRSs for HC vs. MCI+AD. (b) Brain mapping of regions discovered
without rs429358

Figure 2: Heatmaps of indirect effect sizes of brain regions as mediator across mediation analyses on different diag-
nostic groups. Top panel shows the result of PRS+ mediation analysis and bottom panel shows the result of APOE
rs429358. Color bar in the top row indicates brain region groups.

than only rs429358 on mediator discovery in the whole dataset (i.e., HC vs MCI+AD). While rs429358 performs more
stably in HC vs AD group, mostly due to its strong effect on AD. From both PRS+ and rs429358 mediation results,
regions included in the first two clusters are all located in the frontal lobe, and show strong mediation effects across
all stages of AD. Some ROIs are not picked up in PRS+, possibly due to the limited sample size. PRS+ allows the
discovery of more mediators for EMCI patients compared with using just rs429358, as shown in cluster 3 where most
ROIs in PRS+ analysis show mediation effects in HC vs EMCI group while none are captured by rs429358. This
indicates the sensitivity of comprised AD candidate SNPs for their collective effect on detection of early stage disease
biomarkers. ROIs grouped in clusters 4 and 5 distribute in various brain regions, and present different mediation effects
for different stages. For ROIs in cluster 4, both PRS+ and rs429358 detect their indirect effect in the HC vs MCI and
HC vs MCI+AD groups, while only left and right angular gyrus are captured by PRS+ in HC vs EMCI group. This
merit further examination on angular gyrus for its possible role as an early disease indicator.

Discussion

In this study, we have proposed to employ polygenic mediation analysis into imaging genetics of AD, to detect brain
regions mediators for linking the complex path from genetics to diagnosis. The discovered imaging mediators in-
termediate the molecular modulation of AD candidate variants on disease, which may not be directly detected from
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Table 6: Anatomical location of grouped brain regions from mediation analysis. For each cluster, the largest number
of ROIs across brain structural regions is shown in bold.

Cluster Subcortical Frontal Cingulate Parietal Temporal Occipital Insula Sensory-Motor Cortex
1 0 4 0 0 0 0 0 0
2 0 7 0 0 0 0 0 0
3 0 5 1 0 3 0 0 0
4 0 5 2 4 5 0 1 0
5 2 0 2 0 1 0 1 0
6 0 1 0 4 1 0 0 0
7 0 2 0 1 6 6 0 4
8 10 0 1 1 4 4 0 2
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Figure 3: Brain mapping of clustered regions from our mediation analyses (see clustering results in Figure 2).

traditional SNP-outcome association analysis. We assess the performance of PRS comprised from multiple AD can-
didate SNPs on mediator detection, and compare with the best-known AD genetic risk factor in the APOE gene. To
the best of our knowledge, this is among the first analysis in the study of AD for exploring mediation effect of imag-
ing features underlying the PRS and disease. Our polygenic mediation analysis has identified multiple brain imaging
mediators, a few of which present promises as early disease indicators.

We performed mediation analyses of two PRSs and two SNPs (i.e., PRS+, PRS-, rs41289512 and rs429358), among
which PRS+ shows more power on mediator detection than the others, especially on the complete set of participants
(N = 759; see Figure 1). In the HC vs MCI+AD study, PRS+ mediation model discovers three novel mediators
undetected by other genetic scores, including right calcarine sulcus, right paracentral lobule and right postcentral
gyrus. In addition, 6 mediators are detected by both PRS+ and rs41289512, and 5 mediators are detected by PRS+,
PRS- and rs41289512. These novel findings indicate the cumulative effect of combined AD candidate SNPs beyond
APOE e4 SNP rs429358 and may help provide more insights into the imaging genetic mediation mechanism of AD.

Based on the above observation, in the following, we focus on comparing the discoveries from PRS+ with those from
rs429358 for different diagnostic groups in comparison with HC. From Figure 2, mediators detected by PRS+ and
rs429358 illustrated both consistent and distinct patterns for different diagnostic groups across the 8 clusters. All 4
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frontal lobe regions contained in cluster 1 show consistent intermediate effects across all stratified analyses in both
PRS+ and rs429358 mediation models, suggesting the involvements of these four regions as intermediate modulators
from early to late stages of AD. In cluster 2, regions are located in the frontal lobe and consistently detected except
the PRS+ on HC vs AD group, possibly because of the modest sample size (N = 344) and the small PRS effect size.

From clusters 3 and 4, no regions are detected by rs429358 as mediators in the EMCI group, while PRS+ effects
in EMCI go through most cluster 3 regions as well as left and right angular gyri of cluster 4. This suggests that
in early stage PRS+ may start to affect brain mechanisms in these specific regions, while the effect of rs429358
appears at late stage. These regions can help serve as early indicators and provide valuable information for tracking
disease progression from very early stage. As mentioned above, the 3 novel detected mediators by PRS+ in the HC
vs MCI+AD group are located in clusters 6 and 7. These regions also exist in the rs429358 mediation result on HC
vs AD group, while are not identified from the whole dataset, suggesting the differential effects of PRS+ and APOE
on these regions. That is, these regions may have implicit effects in the paths from both PRS+ and APOE to disease
while in different stages.

From clusters 1 to 7, mediators detected by APOE are all from HC vs AD comparison, while mediators detected by
PRS+ are all from HC vs MCI+AD comparison. This confirms the strong effect of APOE rs429358 in late AD, which
however has not exhibited in the early stage. On the other hand, PRS+ may not have comparable effect on disease
as rs429358 especially given small sample size, but it conserves the ability of mediating biomarkers through various
stages given its joint effect from multiple candidate variants. This suggests the power of the collective effect of SNPs
which are not individually significant while cumulatively affecting disease.

Conclusions

In conclusion, we performed PRS mediation analyses of Alzheimer’s disease for detecting intermediate imaging phe-
notypes to bridge the gap between genetics and disease, by discovering the implicit effects of AD risk variants. We
discovered amyloid imaging mediators using PRS comprised from AD candidate SNPs, and compared its effective-
ness with the well-known APOE SNP rs429358. As it is critical to predict the disease in early stage, we further
evaluated the power for early disease indicator discovery, where PRS outperformed the APOE SNP alone, showing
the promise of PRS on biomarker detection. This work can be further expanded towards several future directions.
For example, different strategies can be used to construct the PRS, like threshold-based approaches which evaluate
the performance of different number of top SNPs from GWAS results. Another direction is to apply PRS mediation
analysis to multi-modal imaging data for understanding genetic mechanisms from a more comprehensive perspective.
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Abstract 

Heart failure (HF) is a leading cause of hospital readmissions. There is great interest in approaches to efficiently 

predict emerging HF-readmissions in the community setting. We investigate the possibility of leveraging streaming 

telemonitored vital signs data alongside readily accessible patient profile information for predicting evolving 30-day 

HF-related readmission risk. We acquired data within a non-randomized controlled study that enrolled 150 HF 

patients over a 1–year post-discharge telemonitoring and telesupport programme. Using the sequential data and 

associated ground truth readmission outcomes, we developed a recurrent neural network model for dynamic risk 

prediction. The model detects emerging readmissions with sensitivity > 71%, specificity > 75%, AUROC ~80%. We 

characterize model performance in relation to telesupport based nurse assessments, and demonstrate strong 

sensitivity improvements. Our approach enables early stratification of high-risk patients and could enable adaptive 

targeting of care resources for managing patients with the most urgent needs at any given time. 

Introduction 

Heart failure (HF) is a highly prevalent chronic condition affecting ~40m worldwide [1,2]. In many countries, HF is 

a leading cause for hospital admissions, with 30-day readmission rates in the 25% range [3]. As such, the condition 

poses huge resource burdens on healthcare systems, incurs heavy costs on payers, and impacts patient quality of 

life[2,3].  To cater to these pressures, policy and clinical bodies have attempted to implement both incentive oriented 

approaches and support oriented approaches [4,5]. Both of these have had some signs of success, but also some 

challenges that could be mitigated by leveraging data and analytics more effectively.  

First, reimbursement policies have been revised to incentivize or penalize hospitals based on HF readmission rates 

[4]. As such, both health systems and payers have had increasing interest in data-driven models to predict readmission 

risk and improve management. This has spurred development of many HF readmission risk prediction models [6-9].  

Typically, these models employ administrative claims data, aggregate features, unstructured data or specific clinically 

relevant components from electronic health record (EHR) systems.  However, as most of these models use EHR, they 

predict the risk at discharge [10]. Some models attempt to dynamically predict evolution of the readmission risk across 

admission, inpatient (IP) stay, and discharge by employing logistic regression based on statistical features (e.g., in [7]) 

or deep learning based on time series sequences [6]. However, these models are limited as they lack visibility over the 

crucial evolution of the patient’s state following hospital discharge in the days immediately preceding a readmission.  

Second, clinical societies and care delivery systems have instituted guidelines for patient support, education and 

treatment optimization in case management and post-discharge settings [11,12]. Some studies have demonstrated that 

these efforts reduce readmissions and improve outcomes. However, many of these support and optimization 

programmes are highly resource-intensive, requiring large investments from already stretched case management, 

integrated care, nursing, allied health and/or community care professionals for home-based follow-ups. As a result, it 

remains difficult to scale these efforts across large patient groups or entire healthcare systems. One way to address 

this challenge could be to identify the subset of patients with highest propensity (or risk) for unscheduled hospital 

utilization, and then proactively target (allocate with priority) the limited support and intervention resources to these 

strata of patients.   

To address the above challenges, a few studies have analyzed invasive measurements, surveys, and telemonitoring 

(TM) measures to assess evolving patient states in the post-discharge community setting [13–16]. In particular, 

telemedicine programmes offer a non-invasive framework for remote daily monitoring of physiological signs (e.g., 

blood pressure, heart rate, body weight) in the home setting. But these approaches have remained impractical for 
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widespread adoption and exhibit high numbers of false negatives and positives [17,18].  One recent study used data 

from a disposable non-invasive multisensor patch placed on the chest within a machine learning framework to predict 

HF hospitalization, but clinical efficacy is yet to be established [19]. Overall, limited works have used easily obtained 

home-based vital signs in the context of a patient’s clinical evolution for risk stratification. Further, studies that 

position these approaches within care delivery and implementation workflows are also limited.   

Here, we report 30-day HF readmission risk prediction using a longitudinal sequence of vital signs data alongside 

readily accessible patient profile information acquired across a sequence of hospital visits and home-based telehealth 

assessments.  We acquire data within a non-randomized controlled post-discharge telehealth management programme 

that comprised regular telemonitoring by patients and telesupport by professional nurses. We develop a recurrent 

neural network model to distill complex relations hidden in sequential data, account for the full data trajectory, and 

dynamically predict evolving 30-day HF readmission risk at each observation day in both inpatient and home settings. 

Importantly, our approach learns from the evolution of patient state across hospital visits and home assessments, and 

dynamically updates predictions whenever new recordings are available. We evaluate the model’s ability to detect 

emerging post-discharge utilization events. Further, we provide detailed characterizations of model performance in 

relation to nurse assessments based on symptoms information obtained via person-centered telesupport. Finally, we 

suggest possibilities for timely patient stratification and decision support to augment efficiency and efficacy of current 

post-discharge care management workflows. 

Study Design 

The data was acquired within a non-randomized controlled study aimed at leveraging telehealth services 

(telemonitoring and telesupport) to reduce and manage heart failure readmissions.  

Study Site and Setting: The study was conducted at the Changi General Hospital (CGH), Singapore. CGH is a 1000-

bed tertiary acute hospital serving a 1 million population in Singapore, and is equipped with a specialist cardiology 

department and a dedicated health management unit (HMU) staffed by professionally trained nurse telecarers.  

Inclusion and Exclusion Criteria: The study targeted heart failure patients older than 21 years with life expectancy 

of more than 1-year and ability to use the remote monitoring technology platform.  Patients with comorbidities of end-

stage renal failure, chronic obstructive pulmonary disease, or coronary artery disease with need for bypass grafting 

were excluded. Further details on inclusion and exclusion criteria are available in [12].   

Enrollment and Consent: Research coordinators within the CGH cardiology team recruited patients at point of 

discharge from a heart failure related hospitalization, and enrolled them into a post-discharge telehealth management 

program [12]. A total of 150 patients were enrolled between November 2014-March 2017. All patients provided 

informed consent for participation in the programme and use of anonymized versions of their data for research.  

Study Procedures: Study procedures included telemonitoring, telesupport, and clinical data collation, conducted as 

part of routine care delivery and post-discharge follow-up service provision for all patients [12].  Telemonitoring 

entailed daily self-measurement of 3 vital signs: (a) blood pressure (BP), (b) heart rate (HR), and (c) body weight. 

Measurement devices (the Philips Motiva Continua BlueTooth scale and A&D UA-767PBT-C blood pressure device) 

were issued to patients as part of the programme. The recorded vital signs were wirelessly transmitted to a back-end 

platform to be monitored by HMU nurses. Telesupport comprised HMU nurse-initiated phone calls that followed a 

structured script to focus on assessment of worsening HF symptoms. Nurses offering the telesupport had access to the 

patients’ full medical history and recommendations. Recordings of the telesupport calls, and subsequent nurse’ notes 

and follow-up actions were collated. Additionally, the study team collated sociodemographic data, inpatient and 

emergency department utilization data, inpatient vital signs recordings, diagnosis and comorbidity information, and 

other data providing information on the patient’s HF profile through the study period. Each patient was observed for 

at least 1 year. Compliance to the telemonitoring and telesupport programmes was also tracked.  

Ethics Approvals and Related Procedures: The use of the retrospective data collected in the above study for 

purposes of this research on readmission risk prediction was approved by the SingHealth Centralised Institutional 

Review Board (Protocol 1556561515). To maintain confidentiality and adhere to terms of consent, an independent 

trusted third party within the hospital anonymized all retrospective data for analyses and model development. 

Cohort Characteristics for Analyses and Modeling: For the purposes of analysis and model development, we 

considered patients who (a) had more than 1 recorded inpatient episode during the study period, and (b) submitted at 

least 1 home-based vital signs records between inpatient visits. This subset is termed as the ‘analysis cohort’. The first 

criterion enables definition of the outcomes (ground truth labels) for risk prediction and the second criterion ensures 
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the necessary features for modeling dynamic evolution of risk in the home setting. Among the study cohort of 150 

patients, 129 fulfilled the first criterion. Of these 129 patients, 117 fulfilled the second criterion. Hence, the final 

analysis cohort comprised a total of 117 patients (72 male, 45 female) with an average age of 65.69 (SD: 12.65), across 

a range of ethnic groups (46% Chinese, 33% Malay, and 8% Indian, 2% Eurasian and 11% others).  

Overview of Data and Prediction Task 

Figure 1 illustrates the longitudinal data accrued over sequential inpatient and home stays and the associated 

readmission outcomes. We consider a given patient P on some observation day D (during the observation period) at 

some point in the patient care journey.  Input on day D is a sequence of data features 
P

DF comprising fixed patient 

information, the history of vital signs, and the history of administrative and clinical data from inpatient episodes up to 

and including day D (Figure 1, green). Output on day D is a binary outcome 
P

DL  indicating whether or not there was 

an actualized HF-related readmission within the next 30 days from D. Both inputs and outputs evolve as the patient 

progresses through the hospital-to-home continuum.  

The prediction task is to automatically map the input sequences (study data features) to the output ground truth “label” 

(associated readmission outcomes): The input-output pair for patient P on day D is defined as { , }P P P

D D DS F L . The 

sequential modeling objective is to learn a model M such that L = M(F) based on input-output pairs recorded across 

patients and observation days.  

 

Data Extraction and Preparation 

For each patient in the analysis cohort, we extracted four types of data for modeling. First, fixed features: demographic 

information (age, race, gender) and number of HF admissions in the 1 year before start of the programme (Figure 1B). 

Second, episodic features for each inpatient visit: hospital utilization data (length of stay), primary diagnosis codes 

(categorized as HF vs. non-HF), comorbidity information (number of comorbidities, Charlson Comorbidity Index), 

functional NYHA status and prescription records. Third, inpatient vital sign recordings (heart rate, blood pressure and 

weight) based on regular clinical monitoring during the inpatient stay. Fourth, home vital signs (heart rate, blood 

pressure and weight) based on daily self-monitoring by patients during their home stays between inpatient visits. The 

 

Figure 1: Illustration of data and prediction task. (A) Transition across hospital-to-home setting. (B) Longitudinal data accumulated across a 

sequence of hospital inpatient visits and home stays. Combinations of fixed features (gray), episodic features (light red for inpatient episodes), and 

high-resolution features (red inpatient, blue home) accrue based on the care setting. For high-resolution features, days with no records are indicated 
in light blue. (C) The 30D HF readmission outcome or “label” as a function of days. The prediction task is to map data sequences from (B) in green 

to the label at last observed day in that sequence from (C).  A few days are provided as illustrative examples. 
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first three types of data were extracted from the EHR systems while the fourth was extracted from the HMU systems. 

As the hospital visits are fewer and farther apart, we note that majority of the longitudinal records are home-based 

vital signs.  

We crosslinked the four types of data, and constructed a time series capturing the temporal evolution of the above 

features. Figure 1B provides an illustration. First, for the fixed features, we repeat the records for every day of the 

observation period (Figure 1B gray). Second, for the episodic features, we capture the daily evolution during the 

inpatient stay (e.g., length of stay on first day of the inpatient episode would be 1, and on third day of the inpatient 

episode would be 3). We preprocess the prescription records to one-hot encoded format indicating whether any 1 of 4 

therapeutic classes (Beta-Adrenergic Blocking Agents, Angiotensin-Converting Enzyme Inhibitors, Angiotensin II 

Receptor Antagonists, Renin-Angiotensin-Aldosterone System Inhibitors) were prescribed [6].  We carry forward the 

episodic features as of discharge date for the subsequent home stay period (Figure 1B light red to light pink). Finally, 

for the inpatient and home vitals, we include the available records on any observation day if at least one vital sign was 

recorded on that day (Figure 1B red and blue).  For observation days with no vital sign recordings, we consider this 

as a “No Record” day (Figure 1B light blue). 

Separately from data extracted and prepared for modeling, the telesupport and clinical data collated were utilized for 

comparative evaluations (as described in the relevant Results sections). 

Feature Representation 

For each patient P in the analysis cohort, we represent the data recorded on a series of time-ordered IP days and home 

days as a feature matrix 
P

T QF  , where T is the number of observation days (before the last inpatient visit) and Q is the 

number of features. For patient P, on any given day D, the feature sequence is 
P

DF , a  D×Q matrix of features with 

history up to and including day D.  Patient P has T such multivariate time-series sequences, one for each observation 

day. We do not consider observation days within and beyond the last IP visit as we do not have records of outcomes 

after the last IP visit.  

To deal with the variable length sequences, we perform zero-padding and include masking features which indicate 

when length padding was performed. For “No Record” days, we account for the time elapsed between available 

samples with an additional feature that at day D indicates the time gap between D and the preceding day when 

observations available. For cases when we have multiple readings for any vital sign feature on any observation day, 

we condense by considering only the median value of all available readings (per vital sign) on that day. For any 

observation days with at least one vital signs record, but missing values for any other vital signs features, we impute 

the missing values with median of available corresponding records (for that patient). For observation days with missing 

values for any of the episodic features, we impute the missing values by propagating the last valid observation forward.  

Following the above feature representation steps, we normalize the vital signs to the scale of [0,1] and standardize 

other fixed and episodic features to Z-scores. All categorical features are one-hot encoded.  

Clinical Outcomes (“Labels”) 

We define the clinical outcome of interest on any given day as the occurrence (or non-occurrence) of an HF-related 

readmission within the next 30-day horizon. The outcome evolves with the patient’s clinical state over the observation 

period and hence informs the sequential modeling. Per machine learning parlance, we also refer to this as ground truth 

“label”. For patient P, on observation day D, the outcome is denoted as 
P

DL , a binary indicator variable. We extracted 

the outcomes based on the dates of hospital visits and the diagnosis information associated with each hospital visit 

(heart failure related or not). We considered a hospital admission as HF-related if the primary diagnosis code (as per 

the International Classification of Diseases) was one of 8 relevant ICD-10 codes: T.I110, T.I130, T.I500, T.I501, 

T.I509, T.I2511, T.I420, and T.I48.  

At each observation day D for patient P, the label 
P

DL  is: 

 1: if there is any HF-related IP readmission within the next 30 days of D 

 1: if D is within the first half of any HF-related IP stay 

 0: Otherwise:  

Our labeling scheme was clinically validated by health service research experts and cardiologists for relevance to the 

envisioned study objectives.  
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We illustrate the labeling scheme with some examples:  

1. If D corresponds to a day when patient P is at home and the patient has an HF-related inpatient episode at D+16 

days, the 
P

DL is 1 indicating a high risk of readmission.  

2. If patient P has HF-related inpatient episode on days 20-25, 20

PL , 21

PL and 22

PL are 1 but 23

PL and 24

PL are 0. The 

assumption here is that within an HF-related inpatient episode, the days closer to admission are high risk but days 

closer to discharge are low risk.  

3. If D corresponds to a day when patient P is at home and the patient has a non-HF-related inpatient episode at 

D+25, the 
P

DL is 0 indicating low risk of HF-readmission.  

Dynamic Readmission Risk Prediction with Recurrent Neural Networks 

Sequence Data: Following the above steps, for each patient, we obtain multiple data sequences of different lengths. 

Each sequence is associated with a binary 30-day readmission outcome (Figure 1). We note that the distribution of 

sequences across outcome classes is highly imbalanced: 89.83% of sequences are associated with no-readmission or 

“0” class (23416 sequences) and only 10.17% of sequences are associated with the readmission or “1” class (2650 

sequences).  There was no statistical difference between the age, gender, race and length of hospital stay characteristics 

between sequences associated with no-readmission vs. with readmission classes (Wilcoxon test, p=0.94).  

Dynamics of Modeling Task: The modeling task on day D is to use sequential observations until (and including) day 

D to predict HF-related readmission risk within the next 30 days [D to D + 30].  This is intrinsically a dynamic task 

wherein (a) there is a need to account for the history or evolution trajectory leading up to current day D and (b) there 

is a need to dynamically update the prediction at the next day D+1 with new feature recordings. 

Model Design: Recurrent neural networks are well-suited for such dynamic prediction tasks based on sequential time-

series datasets. In particular, long short-term memory (LSTM) neural networks have been employed to learn complex 

temporal correlations from longitudinal clinical time-series data [20]. For our task, we implemented an established 

bidirectional LSTM modeling framework. The bidirectional nature of the model is to take into account both historic 

and evolving dependencies in a sequence.  

Implementation Details: The model comprises an LSTM with 2 layers, followed by a dropout layer with probability 

of 0.5. Next is a fully-connected layer, followed by another dropout layer with probability of 0.5. Finally, a non-linear 

activation function using Softmax is applied for classification. The objective function is defined using cross-entropy 

loss function and l2-norm regularization. To address the imbalance in outcome classes, the training samples were 

weighted inversely to the class ratios for the loss calculation. For model training, we used Adam optimization [21] 

with the learning rate of 0.001 to optimize the weights while the gradient is computed using backpropagation over 

time. In addition to L2-regularization, use of dropout layers helps to avoid overfitting [22]. 

Experiments:  We trained, validated, and tested models following a stratified 3-fold cross-validation scheme at patient 

level (60% train, 7% validation, and 33% test). Thus, in each fold on average, the train set consisted of 15328 (SD: 

667) samples from 70 patients (60%), validation set consisted of 2050 (SD: 210) samples from 8 patients (7%), and 

the test set consisted of 8689 (SD: 634) samples from 39 patients (33%). The cross-validation scheme ensures the 

model and performance results are not specific to the training:testing split.  The training and validation are done with 

a batch-size of 64 for 100 epochs. In each fold, we chose the final model based on the validation performance. We 

ensured that there is no overlap between the data (and subset of patients) used to train the model and the data (and 

patient subset) used to test the performance of the model. We ran experiments on NVIDIA-SMI 418.56, python 3.7. 

Compliance to Home-Based Telemonitoring  

In order to provide intuition for the data characteristics and inform better interpretation of performance, we first present 

statistics on compliance to the telemonitoring programme (Figure 2).  We observe that the 117 patients in the analysis 

cohort had on average 188.32 (SD: 134.64) days of vital signs records at home with a range of 2 to 413 days. Most 

patients tend to have either very low or very high numbers of telemonitoring observation days (Figure 2A).  Further, 

a vast majority of the patients have less than 10 missing values for most vital signs (first bin, Figure 2B).  

Figure 3 is a heatmap of the longitudinal vital signs data across patients and days. We align the start of recordings 

across patients as day 0. All patients start with an index inpatient episode before enrolment in the study. Each row 

shows all available records for one patient. For a given patient (row), red denotes days at which any subset of inpatient 

vitals are recorded, blue denotes days at which any subset of home vitals are recorded, gray denotes days within the 
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observation period with no records, and white denotes the days after the end of observation period for that patient. We 

observe that different patients have different levels of compliance to the telemonitoring programme across days, 

different patterns of inpatient readmission, and different observation periods. This attests to the real-world diversity 

of our study cohort and data, and suggests that the results could be relevant to practical settings.    

Figure 2: Compliance to telemonitoring (TM).  Normalized histograms of (A) average number of days with at least 1 TM vital signs recording. 

(B) number of missing vital signs. 

Performance Evaluation 

For sequences in the held-out testing sets, we quantitatively evaluated the model prediction against the ground truth 

outcome or “label”. Specifically, we characterized performance based on the area under the receiver operating 

characteristic curve (AUROC), the true positive rate or sensitivity, the true negative rate or specificity, and the F1-

score. For each performance metric, we computed average and standard deviations across the test sets of the 3 folds.  

Results: Dynamic Risk Prediction vs. Traditional Approaches  

To evaluate the degree to which dynamic risk prediction based on sequential data impacts the model performance, we 

compared performance of the proposed LSTM approach to that of two traditional static modeling approaches (Logistic 

Regression or LR and Multi-layer Perceptron or MLP). For each of the methods, we employed the same data for the 

 

 

Figure 3: Longitudinal evolution of vital signs records. Each row stands for one patient. Red cells show the IP visits and blue cells show TM days 
at home. The start of the records across patients is aligned by shifting and the length of longitudinal data across patients is different. The gray cells 

between red and blue show that no record is available while the white cells after the last blue/red in each row show the end of records for that patient. 
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same prediction task at the same days. We also used the same inverse weighting (based on class ratios) for the loss 

calculation for all three methods, and report the best case results for LR and MLP− to ensure fair comparison.  

As the LR and MLP models cannot learn with sequential data, we trained them to predict the risk on day D using all 

features at day D; and the summary statistics (mean and standard deviation) of the numerical features from days 1 to 

D-1. For the MLP, we used a 2 layer perceptron which contains 64 and 32 hidden units respectively on each layer 

with ReLU activations and chose the final model based on the validation performance.  

Table 1 shows the 30D HF-related readmission risk prediction performance using the proposed LSTM model, LR 

model, and MLP model. Based on the results, LSTM outperforms the MLP and LR in terms of both sensitivity and 

specificity, and hence offers up to 3-4% gain in AUROC and F1-score. We note that LSTM offers a sensitivity increase 

of 7.53% and 1.35% over MLP and LR, respectively.  Importantly, LSTM performance is more robust – as indicated 

by the smaller standard deviation (i.e., smaller variations) across folds. As the LSTM, LR and MLP models are all 

essentially minimizing the conditional log-likelihood for binary classification, we infer that the LSTM performance 

improvement may come primarily from the additional information contained in the sequential data trajectory.  In other 

words, as the LSTM learns from entire data sequences, the increased performance suggests that the sequential 

trajectory of features provides additional predictive power.  

Table 1. 30D readmission risk prediction results using LSTM, LR, and MLP. All numbers are in %, and reported as mean (standard deviation). 

 AUROC % Sensitivity % F1-score % Specificity % 

LSTM 79.54 (4.50) 71.05 (0.69) 79.36 (4.80) 75.18(6.05) 

LR 77.66 (3.25) 69.70 (4.22) 76.17 (8.06) 70.71 (10.86) 

MLP 75.11 (2.62) 63.52 (6.41) 76.48 (4.11) 71.95 (6.06) 

Results: Detection of Emerging 30D Readmissions 

Next, we evaluate how dynamic readmission risk prediction based on telemonitoring data performs vis-à-vis person-

centered telesupport approaches.  

On the one hand, dynamic readmission risk prediction provides a data-driven means to detect emerging 30D HF 

readmissions. On the other hand, telesupport calls provide professional nurse telecarers a means to ascertain if a patient 

has concerning signs of HF decompensation and to advise patient to visit the hospital for urgent clinical intervention. 

For the latter, we regard a nurse’ advise to visit the hospital as an indicator of likely emerging readmission. For the 

telesupport calls considered, a certified HMU nurse who was blinded to the outcomes reviewed the source documents 

and verified the advise provided following each call.  

We compared sensitivity and specificity of (a) dynamic readmission risk prediction based on telemonitoring data and 

(b) telesupport programme based detection of emerging readmission events. In each case, we evaluated performance 

on those observation days D’ when patients were at home, recorded telemonitoring vitals and received a telesupport 

call (i.e., days with risk assessment by both approaches). All metrics are calculated in relation to ground truth outcomes 

(“labels”). In order to provide visibility on performance in relation to when the next readmission occurs, we breakdown 

performance metrics based on ground truth outcomes in the 30D, 14D, and 7D horizon following the day of risk 

assessment D’.  

Table 2 provides the results. We observe that the telesupport programme is highly specific (over 98%) with very 

limited false positives. On the other hand, the dynamic risk prediction based on telemonitoring provides greater 

sensitivity (up to 65%). These results hold independently of the horizon for the ground truth outcome.  

Figure 4 illustrates the performance of the 2 approaches against the ground truth outcomes trajectories for 2 patients. 

We note that the plots do not include all data-driven prediction days, rather only highlight days with both 

telemonitoring-based risk prediction and telesupport calls. For Patient A, the data-driven risk prediction approach 

flagged emerging risks earlier than the telesupport approach. However, the telesupport approach is highly specific in 

flagging true negatives. Patient B has several HF-related readmissions, but in many cases the telemonitoring data-

driven risk prediction approach showed greater sensitivity for detecting the emerging readmission than the telesupport 

programme with concurrence only building up very close to one of the HF-readmissions. Further, as the telemonitoring 

data-driven approach predicts risks for 30 day HF-readmissions, it often detects emerging events earlier than it is 

feasible with the telesupport approach. 
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Table 2. Sensitivity and Specificity of risk prediction based on telemonitoring data and telesupport approaches for varying prediction-horizons.  

 30D 14D 7D 

 Sensitivity Specificity Sensitivity Specificity Sensitivity Specificity 

Telemonitoring 

based Risk 

Prediction (LSTM) 
62.10 75.26 64.52 70.40 65.12 67.77 

Telesupport based 

Event Detection  
6.32 99.47 6.45 98.65 9.30 98.76 

 

 

Figure 4. Example cases. The red dots show IP records and blue dots show home-based records. The vertical red dash lines show HF admits 
while blue ones show non-HF (NHF) admits. The green and gray solid lines indicate true positive (TP) and true negative (TN) results by the 

telesupport (TS) programme. The green and gray dashed lines indicate TP and TN results with dynamic risk prediction (LSTM) based on 

telemonitoring data. Overlapping solid and dashed lines suggest concurrence between the two approaches.   

These results suggest that the dynamic risk prediction model based on telemonitoring data could provide greater 

sensitivity and earlier identification of emerging HF-readmissions. This could allow the nursing and clinical teams the 

requisite time to reach out and stabilize the patient before deterioration to point of needing readmission. Yet, the 

dynamic risk prediction model may lead to false positives - hence the specificity of the telesupport calls in filtering 

out the false positives would be essential to assign appropriate follow-up actions. The complementary nature of the 

two approaches suggests that the best practice may involve using the dynamic risk prediction model to augment and 

direct the telesupport calls in a manner that is most time and resource-efficient for any given patient’s clnical needs. 

Sensitivity to Type of Vital Signs and Frequency of Monitoring  

Practical applicability of the above results could depend on patients complying to a regular home-based telemonitoring 

programme. Hence, we evaluated the sensitivity of the results to the type of vital signs and the frequency of monitoring. 

First, we re-trained models for cases when one of the three vital signs (BP, HR and weight) was entirely excluded 

from the feature sequences, and re-evaluated the sensitivity and specificity of dynamic risk prediction. Results (Table 

3 column 2, 3, 4 vs. column 1) show that removal of BP, HR and weight reduce the sensitivity by 2.04%, 5.91% and 

8.53% respectively. This suggests that weight and HR telemonitoring may be more important than BP for detection 

of emerging events.  Second, we investigated the effectiveness of less frequent telemonitoring of vital signs. We re-

Patient A 

 
Patient B 
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trained the models with only alternate days of telemonitoring during periods of continuous daily home monitoring, 

and re-evaluated the sensitivity and specificity of dynamic risk prediction. Results (Table 3 last column) show that 

reducing telemonitoring frequency to alternate days does not significantly impact the performance. In all cases, the 

AUROC remained above 78%. These results suggest that our approach is applicable in cases with reduction in types 

and frequency of vital signs monitoring. This offers conveniences that could encourage greater adoption. 

Table 3. Sensitivity and Specificity of 30D Readmission Risk Prediction with Varying Types and Frequency of Vital Signs Monitoring. All 

numbers are in % and the numbers in parentheses are SD values. 

 All TM Days  
Alternate TM 

Days 

 All Features  No BP No HR  No Weight  All Features 

Sensitivity (%) 71.05 (0.69) 69.01 (1.80) 65.14 (4.21) 62.52 (2.21) 70.00 (2.27) 

Specificity (%) 75.18(6.05) 73.34 (0.28) 74.02 (4.79) 72.21 (2.80) 73.81 (6.36) 

Discussion 

Our study investigated dynamic prediction of heart failure readmission risk based on longitudinal but non-invasive 

telemonitoring of vital signs and easily accessible heart failure profile information. Results demonstrate AUROC and 

F1 scores of 80%, and sensitivity of 71% and specificity of 75%, and suggest that remote monitoring in the community 

setting could enable automated, accurate, and sensitive prediction of 30-day HF-readmissions. Importantly, our 

method offers greater sensitivity for earlier detection of emerging readmission events than structured telesupport based 

post-discharge care programmes. As such, it offers the ability to augment current clinical or telehealth assessments of 

evolving heart failure status. 

As such, our approach offers the exciting potential to proactively identify patients with high chance of HF-readmission 

in the community setting. This ability to flag high-risk patients up to 30 days before readmission could allow sufficient 

time for healthcare providers to assess and escalate the management plan, and to stabilize the patient at the primary 

care level before readmission becomes warranted.  

Further, stratification of high-risk patients with more immediate needs could help to better target the telesupport efforts 

and enable more efficient use of limited community care resources. Current protocols assign community care 

professionals based on planned protocols that may not be targeted to the patients with the most intensive and 

immediate needs. In contrast, our home-based stratification approach would enable adaptive prioritization for timely 

yet efficient targeting of telesupport/community care to patients who need it when they need it.  

Our vital signs telemonitoring approach is highly suitable for translation to home or community settings. First, unlike 

previous approaches that require administrative or clinical features only found in complex EHR systems, our approach 

relies on a carefully selected set of heart failure profile and vital signs features (demographics, history, functional state 

and prescriptions) that patients can readily access at home or community settings. Second, we showed the predictive 

value in a cohort with wide variations in compliance to vital signs telemonitoring, and demonstrated that performance 

is robust even with further reduction in the number of vital signs or frequency of monitoring.  

Our results should be considered in the context of some limitations. The study was retrospective and non-randomized, 

and future expansions to blinded prospective studies could provide more evidence on impact measures and outcomes. 

While we employed cross-validation to reduce dependence of results on a fortuitous test set, the class imbalance does 

introduce dependence on the cross-validation setup. This could be addressed in future work that expands the study to 

larger multi-center cohorts.  

This study provides insights into approaches to improve HF management and reduce readmissions by leveraging vital 

signs data from telemonitoring programmes. We now aim to work out the crucial clinical and telehealth workflow 

integration aspect to translate our findings to better decision support and patient self-management.  
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Abstract

The development of novel drugs in response to changing clinical requirements is a complex and costly method
with uncertain outcomes. Postmarket pharmacovigilance is essential as drugs often have under-reported side ef-
fects. This study intends to use the power of digital media to discover the under-reported side effects of marketed
drugs. We have collected tweets for 11 different Drugs (Alprazolam, Adderall, Fluoxetine, Venlafaxine, Adalimumab,
Lamotrigine, Quetiapine, Trazodone, Paroxetine, Metronidazole and Miconazole). We have compiled a vast adverse
drug reactions (ADRs) lexicon that is used to filter health related data. We constructed machine learning models
for automatically annotating the huge amount of publicly available Twitter data. Our results show that on average
43 known ADRs are shared between Twitter and FAERS datasets. Moreover, we were able to recover on average
7 known side effects from Twitter data that are not reported on FAERS. Our results on Twitter dataset show a high
concordance with FAERS, Medeffect and Drugs.com. Moreover, we manually validated some of the under-reported
side effect predicted by our model using literature search. Common known and under-reported side effects can be
found at https://github.com/cbrl-nuces/Leveraging-digital-media-data-for-pharmacovigilance.

1 Introduction

Pharmacovigilance is the practice of monitoring effects of FDA approved drugs. It is the science and activities related
to detecting, assessing, understanding and preventing the adverse effects of drugs. The study of pharmacovigilance has
been recently widened to deal with herbal, traditional and complimentary medicines, blood related products, medical
devices and vaccines1.

Drugs are extensively studied (in vitro experiments, in vivo experiments and clinical trials) before they become avail-
able to the public for general use. However, it is evident that drugs in clinical trials are monitored for their side effects
under controlled conditions e.g. ethnic diversity, patient age group, dosage and duration. The general and flexible
use of these drugs, particularly in less regulated regions like Africa and South Asia is likely to produce previously
unobserved side effects and introduce new risks. Post-market pharmacovigilance is required as clinical trials involve
limited number of patients, making it difficult to cover broader patterns and trends of drugs. Patient groups such as
pregnant women and children are often excluded from clinical trials due to concerns of teratogenicity and ethical issues
yet these drugs are often prescribed to such patient groups once available in the market2, 3. Moreover, these patient
groups are also active web and social media users4. Previous studies show that it is highly likely that FDA approved
drugs will show adverse reactions due to several known and yet to be discovered off-targets5, 6.

Current pharmacovigilance efforts have room for improvement as numerous approved drugs have been withdrawn
from the market due to their adverse events. One famous example is of Thalidomide, which was introduced in late
1957 and was widely prescribed as a safe treatment for morning sickness and nausea. Children of pregnant women
on Thalidomide prescription showed congenital abnormalities that caused severe birth defects7. Thalidomide was
removed from the market in most countries in 1965. Nevertheless, it continued to be used for the treatment of leprosy,
and in more recent years, its indications have been extended to a much wider range of medical conditions8. Despite
being allowed only under strict supervision and specialist advice, between 1969 and 1995, 34 cases of thalidomide
embryopathy were registered in leprosy endemic areas in South America by the Latin American Collaborative Study
of Congenital Malformations9.

There is an emerging trend in people to use social media and websites to reach out to doctors and pharmaceutical com-
panies10. Similarly, health-care professionals and patients are discussing the adverse experiences related to medicinal
products using the digital media platforms11. Some studies have explored the use of social media data for pharma-
covigilance12–14. Nikfarjam et al. tagged mentions of drug side-effects in social media posts from Twitter and online
health community DailyStrength15. Similarly Cocos et al. developed a deep learning based method for labeling ADRs
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in Twitter posts16. These studies were helpful in identifying the mentions of ADRs, however, downstream analysis is
required to perform qualitative analysis on these ADRs15, 16. Freifeld et al. evaluated the level of concordance between
drug side-effects from Twitter data and adverse events (AE) reported in the FAERS17. They provided the correlation by
system organ class between adverse event (AE) in Twitter and consumer report, but did not perform any quantitative
analysis for actual AEs and do not provide any mechanism to control false positives. MacKinlay et al. investigated the
ADR surveillance by analyzing tweets and evaluated their methodology against the reports in the FAERS database18.
Smith et al. presented a method to compare ADRs mentioned in social media with FAERS, drug information databases
(DIDs), and systematic reviews19. Even though some studies have started analysing social media data for augmenting
pharmacovigilance efforts, but existing studies (i) do not account for unstructured nature of the data on the social
media platforms appropriately, (ii) fail to quantify the quality of data from social media, and (iii) fail to control for the
high noise in such data platforms.

In this study, we try to overcome the above mentioned limitations by (i) compiling a large phrasal ADR lexicon
that is specific for ADRs, descriptive in nature and wherein the phrases representing the same ADR are grouped
together using semantic similarity based hierarchical clustering, ii) comparing the ADRs found from Twitter with three
reporting systems: FDA’s AERS (FAERS)20, MedEffect1 and Drugs.com2; iii) using a classification model followed
by a statistical model to filter out possible noise and false positives.

We used our lexicon to mine the ADRs reported on Twitter for 11 drugs (Alprazolam, Adderall, Fluoxetine, Venlafax-
ine, Adalimumab, Lamotrigine, Quetiapine, Trazodone,Paroxetine, Metronidazole and Miconazole). We were able
to recover a significant number (approximately 50 on average) of known side effects of each drug from Twitter and
predict the under-reported side effect of the 11 drugs in our dataset. Our results suggest that Twitter data shows a high
concordance with FAERS (approximately 43 side effects on average) and other reporting systems and can be used as
an additional source for enhancing pharmacovigilance practices. Our study will help the drug regulatory agencies and
pharmaceutical companies in performing post-market pharmacovigilance using publicly available digital media data.

2 Methods and Techniques
2.1 Data Collection and preprocessing

We shortlisted 11 drugs for which significant data was available on Twitter (Table 1). Drugs are marketed under
different names (Fluoxetine is also marketed as Prozac, Prozac Weekly, and Sarafem), therefore we have used a list of
all the alternate names by augmenting brand names from Drug.com in the list compiled by Sarkar A, et al.21. Moreover,
data from Twitter does not follow language rules and can have spelling and grammatical errors (Xanax can be written
as xanaxx and xnaax). Therefore, all alternate names of the drugs and their common misspellings were used to collect
the data from Twitter using tweepy3 and twitterscraper 4 APIs.

Apart from Twitter data, we also used the reviews data available at Drugs.com, FAERS and MedEffect. For Drugs.com
we used the data compiled by Graber et al.22. For collecting FAERS’s data, we used the openFDA20 “drug adverse
event” API to download all the available files of Drug Adverse Events data using a python scraper. Similarly we also
collected the ADRs reported on MedEffect for these drugs. From both Twitter and online reviews datasets redundant
records were removed, followed by the application of stemming and lemmatization. The number of unique tweets and
reviews found for each drug can be seen in the Table 1.

2.2 Data Classification

We only used tweets containing at least one drug name and an ADR. Due to the unstructured nature of the Twitter
data, we need to define the context of the tweets. For example:
(i) I had xanax and it caused me anxiety
(ii) Can Xanax cause anxiety?

1https://www.canada.ca/en/health-canada/services/drugs-health-products/medeffect-canada/adverse-reaction-database.html
2https://www.drugs.com/
3http://www.tweepy.org/
4Available: http://www.tweepy.org/
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Twitter Data MedEffect Data Drugs.com Data FAERS Data

Drug names Tweets extracted
on drug names

Tweets filtered
on side effect

Tweets classified
as ”Health”

Reviews for
each drug

Reviews for
each drug

Reviews for
each drug

Alprazolam 290,212 95,683 15,047 1,885 1,373 30,979
Adderall 604,213 119,190 31,266 1,018 358 6,423
Fluoxetine 342,010 93,537 10,526 1,355 1,500 22,927
Venlafaxine 50,053 16,144 4,836 4,661 316 5,856
Adalimumab 70,253 26,433 3,893 77,177 697 300,859
Lamotrigine 39,946 13,149 3,932 3,435 1,065 37,067
Quetiapine 77,596 22,929 8,332 13,979 1,454 26,468
Trazodone 4,064 7,478 3,414 3,141 716 1,147
Paroxetine 106,139 34,539 5,644 8,450 1,347 32,033
Metronidazole 53,254 16,032 1,923 5,084 1,262 9,450
Miconazole 33,115 8,226 326 50 1,255 6,526

Table 1: Shows the data collected from Twitter, MedEffect, Drugs.com and FAERS for 11 different drugs.

In the first tweet it is being portrayed that the user had anxiety after having Xanax, we categorized such tweets as
“Health”, whereas in the second tweet a question is being put. It might be possible that drug name and side effect may
co-occur in the same tweet but in different context therefore we categorized such tweets as “Non-Health”. In order to
reduce the false positives, we removed the tweets falling in the category of “Non-Health”. The manual classification
of thousands of tweets is a tedious task, so we converted this into a classification problem. From the collected Twitter
data set, 2, 500 random health related tweets were manually annotated as “Health” and 2, 500 non-health tweets were
were manually annotated as “Non-Health”.

For training the machine learning models on the manually annotated data, we extracted features that capture the
semantics and contextual information. To accomplish this we used two pre-trained word2vec models. One from “Dis-
tributional Semantics Resources for Bio-medical Text Processing” by Pyysalo et al. (2013)23, trained on Wikipedia,
PubMed and PMC and the second by Godin et al. trained on over 400 million Twitter microposts24. We also used Term
Frequency Inverse Document Frequency (tf-idf) features, that is a term weighting scheme representing the important
of a word is in a corpus25, 26. We only used the data that is classified as “health” for further analysis (as shown in Table
1).

2.3 Tanimoto Coefficient

In order to infer the value of occurrence of a particular side effect in a drug, we calculated the tanimoto coefficient “σ”
of a drug with each side-effect.

σ =
Di ∩ Sj

Di ∪ Sj

Di ∪ Sj =f(Di) + f(sj)− (Di ∩ Sj)

(1)

where Di represents the name of a drug and Sj represents the side effect. i is iterated over the 11 drugs in the dataset
and j is iterated over the 21, 550 side effect groups. f(Di) and f(Sj) represent the number of tweets that contain drug
Di and side effect Sj respectively. The tanimoto coefficient σ has a range between 0 and 1, where 0 represents lowest
similarity and 1 represents highest similarity.

3 Results and Discussion
3.1 Lexicon Compilation

In our previous study, we compiled a large phrasal ADR lexicon from FAERS (containing 20,285 phrases) and au-
tomatically clustered the phrases representing the same ADRs27. In this study, we expanded this lexicon by adding
additional phrasal ADRs from MedEffect5 and CHV6. In order to compile a list of only ADRs, we filtered the CHV
phrases by excluding the concepts with UMLS IDs that were not listed in SIDER28 (following the approach of Azadeh
Nikfarjam et al.29). We grouped the ADRs together that had the same UMLS IDs to obtain 4, 101 phrasal ADR groups.

5https://www.canada.ca/en/health-canada/services/drugs-health-products/medeffect-canada/adverse-reaction-database.html
6http://consumerhealthvocab.chpc.utah.edu/CHVwiki/
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We added these ADR groups and 11, 956 ADRs from MedEffect to the lexicon from FAERS. We had a total of 34, 392
unique groups7 and our goal was to iteratively merge the groups representing similar ADRs.

3.2 Lexicon Clustering

Results from our previous study showed that nine different algorithms can be used for the automatic clustering of the
phrasal ADR lexicon27. Here, we used Silhouette Coefficient to determine the number of clusters for our lexicon30.
Higher Silhouette Coefficient scores represent a model with better defined clusters. For all nine clustering algorithms,
we computed Silhouette Coefficient for the values of k (number of clusters) ranging from 50 to 34, 300 with an
increment of 50. All nine clustering algorithms have the highest Silhouette Coefficient around 21, 550 (Figure 1a), so
we chose 21, 550 as the value of k (number of clutters).

0 5000 10000 15000 20000 25000 30000 35000

# Number of clusters

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

Si
lh

ou
et

te
 c

oe
ff

ic
ie

nt
 s

co
re

(a) Silhouette coefficient score

Different clustering algorithms
0.0

0.1

0.2

0.3

0.4

0.5

C
op

he
ne

tic
 c

or
re

la
tio

n 
co

ef
fic

ie
nt

(b) Cophenetic correlation coefficient

AWE cosine similarity Ward's
AWE cosine similarity Complete
AWE cosine similarity Weighted
Average min distance Weighted
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Figure 1: (a) “silhouette coefficient score” of nine clustering algorithms. All clustering algorithms have the highest silhouette
coefficient around 21, 550 (b) “cophenetic correlation coefficient” of nine clustering algorithms, “Average min distance Average”
algorithm has highest score of 0.54. We selected “Average min distance Average” as a clustering algorithm with k=21, 550 (number
of clusters).

We used cophenetic correlation coefficient, a measure of how good a dendrogram preserves the pairwise distances
between the original data points, to select the best performing clustering algorithm31. A good clustering has cophe-
netic correlation close to 1. We computed cophenetic correlation for all nine clustering algorithms and “Average min
distance Average” algorithm obtained the highest score of 0.54 (Figure 1b). Therefore, we selected “Average min dis-
tance Average” as an algorithm to cluster the phrases representing the same ADRs8. This clustering scheme uses the
average of min distance to compute the semantic similarity between two phrases and “average” as linkage criteria27.

3.3 Annotation and Noise Removal

In order to automate the annotation process, we constructed different models to classify the tweets/reviews into
“health” or “non-health” classes based on our manually annotated dataset of 5, 000 tweets (see methods for details).
We performed k-fold cross validation of different machine learning classifiers for selecting the best model using two
different features: (1) tf-idf along with word2vec trained on twitter and (2) tf-idf along with word2vec trained on
Wikipedia, PubMed and PMC. The MLPClassifier using tf-idf and word2vec trained on twitter outperformed other
models (Table 2). Deep learning models were not used due to the limited annotated training data available in this
study. Our results also suggest that as more data is fed to the classifiers, their performance increases significantly.

7https://github.com/cbrl-nuces/Leveraging-digital-media-data-for-pharmacovigilance/blob/master/Data/FDA-CHV-and-MedEffect-
sideeffectlist.csv

8https://github.com/cbrl-nuces/Leveraging-digital-media-data-for-pharmacovigilance/tree/master/Data/side-effect-clusters
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Using tf-idf and word2vec trained on twitter Using tf-idf and word2vec trained Wikipedia, PubMed and PMC

3-fold 5-fold 10-fold 3-fold 5-fold 10-fold

PPV Recall F1 PPV TPR F1 PPV TPR F1 PPV TPR F1 PPV TPR F1 PPV TPR F1

MLP 0.62 0.71 0.66 0.76 0.75 0.76 0.80 0.82 0.80 0.63 0.71 0.66 0.74 0.75 0.75 0.79 0.81 0.79

XGB 0.58 0.68 0.62 0.71 0.73 0.72 0.78 0.81 0.79 0.58 0.70 0.63 0.72 0.73 0.72 0.78 0.79 0.78

KNN 0.59 0.55 0.57 0.67 0.59 0.62 0.70 0.62 0.66 0.59 0.66 0.62 0.65 0.68 0.66 0.69 0.71 0.70

RF 0.62 0.63 0.62 0.72 0.64 0.66 0.74 0.67 0.70 0.61 0.62. 0.63 0.72 0.63 0.67 0.74 0.68 0.69

DT 0.54 0.64 0.59 0.64 0.68 0.65 0.69 0.70 0.69 0.56 0.64 0.60 0.63 0.66 0.65 0.67 0.71 0.68

Table 2: K-fold cross validation of different machine learning classifiers: MLPClassifier (MLP), XGBClassifier (XGB), KNeigh-
borsClassifier (KNN), RandomForestClassifier (RF), DecisionTreeClassifier (DT) using two different types of features (1) tf-idf
and word2vec trained on twitter and (2) tf-idf and word2vec trained Wikipedia, PubMed and PMC. On the basis of reported preci-
sion or positive predictive value (PPV), recall or true positive rate (TPR) and F1 score (F1), MLPClassifier turned out to be the best
performing classifier using tf-idf and word2vec trained on twitter.

Drug name # of
known Twitter FAERS MedEffect Drugs.com Tw+FA Common RMSE

Tw+FA
RMSE

Tw+Med
RMSE

Tw+Drugs
Quetiapine 183 59 86 47 47 53 27 0.017 0.011 0.027
Fluoxetine 169 52 75 21 38 45 13 0.007 0.007 0.008

Metronidazole 77 26 37 18 33 19 9 0.013 0.012 0.029
Adalimumab 255 76 140 85 57 73 24 0.007 0.007 0.009
Alprazolam 223 64 79 26 45 51 13 0.010 0.013 0.009
Miconazole 13 1 6 2 4 1 1 0.042 0.016 0.646
Paroxetine 236 62 110 61 59 55 24 0.023 0.022 0.013
Adderall 127 57 56 17 27 49 10 0.006 0.006 0.014

Trazodone 125 32 30 17 30 20 12 0.006 0.004 0.012
Lamotrigine 219 66 99 42 53 60 15 0.014 0.004 0.011
Venlafaxine 187 54 65 37 32 44 16 0.009 0.011 0.009

Average 165 50 71 34 39 43 15 0.014 0.01 0.072

Table 3: Shows the number of known ADRs found from twitter and other three reporting systems (FAERS, MedEffect and
Drugs.com). “# of known” represents the total number known ADRs in our compiled lists of known side effects. “Twitter”,
“FAERS”, “MedEffect”, and “Drugs.com” represent number of ADRs found from Twitter, FAERS, MedEffect and Drugs.com
respectively that are also in the compiled lists of known side effects. “Tw+FA” represent number of common known ADRs found
from Twitter and FAERS. “Common” represent number of common known ADRs found from Twitter, MedEffect, Drugs.com and
FAERS. “RMSE Tw+FA”, “RMSE Tw+Med” and “RMSE Tw+Drugs” represents Root-Mean-Squared-Error (RMSE) between the
tanimoto coefficient scores (σ) of Twitter-FAERS, Twitter-MedEffect and Twitter-Drugs.com respectively.

3.4 Analysis on Cleaned Data

We compiled the lists of known side effects and indications of each drug from WebMD9, Drugs.com10 and Medline-
Plus11. After filtering the “Health” tweets we calculated the tanimoto coefficient “σ” for each drug on the tweets
and reviews dataset. Indications of each drug were removed from our results. While the remaining results are either
known side effects, possible under reported ADRs or false positives. Table 3 shows the number of known ADRs found
from twitter, FAERS, MedEffect and Drugs.com. On average 43 ADRs for each drug are shared between twitter and
FAERS datasets. Root-Mean-Squared-Error (RMSE) between the tanimoto coefficient scores σ of all common ADRs
between Twitter and FAERS datasets was 0.014, thus demonstrating a high level of agreement between the results
from Twitter and FAERS. Similar results were found between Twitter and MedEffect dataset and between Twitter and
Drugs.com dataset (Table 3). Moreover, Twitter was able to recover on average 7 known side effects that were not
reported in FAERS. This supports the fact that digital media sites such as Twitter could be used to augment the current
pharmacovigilance efforts.

In order to show how good twitter results are in recovering the known side effect as compared to other reporting
systems, we used the known side effect list to get the top ten known side effect for each drug on the basis of tanimoto

9https://www.webmd.com/
10https://www.drugs.com/
11https://medlineplus.gov/
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coefficient. It can be seen from the Figure 2 and Table 4 that the top 10 known side effects found from Twitter are
also reported on other reporting systems (FAERS, MedEffect and Drugs.com) with high tanimoto coefficient scores σ.
This shows that the data from twitter is meaningful and it can be used along with the current ADR reporting systems.
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(b) Top 10 known side effects of "Adderall"
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(d) Top 10 known side effects of "Adalimumab"

drugs.com MedEffect FAERS Twitter

Figure 2: The tanimoto coefficient score (σ × 100) of the top 10 known side effects found from twitter that are also reported on
other reporting systems (FAERS, MedEffect and Drugs.com) for four drugs (a) “Alprazolam”, (b) “Adderall”, (c) “Venlafaxine”
and (d) “Adalimumab”

3.5 Comparison with previous studies

Sarker et al14 assessed the possibility of utilizing social media as a resource for prescription medication abuse and
they reported “weight loss” as a common abuse of “Adderall”. Our study finds similar results with σ of 0.0008 and
0.0012 on Twitter and FAERS dataset respectively. Smith et al.19 developed a method to compare ADRs mentioned
in social media with those in traditional sources and their results showed that “headache” was reported with relatively
high index values on FAERS and Drug Information Databases. Our results also show that “headache” was reported
on Twitter, FAERS and Drugs.com with σ of 0.0152, 0.0072 and 0.0012 respectively. Chavant et al32 showed that
the occurrence of “memory disorders” reported for “Alprazolam” and “Fluoxetine” in the French PharmacoVigilance
Database (FPVD) are 14 and 16 respectively. Our methodology also showed “memory disorders” ADR with high
σ values for “Alprazolam” (Twitter = 0.0009, FAERS = 0.0109, MedEffect = 0.0087, Drugs.com = 0.0057) and
“Fluoxetine” (Twitter = 0.0001, FAERS = 0.0006, Drugs.com = 0.0013).

O'Connor et al13 evaluated the viability of Twitter as a source of ADR mentions and its potential value for pharma-
covigilance. They reported a list of drugs with their most common adverse reactions and the most frequent adverse
effects extracted from the Twitter data using their automated system. We also reported the tanimoto coefficient “σ”
score of these ADRs. It can be seen in Table 5 that our method is able to recover most of the ADRs reported by their
method with significantly high scores. Our analysis showed several under-reported side effects for the drugs in our
dataset. Some of the unknown side effects predicted by our methodology and previously reported by case studies have
been listed in Table 6 along with a sample tweet and/or online review from our datasets.

For Prozac it has been an active debate for the past three decades whether it causes aggressive behaviour in subjects
or not33. Our results from the Twitter (σ = 0.0026), FAERS (σ = 0.0013) and Drugs.com (σ = 0.005) suggest that
certain patients do experience increase in aggressiveness after taking Prozac. Another side effect for Prozac that had
a relatively high tanimoto coefficient for both Twitter (σ = 0.0096) and Drugs.com (σ = 0.0164) is having unusual
dreams. Several studies have previously reported this side-effect for Prozac34, 35. Upset stomach had a σ of 0.004 for
Twitter, 0.001 for FAERS and 0.008 for Drugs.com data. This side effect has been reported in a study on preschool
and high school children36.
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Drug name Twitter score OpenFDA score MedEffect score Drugs.com score

Trazodone

Headache (1.48), Serotonin
syndrome (0.4), Apnea (0.4),

Dry mouth (0.38), Chest
pain (0.17), Suicidal thoughts
(0.14), Blurred vision (0.09),

Irregular heartbeat (0.08),
Nasal congestion (0.06),
Changes in weight (1.87)

Headache (0.14), Serotonin
syndrome (0.67), Apnea (0.23),
Dry mouth (0.26), Chest pain

(0.39), Suicidal thoughts (0.31),
Blurred vision (0.32), Irregular

heartbeat (0.13), Nasal
congestion (0.1), Changes in

weight (0.24)

Serotonin syndrome (0.43),
Apnea(0.03), Dry mouth
(0.61), Chestpain (0.15),
Suicidal thoughts (0.43),

Blurred vision (0.18),
Irregular heartbeat (0.15),
Nasal congestion (0.47),
Changes in weight (0.4)

Headache (5.05), Serotonin
syndrome (0.14), Apnea
(0.55), Dry mouth (4.43),

Chest pain (0.13), Suicidal
thoughts (0.11), Blurred
vision (0.41), Irregular
heartbeat (0.26), Nasal

congestion (1.51), Changes
in weight (0.6)

Paroxetine

Weight loss/gain (15.1),
Chest Pain (0.31), Suicidal
thoughts (0.38), Chest pain
(0.31), Hallucinations (0.2),
Serotonin syndrome (0.19),
Dry mouth (0.1), Restless

legs syndrome (0.09),
Peeling/Blistering of skin(0.04),

Decreased appetite (0.03)

Weight loss/gain (3.86), Chest
Pain (0.93), Suicidal thoughts

(5.11), Chest pain (0.91),
Hallucinations (0.02), Serotonin

syndrome (1.13), Dry mouth
(0.73), Restless legs syndrome

(0.24), Peeling/Blistering of
skin (0.08), Decreased appetite

(1.35)

Weight loss/gain (0.99),
Chest Pain (0.18), Suicidal

thoughts (1.61), Chest
pain (0.18), Hallucinations

(0.01), Serotonin
syndrome (0.63), Dry
mouth (0.31), Restless
legs syndrome (0.11),

Peeling/Blistering of skin
(0.04), Decreased appetite (0.67)

Weight loss/gain (9.17),
Chest Pain (0.43), Suicidal
thoughts (1.66), Chest pain

(0.43), Hallucinations (0.35),
Serotonin syndrome (0.15),
Dry mouth (2.08), Restless

legs syndrome (0.15),
Peeling/Blistering of skin

(0.29), Decreased
appetite (0.57)

Quetiapine

Weight gain (7.94),
Restlessness (1.35),

Headache (0.96), Sleep
apnea (0.45), Dry mouth
(0.39), Suicidal thoughts

(0.3), Increased hunger (0.3),
weakness (0.24), Muscle

spasms (0.18), Stuffy/runny
nose (0.08)

Weight gain (3.27),
Restlessness (0.03), Headache
(0.32), Sleep apnea (0.42), Dry

mouth (0.85), Suicidal
thoughts (2.28), Increased

hunger (0.51), weakness (0.02),
Muscle spasms (0.69),

Stuffy/runnynose (0.26)

Weight gain (1.15), Sleep apnea
(0.02), Dry mouth (0.32), Suicidal
thoughts (0.66), Increased hunger

(0.19), Muscle spasms (0.26),
Stuffy/runny nose (0.09)

Weight gain (19.23),
Restlessness (4.81),

Headache (1.1), Sleep
apnea (0.2), Dry mouth
(1.2), Suicidal thoughts
(2.0), Increased hunger
2.14), weakness (0.65),
Muscle spasms (0.27),

Stuffy/runny nose (0.34)

Miconazole Burning (4.31)
Burning (8.96), Skin irritation

(0.27), Erythema (0.43),
Skin rash (0.05)

Burning (3.61) Burning (68.95), Skin
irritation (0.16)

Metronidazole

Stuffy nose (0.1), Dry mouth
(0.19), Stomach pain (4.72),

Metallic taste (1.29),
Decreased appetite (0.22),
Joint pain (0.15), Stiff neck

(0.1), Peeling/Blistering skin
(0.05), Vomiting (2.84),

Headache (0.1

Stuffy nose (0.12), Dry mouth
(0.71), Stomach pain (0.1),
Joint pain (0.19), Stiff neck

(0.08), Vomiting (0.06

Stuffy nose (0.08),
Dry mouth (0.3)

Stuffy nose (0.7), Dry
mouth (0.46), Stomach

pain (4.0), Metallic taste
(11.55), Decreased appetite

(5.48), Joint pain (0.68),
Stiff neck (0.55),

Peeling/Blistering skin (0.16),
Vomiting (5.7), Headache (0.08

Lamotrigine

Memory loss (0.69), Sleep
disorder (0.52), Suicidal

thoughts (0.34), Dry mouth
(0.27), Neck pain (0.15),

Back pain (0.15), Chest pain
(0.14), Skin problems (0.13),

Decreased appetite (0.05),
Blurred vision (0.03)

Memory loss (0.06), Sleep
disorder (0.59), Suicidal

thoughts (1.42), Dry mouth
(0.47), Neck pain (0.28),
Back pain (0.52), Chest

pain (0.65), Skin problems
(0.98), Decreased appetite

(0.85), Blurred vision (1.37)

Sleep disorder (0.14),
Suicidal thoughts (0.55),
Dry mouth (0.08), Neck
pain (0.22), Back pain

(0.05), Chest pain (0.11),
Skin problems (0.17),

Decreased appetite (0.24),
Blurred vision (0.17)

Memory loss (1.37), Sleep
disorder (0.8), Suicidal

thoughts (2.55), Dry mouth
(1.73), Neck pain (0.19),
Back pain (0.44), Chest

pain (0.45), Skin problems
(0.37), Decreased appetite

(0.18), Blurred vision (0.47)

Fluoxetine

Suicidal thoughts (0.86),
Decreased appetite (0.09),

Sleep disorder (0.07),
Irregular heartbeat (0.07),
Eye pain (0.04), Memory

problems (0.01), weakness
(0.41), Chest Pain (0.39),

Dry mouth (0.39),
Weight Loss (0.25)

Suicidal thoughts (3.51),
Decreased appetite (1.25),

Sleep disorder (0.19),
Irregular heartbeat (0.69),
Eye pain (0.29), Memory

problems (1.15), weakness
(0.04), Chest Pain (1.16),
Dry mouth (0.83), Weight

Loss (0.1)

Suicidal thoughts (0.46),
Decreased appetite (0.06),

Sleep disorder (0.21),
Irregular heartbeat (0.13),
Eye pain (0.07), Memory

problems (0.19)

Suicidal thoughts (4.41)
Decreased appetite (1.18),

Sleep disorder (0.26),
Irregular heartbeat (0.71),
Eye pain (0.07), Memory

problems (0.13), weakness
(0.63), Chest Pain (0.33),
Dry mouth (1.77), Weight

Loss (0.13)

Table 4: The tanimoto coefficient score (σ × 100) of top known side effect found from twitter that are also reported on other
reporting systems e.g FAERS, MedEffect and Drugs.com.
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Drug Brand/
Generic Name

Adverse Effects Found in
Tweets (Score)
by our method

Documented Adverse
Effects (no order)

reported by
O'Connor et al

Adverse Effects Found in Tweets
(Frequency) reported by

O'Connor et al

Seroquel/
Quetiapine

weight gain (8.38), psychosis
(1.82), dry mouth (0.40),
increased appetite (0.30),

restless leg syndrome (0.14),
sleep paralysis (0.14),

abnormal dreams (0.02)

somnolence, dry mouth,
headache, dizziness,

asthenia,constipation,
fatigue

somnolence (22.2%), abnormal dreams
(9.6%), feel like a zombie (8.1%), weight
gain (6.6%), restless leg syndrome (6.6%),
increased appetite (5.9%), sleep paralysis

(2.9%), dizziness (2.2%), psychosis (2.2%),
tremors (2.2%)

Effexor/
venlafaxine

insomnia (2.09), withdrawal
syndrome (0.47), dry mouth

(0.34)

nausea, headache,
somnolence, dry mouth,

dizziness

withdrawal syndrome (21.3%), insomnia
(11.1%), headache (4.3%), malaise (4.3%),
abnormal dreams (4.3%), nausea (3.4%),

shaking (3.4%), fatigue (3.4%)

Paxil/
Paroxetine

weight gain (14.03), feel sick
(2.27), insomnia (1.96),

depression (2.18), withdrawal
syndrome (0.16)

nausea, somnolence,
abnormal ejaculation,

asthenia,tremor, insomnia,
sweating

withdrawal syndrome (27.7%), weight gain
(12.8%), depression (8.5%), headache
(6.4%), somnolence (6.4%), allergic

(6.4%), feel sick (6.4 %), emotional (6.4%)

Prozac/
Fluoxetine

anxiety (3.14), feeling ill
(2.21), insomnia (1.85),
suicidal thoughts (0.86),

abnormal dreams (0.0003),
withdrawal syndrome (0.03)

nausea, headache, insomnia,
nervousness, anxiety,

somnolence

somnolence (22.2%), withdrawal syndrome
(8.9%), feeling ill (8.9%), abnormal dreams
(6.7%), suicidal thoughts (6.7%), tremors

(6.7%), allergic reaction (4.4%)

Lamictal/
Lamotrigine

insomnia (1.62), feel sick
(1.49), back pain (0.15),

joint pain (0.05)

vomiting, coordination
abnormality, dizziness,

rhinitis, dyspepsia, nausea,
headache, diplopia, ataxia,
insomnia,fatigue, back pain

insomnia (17.9%), rash (12.8%), lethargy
(7.7%), joint pain (5.1%), feel like a zombie

(5.1%), feel sick (5.1%)

Humira feel sick (1.83),
joint pain (0.96)

upper respiratory infection,
rash, headache, sinusitis,

accidental injury

somnolence (24%), feel sick (8%),
palpitations (8%), ache/pains (8%),

joint pain (4%), headache (4%), rash
(4%), respiratory disorder (4%)

Trazodone

insomnia (14.09), hangover
effect (0.80), dry mouth

(0.38), withdrawal syndrome
(0.23)

somnolence, headache, dry
mouth, dizziness, nausea

somnolence (24.3%), abnormal dreams
(16.2%), hangover effect (8.1%), headache

(5.4%), insomnia (5.4%), withdrawal
syndrome (5.4%)

Table 5: The tanimoto coefficient score (σ × 100) of ADRs found from twitter by our method that was previously reported by
O'Connor et al13.

Drug Predicted
side-effect

Literature
Support Sample Tweet(s) / review(s)

Prozac/
Fluoxe-
tine

Aggressive
Behavior

PMID:
8822529

When I first started taking this medication I changed from Lovan, and for about 2 weeks I felt on top of the
world! I was motivated, full of energy and was actually laughing after a long period of depression. It was all
downhill from there... I reached the point where my brain just didn’t feel right, I was more depressed than ever,
feeling desperate and looking for a way out of feeling so low. I stopped taking the medication, initially to piss off
my husband, and it was then that I realized this medication was the cause of my depressive moods, anxiety and
anger. I would not recommend this medication to anyone without close psychiatric monitoring.

Prozac/
Fluoxe-
tine

Bad Dreams
PMID:
17803018,
28791566

1. dammit my fluoxetine give me such bad vivid dream; 2. im having bad dream every night after i start taking
fluoxetine 3. It’s great. I get songs in my head or find myself humming, and that hasn’t happened for a long time.
More random positive thoughts too. And much less of the bad ones. I sometimes feel down, but it’s not often and
I think unavoidable. The side affect I notice is phases of vivid bad dreams. More nightmares and more stand that
are stressful and occupy my mind too much, which makes me feel less rested.

Prozac/
Fluoxe-
tine

Upset Stom-
ach

PMID:
24600324

1. the side effect can be kind of sudden but yes there is a wait for the effect i spent about two week with headache
getting used to prozac till it settled into my system sometimes i still have upset stomach dont take them on an
empty stomach either and drink more water; 2. urgh prozac had it many year ago gave me epic nightmare panic
attack and a constant upset stomach gave up and stopped taking it after week if it disagrees with you ask if you
can have high dose citalopram instead

Xanax/
Alprazo-
lam

Talkativeness PMID:
27092285

Xanax is a miracle for me. I can’t live without it. It is not addicting. I never experienced withdrawl symptoms
either. I am usually tense, high strung and anxious. Xanax makes me happy, easy going, talkative, calm. It helps
me sleep, I can’t sleep without it. I take zoloft and seroquel but without xanax nothing seems to work or help me.
I love xanax and I take it daily or else I really just can’t get through the day. I have anger and a short fuse and
bad temper and xanax calms my storms. Xanax is the only thing that works for me and makes me sane and able
to face life head on.

Adderall Memory Loss PMID:
22717254

1. it quite obvious that adderall cause selective memory loss; 2. shit he looking so bad even the orange paint cant
hide it adderall withdrawal symptom intense craving depression insomnia shortterm memory loss irritability and
anger hunger pang panic attack anxietylethargyhallucination http ofsnortingadderall

Table 6: Unknown side effects predicted by our methodology that have been previously reported by case studies.
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For Xanax, we predicted heart burn as one of the under-reported side effects with σ of 0.002 for Twitter, and 0.0003
for FAERS. A previous clinical trial reported heart burn in more than 30% of the patients37. Similarly, we predicted
talkativeness as another under-reported side effect for Xanax. A previous case study has reported increased talkative-
ness in an elderly patient with a history of anxiety, mood disorders, and hypothyroidism38. Similarly, a previous study
supports our results on Adderall induced memory loss (σ = 0.0008 for Twitter data and σ = 0.0002 for FAERS
data)39. A complete list of under-reported side effects that were found for the 11 drugs across all platforms can be
found at https://github.com/cbrl-nuces/Leveraging-digital-media-data-for-pharmacovigilance.

4 Conclusion

Conducting clinical trials of drugs is expensive and has its own restrictions on patient groups and drug usage. More-
over, manual annotation of the data is a tedious and time consuming task. Digital data (social media and online
reviews) can help in reducing the cost of pharmacovigilance efforts and can help in gathering unknown side effects
of drugs. This research work provides the groundwork for augmenting current pharmacovigilance efforts. We con-
structed several classifiers to automatically annotate health related tweets. We were able to recover several known side
effects for the 11 drugs in our dataset using social media and online reporting system. Some of the predicted side
effects have already been reported by previous studies, therefore lending validity to our findings.

We filtered the tweets on a vast ADRs lexicon and then removed the possible false positives using a classifier. The data
available on Twitter is without any specific medical focus and suffers from high false positives. Such false positives get
very low tanimoto coefficient score due to large volume of tweets and can be removed by our methodology. Moreover,
it is important to distinguish false positives from novel ADRs. This currently requires manual efforts. Our approach
could highlight possible under-reported ADRs, however, subsequent manual examination by experts is required to
confirm these ADRs.

The unknown side effects found by our model are the possible under reported ADRs that were not present in the list
of known ADRs and need further clinical validation. In future we plan to improve the quality and quantity of data
annotation and use the similar pipeline to identify the indication/symptoms of infectious diseases such as COVID-19
reported on digital media.
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31. Sinan Saraçli, Nurhan Doğan, and İsmet Doğan. Comparison of hierarchical cluster analysis methods by cophenetic correlation. Journal of
Inequalities and Applications, 2013(1):203, 2013.

32. Francois Chavant, Sylvie Favrelière, Claire Lafay-Chebassier, Caroline Plazanet, and Marie-Christine Pérault-Pochat. Memory disorders
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Abstract

New medical research concerning the spine and its diseases are incrementally made available through biomedical
literature repositories. Several Natural Language Processing (NLP) tasks, like Semantic Role Labelling (SRL) and
Information Extraction (IE), can offer support for, automatically, extracting relevant information about spine, from
scientific papers. This paper presents a domain-specific FrameNet, called SpiNet, for automatic information extraction
about spine concepts and their semantic types. For this, we use the frame semantic and the MeSH ontology in order
to extract the relevant information about a disease, a treatment, a medication, a sign or symptom, related to spine
medical domain. The differential of this work is the enrichment of SpiNet’s base with the MeSH ontology, whose
terms, concepts, descriptors and semantic types enable automatic semantic annotation. We use the SpiNet framework
in order to annotate one hundred of scientific papers and the F1-score metric, calculated between the classification of
relevant sentences performed by the system and the human physiotherapists, achieved the result of 0.83.

Introduction

New medical research concerning the spine and its diseases are frequently being published and made available through
biomedical literature repositories like PEDro1 and Cochrane2. Elkins et al. observed that the number of records
on the PEDro database had doubled every 3.5 years3, which means its growing fast. The information available on
this literature is important for clinical decisions, training of students and experts, improvement and innovation of
treatments, and other important applications. However, the analysis of this content is performed manually by experts
and is incredibly time-consuming and expensive.

Several Natural Language Processing (NLP) tasks, like Semantic Role Labelling (SRL) and Information Extraction
(IE), can offer support for, automatically, retrieving and extracting relevant information about spine, its diseases,
treatments and symptoms, from scientific papers. Roberts et al.4 affirms that the challenge is to develop general-
purpose extraction algorithms for clinical text, especially when it has not been defined, a priori, which information
should be extracted. In this sense, they developed a pilot project named Cancer FrameNet, which consist of a resource
for cancer-related information extraction in clinical notes with three semantic frames (targeting the high-level tasks
of cancer diagnoses, cancer therapeutic procedures, and tumor descriptions), created and annotated on a clinical text
corpus. This FrameNet-like resource is an important instrument for IE applications in oncology.

The Berkeley FrameNet5 is the best-known frame semantic base where a word or phrase evokes a frame of semantic
knowledge that describes the characteristic attributes (or semantic roles) associated with a concept or event. For
example, for the concept Radiculopathy, the frame would contain elements that describe the symptoms, which body
part has been affected by those symptoms and which group of patients have been suffering from that. The set of frame
elements can either be defined prior to the annotation by an expert or added, interactively, based on an annotated
corpus.

This paper describes a domain-specific FrameNet, called SpiNet – for automatic information extraction about spine
concepts and their semantic types, from scientific papers. For this, we use the framework based on frame semantics5

and the MeSH ontology6 in order to extract the relevant information about a disease, a treatment, a medication, a sign
or symptom, or something else related to spine medical domain. The differential of the SpiNET is the enrichment of
its base with the MeSH ontology, whose terms, concepts, descriptors and semantic types enable automatic semantic
annotation of scientific texts.

The SpiNet framework was used to automatically annotate 139 scientific papers, from which 8 were evaluated, and the
results of the system in classifying the relevant sentences were 0.72, in terms of precision, and 0.99, in terms of recall
(or true positive rate). Specifically, for frame annotation, the average precision rate was 0.62, and for frame element
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annotation, the average precision rate was 0.81.

Related Works

Kokkinakis7 presents a general-purpose extractor for the biomedical domain in Swedish. One important factor for his
work is that unlike the original FrameNet, the Swedish FrameNet (SweFN++) also contains information about the do-
main, specifically the medical one. With the use of pattern recognition associated with manual annotation, he got good
results, but did not used experts on the area. Roberts4 developed another FrameNet-like schema for the specific case
of extracting cancer information from clinical narratives, with manual annotation. He was also based on the original
FrameNet, but focused on generating specific frames as Cancer Diagnosis, Cancer Therapeutic Procedure and Tumor
Description, by observing the existing literature, and using specific terms such as adenocarcinoma e mastectomy as
lexical units. The evaluation method used was to calculate the agreement between both annotators. He concludes that
one of the reasons he got a high agreement was because of the specificity of the words used, as the use of the a word
such as adenocarcinoma is almost certain to identify a diagnosis. Both the projects used the brat annotation tool.

Background Knowledge

Two main resources are the foundations of this work: the Berkeley FrameNet project5, which consists of a framework
for defining semantic frames (frame elements, lexical units, and annotated sentences); and the Medical Subject Head-
ings (MeSH) thesaurus, a controlled and hierarchically-organized ontology produced by the U.S.National Library of
Medicine. It is used for indexing, cataloging, and searching of biomedical and health-related information. MeSH in-
cludes the subject headings appearing in MEDLINE/PubMed, the NLM Catalog, and other NLM databases6. Below,
we detail each of these resources.

FrameNet

Frame semantic is a concept introduced in linguistics, but widely used in NLP tasks like Semantic Role Labeling
(SRL) and Information Extraction (IE). The most well-known frame database is the Berkeley FrameNet, which is
a general-purpose frame database and includes some information related to events (or concepts). Its main structure
consists of a Frame, that is a structured representation of an event (or concept), and its Frame Elements (FE) and
Lexical Units (LU), which are, respectively, a part of a sentence that identifies a semantic role in that event, and a part
of speech that can identify or evoke the event.

In Figure 1, we can see an example of a frame with its components. For example, the sentence “she wrinkled her nose
in disapproval” was annotated with the FRAME Body movement, the FEs Agent, Body part and Internal cause, and
was evoked by the LU wrinkled.

Figure 1: Example of frame from FrameNet (Bauer et al.)8

In Table 2, there is information on the current status of the project.
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Table 1: Quantity of entities on FrameNet.

Quantity
Frames 1,224
Frame Elements 10,535
Lexical Units 13,675

Medical Subject Headings (MeSH) Ontology

The MeSH database was developed to support a biomedical catalog, it defines terms that can be used to retrieve
relevant information from medical texts. On the database, there is a hierarchy, which consists of an arrangement
of three entities: (1) Descriptor - a broader representation of a concept; (2) Concepts - an exact representation of a
concept; and (3) Terms - different ways a concept can be identified by.

Figure 2 shows the hierarchy for the descriptor Spine, which contains the concepts Spine and Vertebra. Below each
concept there are terms for them. These terms are synonymous with each other, but only if they are under the same
concept and descriptor.

Figure 2: Example of a MeSH hierarchy for the descriptor Spine.

Another feature presented on MeSH is the Semantic Type which refers to a definition of a descriptor related to its
meaning, specifying if it belongs to a disease, a treatment, a medication, a sign or symptom, or something else. There
are 127 semantic types and a descriptor can be classified into a maximum of 4 different semantic types. In Figure 3,
there are 3 descriptors. The first two of them are the descriptors Pelvic Pain and Low Back Pain, which can be defined
by the semantic type Sign or Symptom, while the third one Muscle Weakness can be define both by Sign or Symptom
as by Pathologic Function, since it is essentially both of them.

Figure 3: Example of connections between semantic types and descriptors
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MeSH is a well developed ontology, which constantly updates its data. In Table 2, we specify the numbers of each
entity on the 2019 distribution of MeSH that was used.

Table 2: Quantity of entities on FrameNet.

Quantity
Descriptor 29,351
Concept 57,246
Term 238,535
Semantic Type 127

Preparing an Initial Corpus of Scientific texts

The first challenge on this work was to prepare an initial set of scientific papers and to identify which semantic frames
out of those from Berkeley FrameNet base 1 would be related to the Spine domain. A set of 8 scientific papers 2 were
freely evaluated by four physiotherapists, specialists in diseases of the spine. The evaluation they did aimed to identify
relevant chunks of text and also to annotate the topic of each chunk of text.

Figure 4 presents one of the papers annotated by those physiotherapists, the chunks of text highlighted as relevant, and
the explication about the annotation. On the first text highlighted is written “Lumbar radiculopathy refers to pain in
the back or buttocks that radiates down the leg in a dermatomal distribution.” and the annotation made by the expert
identifies the relevance in that with the words “diagnosis and symptom”.

Figure 4: Example of a scientific paper and its relevant chunks of text, annotated by experts of spine domain.

There were 151 chunks of text that were considered relevant, containing 284 sentences from a total of 1,280 sentences.
The main reasons for considering the annotation as relevant were Symptom, Treatment, Observation, Diagnosis, Anal-

1https://framenet.icsi.berkeley.edu/
2https://github.com/vcarnr/SpiNet
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ysis or Evidence. Since 46% of those attributions were Symptom and Treatment, these were the one used to define the
semantic frames. Patient was an element added to the this group since the context is medical.

We developed an algorithm for retrieving the frames from FrameNet that had Symptom, Treatment or Patient as a
Frame Element (FE). This procedure returned, initially, 36 frames and, of these, only 4 were evoked by words (LUs)
present in the relevant sentences. The evoked frames were the basis for the construction of SpiNet - the base of
semantic frames for the spine domain.

1. Condition Symptom Relation - a patient has a medical condition that can be understood by its Symptoms.

2. Medical Intervention - procedural or medicine based interventions are used on a patient to attempt to alleviate a
medical condition.

3. Medical Conditions - words in this frame name medical conditions or diseases that a patient suffers from, is
being treated for, may be cured of, or die of.

4. Cure - this frame deals with a healer treating and curing an affliction (the injuries, disease, or pain) of the patient.

The SpiNET Schema

The main intention with the creation of SpiNet was to develop a FrameNet inspired schema that is enhanced by the
MeSH ontology. The intuition behind that idea was that we had a large amount of terms on MeSH, which means we
could identify a lot of words on sentences with it. In addition to that, we also had a hierarchy on MeSH, in a way
that every Term leads to a Concept, which leads to a Descriptor which, at the end, leads to a Semantic Type. For that
reason, if we associate a frame element as Symptom to a semantic type as Sign or Symptom, we get a list of 3,257
terms on MeSH that can be identified as Symptom from a frame.

Since we had 127 semantic types in MeSH ontology, a readable amount, we manually evaluated which of them could be
linked to the Frame Elements on four frames. We also added Frame Elements that were not on the original FrameNet,
but that were considered relevant by the annotators (e.g. Object of Study, Concept). In Table 3 there is information on
the relations established.

Table 3: The relation between frame elements and MeSH Descriptors

Frame Element MeSH Semantic Type
Patient Patient or Disabled Group, Age Group and Population Group
Symptom Sign or Symptom and Injury or Poisoning
Disease Disease or Syndrome
Treatment Therapeutic or Preventive Procedure and Antibiotic
Location Body Location or Region and Body Part Organ or Organ Component
Concept Quantitative Concept
Object of Study Mammal, Bird, Fish
Organism Function Organism Function

After defining the relation of FEs to MeSH Semantic Types, we needed to define the LUs. Most of the LUs were
the same from the original FrameNet, but we added other 8 verbs which were frequently used on the papers, on
those relevant parts, which were: conclude.v, correlate.v, demonstrate.v, favor.v, highlight.v, improve.v, predict.v and
resolve.v. We also removed original LU since they were not found on the evaluated set of papers (e.g. asthma.n as a
LU from the Medical intervention frame on FrameNet). In Table 4 there is a definition of each frame with its FEs and
LUs, including the ones added.

Annotation

In order to create the SpiNET corpus of annotated sentences, three types of papers were selected and retrieved from
PEDro e Cochrane repositories: Systematic Review, Practice Guideline, and Clinical Study.

456



Table 4: SpiNet Schema definition

Frame Frame Elements Lexical Units
Condition symptom
relation

Patient, Symptom,
Disease, Location,
Treatment, Concept,
Object of Study,
Organism Function

manifest.v, cause.v, produce.v, link.v, relate.v, induce.v, provoke.v, in-
dicate.v, suggest.v, occur.v, observe.v, demonstrate.v, highlight.v, re-
solve.v, favor.v, improve.v, conclude.v, correlate.v, predict.v

Medical intervention Patient, Disease,
Treatment

treat.v, develop.v, indicate.v, consist.v, attempt.v, prevent.v

Cure Patient, Disease, Lo-
cation, Treatment

rehabilitate.v, treat.v

Medical conditions Patient, Disease,
Treatment

develop.v

Two different approaches were used, based on the information from the specialists. Since systematic reviews and
practice guidelines are supposed to give a broad perspective of an issue and not be focused on specific group cases,
as a clinical study would be, we extracted all sentences from systematic reviews and practice guidelines, while, from
clinical studies, we focused only the discussion part of the paper. The papers retrieved were processed by GROBID9,
which annotate the text in XML, so we were able to extract the paragraphs (and its headers) and only sections of a
paper.

For text segmentation and text cleaning, NLTK toolkit10 was used. Since the document of choice is a scientific paper,
it had to be taken in consideration that, as is common on this type of document, many terms would be abbreviated
after being written the first time. The first time Low Back Pain appears on the text, it will be written as this, the other
times it probably will be written as LBP. To handle that, we used the Schwartz-Hearst algorithm11, which identifies
these abbreviations. There was a cleaning method applied to most papers, which intended to include only what is after
abstract and before references, since those information in the abstract would most likely be repeated on the text, and
the references would not be relevant, in any way.

In order to automatically annotate the text, the following procedure has been followed:

1. Identify relevant sentences:

• to find LU in the sentence

• to associate the sentence with the Frame that contains the LU

2. Identify semantic types on relevant sentences:

• to find semantic types on text, based on the terms it has. So, if the term Spinal Column or Vertebral Column
is on the sentence, it will be identified as the concept and descriptors Spine, which is then identified as being
of the semantic type Body Part Organ or Organ Component

In Figure 5, we show an annotation made from the experiment, in which the LU relate is found on a sentence as
related, identifying the frame Condition symptom relation. After the frame being identified, we annotate the terms
found: Asymptomatic Individuals, Disk Degeneration and Young Adults, which are then associated with its semantic
type: Patient or Disabled Group, Disease or Symptom and Age Group respectively.

Since the annotation is automatically performed, we calculated the precision and recall metrics between the machine
annotation and the specialist validation (human physiotherapists). For this process of validation, we developed a
website (see Figure 6) in which those specialists could evaluate sentences with embedded BRAT visualizations from
BRAT annotation tool12. The papers were evaluated by sentence and not specifically by FE, so a sentence validated
consider all of its FEs validated.
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Figure 5: Example of automatically annotated sentence.

Figure 6: Website developed for annotation.

Annotation Statistics

Table 5 presents the statistics of the SpiNet corpus and the results of the human evaluation, in which 139 scientific
papers were processed until the moment, according to the order in which they were retrieved, with 8 of them being
evaluated by four human experts. We presented every sentence for validation, but most of the sentences evaluated by
the specialists were the ones SpiNet considered relevant. From those evaluated papers, there were a total of 1,213
sentences, in which 218 of them were considered relevant by the SpiNet framework and 154 of them were evaluated
by the human experts (as relevant or not). Only 7 of the sentences considered not relevant by SpiNet were evaluated
by the human experts, making a total of 161 sentences evaluated by the experts. Table 6 presents the confusion matrix
which shows these numbers of sentences predicted by the system and evaluated by the experts, as relevant or not.

Table 5: SpiNet Corpus and Evaluation Statistics.

Frame Element Frequency
Paper processed 139
Paper evaluated 8
Sentences from evaluated papers 1,213
Sentences considered relevant by SpiNet 218
Sentences evaluated by human experts 161
Relevant sentences (by SpiNet) evaluated by experts 154
Not Relevant sentences (by SpiNet) evaluated by experts 7

Table 6: Confusion matrix for validation.

True
Pred. Relevant Not Relevant Total

Relevant 111 1 112
Not Relevant 43 6 49
Total 154 7 161

Descriptive statistics of the annotated corpus are provided in Table 7. A total of 1,213 sentences are annotated with
28 frame-evoking LUs, and a total of 287 frames occurrences were identified in 218 relevant sentences, which means
there were sentences that identified LUs from more than one frame. Since not every sentence from those papers were
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evaluated (only 154 from 218), we also show on Table 7 the occurrences of evaluated frames.

Table 7: Annotated and Evaluated Frame frequency.

Frame Frequency Evaluated
Condition Symptom Relation 205 151
occur 30 19
cause 27 20
suggest 21 12
indicate 18 10
demonstrate 18 15
produce 16 13
relate 15 12
observe 8 6
improve 8 5
induce 8 8
predict 6 6
highlight 5 5
conclude 5 3
manifest 5 4
resolve 5 4
correlate 4 4
favor 2 1
provoke 2 2
link 2 2
Medical Intervention 54 29
indicate 18 10
treat 17 10
develop 10 3
consist 4 1
attempt 4 4
prevent 1 1
Cure 18 11
treat 17 10
rehabilitate 1 1
Medical Conditions 10 3
develop 10 3
Total 287 194

Regarding frame elements, the top-4 most common were Symptom, Location, Disease, and Treatment, which would
also be the ones that could be identified through most frames. On the other hand, Patient which is linked to all frames
is not the one with the most occurrences. In Table 8, we can see the frequency of each frame element, again with the
information of how many of them were evaluated.

Annotation Evaluation

In order to evaluate our classification of the sentences as relevant, using SpiNet framework, we calculated precision
and recall. Given the confusion matrix on Table 6, we have 111 sentences evaluated as relevant by experts from 154
predicted as relevant by SpiNet, resulting in a precision rate of 0.72. In terms of Recall (true positive rate), we have
111 correctly classified as relevant by SpiNet from an universe of 112 true positive, according the experts, resulting in
a recall rate of 0.99. So, the F1-score was 0.83.

459



Table 8: Annotated and Evaluated Frame Element frequency.

Frame Element Frequency Evaluated
Symptom 151 111
Location 95 64
Disease 70 30
Treatment 66 55
Concept 32 28
Organism Function 19 16
Patient 15 13
Object of Study 5 5
Total 453 322

Table 9 shows the precision rate for each Frame, according to the number of true positive (Support). Although the
precision rates varied between 0.45 and 0.77, the Condition Symptom Relation frame was the most annotated frame
and the one that showed better precision.

Table 9: Frame evaluation metrics.

Frame Precision Support
Condition Symptom Relation 0.77 117
Medical Intervention 0.59 17
Cure 0.45 5
Medical Conditions 0.67 2
Total 0.62 141

Regarding frame elements (FEs), the precision rate varied from 0.60 to 1.0, as seen on Table 10. It can be observed
that FEs that appear less (e.g. Object of Study and Patient) are the ones that vary more in performance. We attribute
that to the specificity of these FEs. On the other hand, the top-4 frames elements with higher frequency are also very
close in terms of the precision rate (0.77 to 0.89).

Table 10: Frame Element evaluation metrics.

Frame Element Precision Support
Symptom 0.79 88
Location 0.83 53
Disease 0.77 23
Treatment 0.89 49
Concept 0.64 18
Organism Function 1.00 16
Patient 1.00 13
Object Of Study 0.60 3
Total 0.81 263

Conclusion

In this paper, we presented SpiNet, a project that aims to automatically extract relevant sentences and parts of text from
scientific papers. We provide a FrameNet-like schema consisting of four frames (Condition Symptom Relation, Cure,
Medical Conditions and Medical Intervention) with the definitions of Frame Elements (FE) and Lexical Units (LU). In
addition, we propose an enhancement on the annotation by associating FEs from SpiNet to the Semantic Types from
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MeSH, making it possible to use the Terms from MeSH to annotate FEs. On the future, with more validated sentences,
we intend to use learning algorithms to improve our annotated corpus.

One of the limitations found was that we were not validating at the Frame Element level, we were validating at the
Sentence level, which means we had to deduce that if a sentence was validated, the frame and FEs recognized on
that sentence were also validated. Another limitation was the PDF extractor module, that for most cases achieved an
acceptable outcome, but when it were not able to identify references or tables correctly, it did interfere with sentence
segmentation. We also did not include any strategies to deal with negation and uncertainty at the moment, as we are
still studying and evaluating how to do it. A potential disadvantage of SpiNet is also that most Frames on it have a lot
of Frame Elements in common, despite having really distinct purposes and definitions. However, we could observe,
in the annotated sentences, that in fact the FEs were repeated even if the frames were different.

Despite our limitations, the experimental evaluation, described in this work, indicated that the SpiNet framework
can be used to automate the information extraction about diseases, treatments and symptoms in the medical domain,
specifically in the area of physiotherapy.
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Abstract When healthcare providers review the results of a clinical trial study to understand its applicability to their
practice, they typically analyze how well the characteristics of the study cohort correspond to those of the patients
they see. We have previously created a study cohort ontology to standardize this information and make it accessible
for knowledge-based decision support. The extraction of this information from research publications is challenging,
however, given the wide variance in reporting cohort characteristics in a tabular representation. To address this is-
sue, we have developed an ontology-enabled knowledge extraction pipeline for automatically constructing knowledge
graphs from the cohort characteristics found in PDF-formatted research papers. We evaluated our approach using a
training and test set of 41 research publications and found an overall accuracy of 83.3% in correctly assembling the
knowledge graphs. Our research provides a promising approach for extracting knowledge more broadly from tabular
information in research publications.

Introduction

Clinical trials and other controlled research studies are gold standards for demonstrating evidence on the efficacy
and safety of new interventions. The results of these studies are frequently included as recommendations in clinical
guidelines that healthcare providers will use to inform practice decisions. There have been ongoing concerns, however,
about whether clinical trials and other controlled studies enroll participants that are representative of the clinical
population broadly, or if they include biases and population gaps1. Providers may thus seek to review the underlying
studies for a particular guideline recommendation to examine whether the characteristics of the study cohorts match
those of the patient population they see in terms of demographic or clinical factors.

We have previously built the Study Cohort Ontology (SCO) to standardize this information and make such information
accessible within knowledge-based decision support systems informed by guideline recommendations and clinical
trial results. The SCO models a comprehensive set of characteristics about study cohorts and encodes this knowledge
as Resource Description Framework (RDF) Knowledge Graphs (KGs)2. The SCO ontology reuses concepts from
standard, well-used biomedical ontologies, to support the modeling of study cohort table components. In addition to
extending decision support systems with literature-derived knowledge, the SCO enables cohort similarity applications
and population analysis scenarios. However, creating these study cohort KGs by hand is a time-consuming process
and will not scale to the massive volume of research studies that have been published. In our current work, we seek
to populate the SCO KG by automatically extracting the study cohort information from cohort tables in research
publications. The accurate extraction of this information is challenging, however, given the wide variety of ways
researchers report cohort characteristics in tabular representations.

Approach

Study cohort tables exhibit a wide variance in representation, style, and content, which poses problems for automatic
knowledge extraction. In (Figure 1), we have annotated five examples of variances depicted via numbering in the
figure. For instance, these tables may contain both continuous characteristics (1) and categorical characteristics (2),
with statistical measures recorded in the row header. In the case of (4), measures are not explicitly stated at all, and
instead context clues such as the plus-or-minus symbol “±” are used to indicate the measure. In addition to varying
formats for measures, individual cells of a table may have dependencies with multiple row and column headers and
sub-headers that must be parsed in order to correctly interpret the cell value. This situation can be seen in (3), which
includes the indented rows labeled “Median” and “Interquartile range.” The subject characteristic being described by
these rows cannot be determined based on these row headers alone, but only if the row sub-header “Weight (kg)”
is associated with them. A similar situation is also seen in (5), where the row headers “mmol/mol” and “%” only
describe units, and measures and other relevant information are included in multiple row sub-headers. While a single
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Figure 1: A constructed example of a study cohort table assembled to depict variations in reporting styles. We
highlight the nested row structure typical of study cohort tables, and show some of the several different reporting
styles (see annotations 1, 2, 3, 4, 5) we have observed across different research publications.

table tends to be consistent in how it formats data, nearly every table uses a different format from all the rest.

To address these challenges in extracting study cohort data, we have developed a general and scalable knowledge
extraction pipeline that uses an ontology-enabled approach to handle the wide variety of formats of study cohort tables.
The pipeline accepts a PDF format of a research publication as input, extracts and determines relationships within the
study cohort information therein, and produces a KG modeling this information as the output. To do this, the pipeline
uses a rule-based method in that the pipeline leverages knowledge found within the rules and relationships between
concepts defined by the ontology. We have evaluated this pipeline using publications cited in the 2019 American
Diabetes Association (ADA) guidelines3, and we show that we can achieve an overall high accuracy for correctly
assembled knowledge graphs.

Related Work

There has been research into approaches to extracting information from clinical trials, including approaches that
incorporate semantic methods. Milosevic et al. demonstrated a method to extract specific types of information (e.g.
number of patients or gender distribution) provided by a user using a combination of semantic tagging and syntactic
rules, provided for each data type. Their methods were based around the breaking down of a table into its component
cells and cellular structures, and achieved F-scores ranging from 82% to 92% depending on data type4,5. Some other
approaches also use semantic methods. Dhuliawala et al. found success in extracting information from a medical
schedule of activity tables using a variety of semantic, structural, and NLP approaches, based on the fact that tables
are structured according to reoccurring patterns6. MetaMap includes a feature for matching UMLS terms to text found
in tables, but does not match these terms to values within the table7. We find that these prior works demonstrate the
need for this kind of table extraction and the feasibility of a rule-based approach that takes advantage of reoccurring
patterns. However, there is still work to be done in creating a robust system that can extract a wide variety of different
cohort characteristics that are represented using different formats, statistical measures, and terminology. We also
depart from these prior works by building a KG rather than extracting data to a less expressive (but still machine-
readable) format. By representing the study cohort in KGs, we capture the original associations of the table closely
and allow for systems to view the entities described in tables as they are presented.
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Figure 2: The knowledge extraction pipeline
consists of four steps: 1) PDF-JSON conver-
sion, 2) Creation of the tree table, 3) Annotat-
ing tokens with KG elements, and 4) Assem-
bling a KG from annotated KG elements.

Additional research has been conducted in extracting information
from other domains using ontology-enabled methods. Embley et al.
demonstrated that an ontology modeling a specific domain can be
used to create rules for a rule-based method of knowledge extraction
in a particular domain, and achieved 90% recall and 98% precision in
tests8. This system is designed to only operate on unstructured text,
and hence their methods are not directly applicable to study cohort
tables. Although our methods use some of the same principles that
underlie this work, we do not use the ontology to generate separate
rules for extraction. Instead, we use our heuristics to convert a table
to a graph-like tree table structure, and then use common graph algo-
rithms such as depth-first search to match the content of the table to
the original ontology. With this approach, the ontology is used both
during the extraction process, and as the schema for the KG output
by the pipeline. Related work by Embley does operate on tables, but
aims to synthesize new ontologies from the relationships described
by a table rather than create a KG of the table’s contents9.

Methods

Our extraction pipeline consists of four steps, as shown in (Figure 2).
In Step 11, the study cohort table from the raw PDF of the research
publication is converted to a machine-readable format. In Step 2,
row sub-headers are identified and the data structure is reorganized
into a tree table structure. In Step 3, individual KG components are
identified from the text of the table, and the data structure is anno-
tated with these components. In Step 4, the relationships between
components are determined based on the table structure and the KG
is created.

Step 1: PDF Conversion In this step, a PDF of the research publi-
cation is supplied to the Corpus Conversion Service (CCS) tool10.
The tool identifies text and tabular elements in the study and extracts
them. Individual tables within the PDF are identified by a human
as containing clinical trial data that should be extracted, and they
are fed into the service. After we trained the CCS on some sample
study cohort tables, the conversion service was able to use machine
learning techniques to convert the PDFs into JSON representations
of the tables. These converted tables included not only the raw text
within the table but also row and column information for each cell,
as well as the font, style, and bounding boxes2 of the segments of ex-
tracted text. In the next step of the pipeline, we leverage this JSON
representation of the cohort tables to convert them to a data structure the rest of the pipeline can interpret.

Step 2: Tree Table Construction Although the converted tables obtained through the CCS tool are in a machine-
readable form, this form represents the tables as “flat” tables, i.e., tables where rows are not arranged in a hierarchy.
However, the vast majority of study cohort tables we observed were analogous to “tree tables.” As described in Tidwell
et al., these tables “put hierarchical data in columns, like a table, but use an indented outline structure in the first
column,” so that they exhibit many layers of nesting12. An example of a tree table is shown in (Figure 3).

To aid in the construction of the KG in later steps of the pipeline, we convert the JSON format produced by the CCS

1We refer to steps of our extraction pipeline in italics.
2Bounding box: the pixel coordinates of the smallest-sized box region enclosing a segment of text.
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Figure 3: The tree table structure, in which some rows are nested under other rows (row sub-headers). Data in this
table was originally gathered from a publication by Patel et al11.

tool into a tree table format using a heuristic-based approach. The heuristic first relies on indentation information, if
present, and if not uses the font style information of row headers. We leverage the row bounding boxes, captured within
the CCS tool, to measure the pixel difference from one row to the next, which allows us to determine the indentation
levels of each row. Additionally, some tables do not use indentation to indicate row subheadings, but instead use font
style. To tackle this issue, we have designed an additional heuristic to be used if the initial indentation heuristic does
not identify row subheadings, whereupon any row with entirely bold text is treated as a row subheading in the same
manner.

Using these heuristics, we reorganize the tabular data structure into a nested structure, wherein a row may have several
sub-rows where each sub-row is indented more than its parent row. This nested tree table structure aids in identifying
all the associations between rows, as sub-rows typically require information from row subheading(s) to be correctly
interpreted in later steps of the process. Given this tree table structure, we are in a position to construct the KG by
classifying table cell values in Step 3 and leveraging the tree table structure to combine these values in Step 4.

Step 3: Node Classification In this step, KG elements are identified from the cells of the extracted table. By KG
elements, we mean nodes in the KG that will be associated with other nodes in Step 4 of the pipeline. To do this, we
first tokenize the text of each cell using a regular expression-based tokenization scheme to create a separate token for
each alphanumeric word, number (possibly including a decimal point and/or negative sign), and punctuation symbol.
Tokenization allows us to consider individual “tokens” (segments of text) in a cell, which can then be annotated with
KG elements. In the process of tokenization, we sometimes combine some separate words into a single multi-word
token, if the series of words and/or punctuation appears on a predefined list of common multi-word concepts (e.g.
“Std. Dev.” is treated as one token). We created this list of keywords (allowing for variations) based on the concepts
we intend to annotate, which originate from the underlying ontology.

After tokens are created for a given cell, each token is passed to a series of classifiers, which attempt to identify the
token and create a KG element representing that token. Currently, we use two classifiers. The first of these is the Value
classifier, which identifies numerical tokens, parses their value, and assigns them to an RDF literal with the parsed
value. An RDF literal is a node in a KG that contains “values such as strings, numbers, and dates.”3 The second, the

3RDF literal : https://www.w3.org/TR/rdf11-concepts/#section-Graph-Literal
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Figure 4: In step 3 of the process, cell text is tokenized and assigned KG elements. Some of the annotations are shown
at the top of the figure. Data from Patel et al11.

Concept Classifier, is loaded with a mapping of keywords to SCO concepts, and if the supplied token matches one of
these keywords, it is annotated with the corresponding SCO concept.

A depiction of tokens and some examples of the KG element annotations are shown in (Figure 4). At this stage, where
tokens are converted to KG elements, standalone tokens are complete, however, tokens with dependencies or that need
more information are marked as incomplete. Some of the KG elements (shown in blue in (Figure 4)) are completed,
meaning they represent a literal value which can be represented in the KG as-is. For example, a number in a table cell
would be a completed node. Other KG elements are incomplete, because they must be associated with other nodes to
be represented in the KG. In the next step we utilize the tree table structure to associate nodes and construct a full KG.

Step 4: Graph Assembly In the final step of our extraction pipeline, the different KG elements are combined with one
another to build the complete KG. We use an ontology-enabled approach, in which relations are created between KG
elements based on the structure defined by the KG’s underlying ontology, which in our case is given by SCO.

Figure 5: In Step 4 of the process, 1: the measure template forms associations between a measure and a value, 2: the
row template forms associations between a characteristic and measures, 3: the column template forms associations
between a study arm and characteristics, and 4: the final structure is shown. We show a snippet of a study cohort table,
marked via dotted lines with the tabular locations of each template. Data from Patel et al11.
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In an RDF KG, we typically represent content in subject, predicate, object triples,4 to capture associations between
nodes. For example, a triple pattern in the cohort characteristics would be that of a standard deviation node which needs
to be associated with the value it is measuring in order to be considered complete. We also observed that there exist
other triple patterns in cohort characteristic tables, such as columns depict study arms, rows represent characteristics
recorded on subjects belonging to these study arms, and cells report the statistics for these characteristics. We leveraged
the existence of these patterns and represented them as templates that are used to assemble nodes in a KG.

These templates for interpreting the table’s rows and columns are informed by concepts from the underlying SCO
ontology. An example of a row template is shown in (Figure 5). In SCO, these templates are defined based on the
organization of concepts in cohort characteristics tables.

• Column Template: We use the “study arm” class as a column template. This class composition defines that
study arms need to be associated with any number of subject characteristics, and have a study population size.

• Row Template: We use the “subject characteristic” class as a row template. This class composition associates
a subject characteristic to its corresponding measure(s). Additionally, we use two templates for rows as rows
commonly contain either continuous characteristics (e.g., Age) or categorical characteristics (e.g., Race). In
the KG created manually by Chari et al. using the SCO ontology, continuous characteristics are represented as
attributes of study arms, whereas categorical characteristics are represented as collections2. We leverage these
representation styles in our templates in order to ensure that the KG is correctly representing the semantics of
the knowledge contained within the cohort table.

• Measure Template: We use the “Statistical Measure” class for measures (e.g. mean, std. dev.). This class
composition needs to be associated with a value (an RDF literal).

We use these templates to form associations between the nodes created in Step 3. To ensure that the associations are
created correctly, we traverse the tree table structure in a recursive depth-first search, such that measures in a row
header are associated with values from cells in that row. In our case, the depth-first search starts at the column headers,
and moves down to each row beneath that header. The movement of the recursive algorithm is dictated by the ordering
between our templates, in that it first starts with the column template, then moves on to a row template, and then a
measure template. Once a row with values is reached, it applies the measure template to associated measures in the row
header with values in the row’s cells (see Figure 5). If there are any sub-rows, the algorithm moves to those; otherwise,
it percolates the recently associated measure and value back up to the row template, that associates the measure to its
corresponding subject characteristic. Also, the algorithm will percolate this subject characteristic up to associated row
headers if present. If not, the subject characteristic is percolated up to the column header, and the column template
associates this characteristic with a study arm. The algorithm then continues to the next row, repeating the process
described until all rows in the table have been associated with the study arms in the KG. The KG created as a result of
this process can be viewed in part 3 of (Figure 5).

The KG produced by the pipeline is in the Terse RDF Triple Language (commonly called Turtle)13. The Turtle output
consists of nodes linked to other nodes via the subject-predicate-object paradigm, and can be queried via SPARQL
(SPARQL Protocol and RDF Query Language) queries to learn information about the cohort these KGs represent. An
example of a query is shown in (Figure 6), where the user queries the KG for information about study arms in a clinical
trial, and filters the results to only include study arms with a mean age greater than 60 years. Although the KGs can be
used as-is, they are intended to be used as a knowledge base for future physician-facing applications (examples, such
as cohort similarity visualizations and population analysis scenarios, are provided in Chari et al2.).

Evaluation and Results

In designing the SCO ontology2, we selected at random 18 research publications cited in the pharmaceutical interven-
tions and hypertensive comorbodities chapters of the ADA Standards of Medical Care guidelines 201814. We chose
these publications because we plan to populate SCO with the study cohort data of clinical trials supporting specific

4RDF triples: https://www.w3.org/TR/rdf11-concepts/#section-triples
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Figure 6: The outputted knowledge graph (KG) can be queried via SPARQL. Shown: a query to display study arms
of a study with an average age greater than 60.

clinical practice guidelines in diabetes care, for future work in meta-cohort analysis on studies supporting these guide-
lines. We reused this set of publications as the training set for designing the knowledge extraction pipeline, in that
the pipeline features were designed around these publications and were gradually iterated on over time. Our initial
evaluation demonstrated that our pipeline achieved a 93.5%5 accuracy on the training set. To evaluate the correctness
of the pipeline, we used a new set of 23 publications also cited in the pharmaceutical interventions and hypertensive
comorbodities chapters of the 2019 ADA guidelines3 as a testing set, containing 27 tables total. These publications
were not included in the old set or examined prior to evaluation, so that the design of the pipeline was not influenced
by them. For each publication in the test set, we compared the KG produced by the knowledge extraction pipeline
against the manually verified ground truth KG. The ground truth was generated by a tool we developed that allowed
us to annotate the output of the KG and find inaccuracies. Additionally, we did not evaluate the performance of the
external CCS tool in extracting table text and metadata from PDFs, and 3 tables which were originally slated to be
included in the test set were excluded due to their inability to be parsed correctly. This left a total of 3744 data items
within the testing set, with an average of 138 items per table and 163 per publication. The publications were sourced
from nine different journals, most frequently the New England Journal of Medicine (with 12 publications total) or the
Lancet (with 4). All other journals provided one publication.

We evaluated the performance of the extraction pipeline for each publication in the test set on a per-data-item basis.
One data item is defined as one value in a table cell, which is in turn associated with a row and a column, and there may
be multiple data items per cell. For example, if the subject characteristic “age” is reported by a mean and standard
deviation measure, there are two data items per cell for the “age” characteristic. For each data item, we use three
metrics that evaluate whether the item has been correctly extracted, and report the accuracy for a metric by dividing
the sum total of correct data items over the total number of all data items for a given publication. Additionally, we
report the average accuracy across all publications in the test set.

• The first metric considers a value correctly extracted if it is correctly parsed and included in the KG. 99.8% of
data items were correctly parsed.

5We highlight all accuracies in boldface.
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• The second metric considers a data item correct if it has been represented in the KG with the correct statistical
measure. 85.6% of data items were assigned the correct statistical measure.

• The third metric considers a data item correct if it has been grouped with the correct cohort characteristic and
study arm. 97.9% of data items were grouped with the correct cohort characteristic and study arm.

By inspecting the output of our pipeline, we determine if a data item is wholly correct based on whether it meets all
three metrics. Based on the output of this determination, we compute an overall accuracy for the knowledge extraction
pipeline. The overall accuracy for the test set is 83.3%.

Figure 7: Publications arranged by overall accuracy. Publications shown in
black experienced no significant errors, publications in blue experienced errors
related to column headers, and publications shown in red experienced errors
related to relevant information only being included in footnotes or body text.

Overall, the knowledge extraction
pipeline was able to handle a wide
variety of publications and table re-
porting styles, and most of the KGs
were extracted without issue. This
finding is demonstrated by a highly
right skewed distribution, as seen in
(Figure 7). Sixteen of the twenty-
three tables (70%) achieved an over-
all accuracy of 90% or above, two
tables (9%) achieved an accuracy
between 90% and 75%, and five ta-
bles (22%) failed to achieve an over-
all accuracy greater than 60%. Of
the five tables that achieved an accu-
racy less than 60%, two of them did
not explicitly specify the measures
used to report the characteristics in
the table itself—rather, the measures
were only included in a footnote be-
low the table, or were stated in the
body text of the publication. The
other three tables with an accuracy
below 60% had measures reported in column sub-headers, including one table which combined study cohorts with
frequency of events that the pipeline failed to capture any measures from. Our pipeline did not capture these measures
in column sub-headers, as currently, sub-headers are only identified based on either indentation level or text style,
although we are exploring the use of machine learning techniques in the tree table heuristic that would allow for in-
creased flexibility in identifying sub-headers. On tables with measures included in rows or row sub-headers, we report
a 98.5% accuracy, despite many other variations found within these tables. Although the pipeline was trained on a
different set of tables, it was able to adapt to a new set of tables which included many previously unseen formats.

Discussion

By representing study population information as relevant KGs supported by common ontologies, the web of data
could grow to encompass study cohort information. Although the study cohort data is readable by humans in research
publications, they are otherwise nearly inaccessible for machines that can reuse and mine this data for further analysis
and linking. Beyond decision support, the software that will consume such KGs can be useful to health professionals
in locating a relevant study that has not surfaced when treating a complicated patient, or for clinical researchers who
are relying on workflows that aggregate data from various streams. In pursuit of these goals, we have introduced a
novel approach to automatically extract cohort tables into a Semantic Web-consistent framework.

Despite the variations in format and reporting styles of study cohort tables, the knowledge extraction pipeline was
successful in extracting study cohort information from these tables and organizing this data in an RDF KG. We ob-
served that the pipeline was able to perform well, even on tables with formats and styles not previously seen during
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the creation of the pipeline, achieving an overall accuracy of 83.3%. 35% of tables in the testing set were published
previously, and 48% of tables contained at least one novel format or configurations of tabular features.

Rule-based algorithms have previously been demonstrated to be effective in extraction of specific, pre-selected cohort
characteristics, as shown by the framework presented by Milosevic et al in 2019. In results comparable to ours,
Milosevic used rule-based methods to extract measures and values from study cohort tables for the “age” characteristic
with an f-measure of 82.8, and extracted the population size of study arms with an f-measure of 83.95. However, our
pipeline extracts these characteristics and more from the entire study cohort table at one time, and does not require
specific rules per characteristic.

When the pipeline experienced errors, they tended to occur when a statistical measure was assigned a value. This is
demonstrated by the 85.6% accuracy in assigning the correct measure, compared to the 97.9% accuracy in assigning
the measure to the correct characteristic and study arm. Statistical measures tend to have a much greater variability in
representation than other aspects of the table, and the multistage nature of the pipeline tends to mitigate other errors.
For example, when Step 2 of the pipeline organizes tabular data into a tree table structure, Step 4 of the pipeline utilizes
this structure to ensure values in a row are assigned to the correct characteristic. The errors with statistical measures
are mostly traced to two specific problems that could be fixed with adjustments to individual stages of the pipeline.
The most common error occurs when statistical measures are reported in column sub-headers (as opposed to row sub-
headers), and is fixable with tweaks to Step 4. The second-most common error occurs when statistical measures are
reported in footnotes instead of the table proper, and we are exploring the option of parsing footnotes in addition to the
table when the table is initially converted from PDF form in Step 1. When these two errors do not occur, we note that
the rest of the information in the KG tends to be assembled without issue. However, there may be additional errors
that were not observed due to the relatively limited size of the testing set. We plan to perform additional evaluation on
larger sets of publications from additional medical domains as we continue to develop the pipeline.

The output of the pipeline is a KG that has been assembled based on the relationships between concepts in the original
study cohort table. The KG format is a standardized, machine-readable data structure that is able to represent a variety
of entities and relationships found in data, and represents an accessible resource that contributes to medical knowledge
as a whole. For example, KGs can be semantically integrated into other health services, as described in Shi et al15.
In particular, we see value in using a study cohort KG to compare a patient’s personal demographic characteristics
and laboratory results against the study cohort of a clinical trial, to determine how well a patient matches the study
population. Although there are other approaches to automatically generating KGs in the medical domain, such as the
work by Goodwin et al. in generating KGs based on electronic medical records16, there is not yet an approach to
generating KGs directly from tables in a research publication.

At present, the pipeline only uses a small list of keyword mappings, and only maps statistical measures to their concept
in SCO. We can currently map information reported in different statistical measures, covering measures such as central
tendency (e.g. Mean, Median), dispersion (e.g., Standard Deviation, Interquartile Range) and totals (e.g., population
size) measures. Currently, terms such as demographic characteristics and medical interventions are included in the
outputted KGs as labels, but are not directly mapped to an ontology concept. We are exploring the possibility of
incorporating either UMLS MetaMap7 or the NCBO BioAnnotator17 into the pipeline, to augment or replace the
keyword mappings and map all demographic and medical terms to a concept in a medical ontology. According to our
preliminary results, the NCBO BioAnnotator has good support for Open Biological and Biomedical Ontology (OBO)
foundry ontologies and is able to map terms to most SCO concepts. In the future, we plan to evaluate the results of
augmenting the pipeline with these tools. The latest version of the pipeline is accessible via our GitHub repository6.

Conclusion

Currently, our pipeline is able to take a research publication in PDF form and produce a KG that assembles the tabular
components as per the relationships in the provided ontology. Although this KG only matches terms to specific con-
cepts when keyword mappings are provided, unidentified terms are included as metadata associated with placeholder
concepts. Prior work4 shows that keyword-matching can be used to identify tabular data from clinical literature, but
requires specific rules for each extracted data type (e.g. characteristics such as BMI or age). Our pipeline avoids this

6See https://github.com/tetherless-world/study-cohort-extraction-pipeline for more information.
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issue of manually designing or training these rules by incorporating relationships between data types that are already
described by the underlying ontology into the extraction pipeline. Our initial results show that we are able to mitigate
the variance in the format of study cohort tables, as we have been able to identify the statistical measures of subject
characteristics and build a KG encapsulating associations between these measures and other components of the table.
Overall, the KGs we are creating show the validity of an ontology-enabled approach to extracting study cohort data
from tables and are a step in the automatic recovery of clinical trial data for analysis purposes.
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Abstract 

The direct use of EHR data in research, often referred to as ‘eSource’, has long-been a goal for researchers because 

of anticipated increases in data quality and reductions in site burden.  eSource solutions should rely on data exchange 

standards for consistency, quality, and efficiency.  The utility of any data standard can be evaluated by its ability to 

meet specific use case requirements.  The Health Level Seven (HL7®) Fast Healthcare Interoperability Resources 

(FHIR®) standard is widely recognized for clinical data exchange; however, a thorough analysis of the standard’s 

data coverage in supporting multi-site clinical studies has not been conducted.  We developed and implemented a 

systematic mapping approach for evaluating HL7® FHIR® standard coverage in multi-center clinical trials.  Study 

data elements from three diverse studies were mapped to HL7® FHIR® resources, offering insight into the coverage 

and utility of the standard for supporting the data collection needs of multi-site clinical research studies. 

Introduction 

Since the earliest days of health information systems and electronic health records (EHRs), clinical researchers have 

sought to repurpose clinic data for use in clinical research studies.1  The electronic exchange of medical record data 

directly from an EHR system to a research data collection system has long-been a goal for researchers because of 

anticipated increases in data quality and reductions in site burden.  Pursuit of direct extraction and use of EHR data in 

multicenter clinical studies has been a long-term and multifaceted endeavor that includes design, development, 

implementation and evaluation of methods and tools for semi-automating tasks in the research data collection process, 

such as medical record abstraction (MRA).2  Both industry and federal agencies have continued to encourage the 

development and advancement of solutions that promote optimal usage of electronic data sources in clinical 

research.3,4  In 2013, the Food and Drug Administration (FDA) issued a guidance for use of electronic source (eSource) 

data in clinical investigations4 – the term ‘eSource’ often used colloquially to refer to the method of direct capture, 

collection, and storage of electronic source data (e.g., EHRs, electronic patient diaries, or wearable devices) in an 

effort to streamline clinical research.  In 2018, a separate FDA guidance was developed, specifically outlining the use 

of EHR data in FDA-regulated clinical studies.5 Although several federal guidelines and industry standards exist, the 

development, implementation, and evaluation of EHR-specific eSource solutions has been limited2 and manual 

“transcription between electronic systems continues to be the norm”.3  This transcription occurs when a clinical 

research coordinator reviews a patient record in the EHR and then copies EHR data from a screen to paper, hand enters 

it into a research database, or both in sequence. 

Over the last decade, sporadic attempts toward the development and implementation of eSource solutions have been 

reported.6,7  Several eSource solutions have been developed, evaluated, and improved to allow for the direct data 

extraction from the EHR to the electronic data capture system (EDC).  However, most of the existing solutions have 

been limited to single-EHR (vendor), single-EDC (electronic data capture), and single-institution implementations,2 

which significantly hinders the generalizability and scalability of present solutions.  Another significant limitation of 

previous eSource implementations is that previous approaches all leveraged older data exchange standards, such as 

HL7® Clinical Document Architecture (CDA®) or the Integrating the Healthcare Enterprise (IHE) Retrieve Form for 
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Data Capture (RFD) standards.2,8-12,17-19,21-35  A constraint of existing healthcare standards is the ability to handle the 

inherent variability that exists within healthcare and clinical research.  Traditionally, this occurs because the standard 

lacks flexibility and does not have a formalized way to adapt to the diverse needs to support multiple use cases.  Often, 

this results in site- or institution-specific adjustments to the standard’s original specification (e.g., to capture more 

fields and optionality) that can significantly add to implementation and maintenance costs and increase complexity to 

the resulting implementations.36  For example, limitations restricting the ability of the Clinical Data Interchange 

Standards Consortium (CDISC) Operational Data Model (ODM) to support a wider variety of eSource-related use 

cases has been the lack of (1) a complete implementation model and (2) a formal mechanism for capturing semantics 

or logical relationships between data elements.37,38  The Health Level Seven (HL7®) Fast Healthcare Interoperability 

Resources (FHIR®) standard is designed to address the limitations of pre-existing standards through improved 

specificity of data element definition and representation, as well as implementability, flexibility, and adaptability for 

use in a wide variety of contexts without sacrificing information integrity.   

Previous efforts have demonstrated the need for additional research and evaluation of eSource data collection for 

multi-site clinical research studies.2,6-17  The successful implementation of a generalizable eSource solution requires 

(1) use of data standards for consistency, (2) process re-design for efficiency, and (3) rigorous evaluation to assess 

improvement (or not) in data quality, site effort, and cost.2,3,6,7,18,19  The work presented in this manuscript aims to 

tackle the data standards component and will expand upon the work of previous pivotal studies to address the gaps 

identified.  The results will help to inform future eSource development efforts by providing insight into the utility of 

the HL7® FHIR® standard in supporting EHR- and EDC-agnostic eSource implementations for use in multi-site 

clinical research studies.  To our knowledge, no work has been previously done to systematically evaluate content 

coverage of the HL7® FHIR® standard for supporting data collection and exchange in multi-site clinical research.  

While we focus on the clinical research use case, the work presented here is of great relevance to all biomedical 

informatics domains (bio-, imaging, clinical, clinical research, public health, and translational informatics). 

HL7® FHIR® Standard 

The overall effectiveness and utility of any eSource solution is heavily reliant on the data exchange standard 

implemented.  Data exchange standards are necessary for seamless information flow by facilitating direct data sharing 

across multiple systems.20  Unlike more traditional approaches used to support data exchange, i.e., data exchange via 

FTP (file transfer protocol) and ETL (extract, transform, load) processes, data exchange standards enable 

interoperability and streamline the electronic exchange process by organizing, representing, and encoding data so that 

it can be easily understood and accepted by receiving systems.20  Use of international and/or national data and 

exchange standards provides consistent approaches.  Both of which would ultimately improve quality and efficiency 

in data exchange and consumption for multi-site clinical research studies.   

The HL7® FHIR® standard, or simply FHIR®, is an international healthcare information exchange standard “that 

makes use of an HL7®-defined set of “resources” to support information sharing by a variety of means”.36  A resource 

is a small collection of clinical and administrative information that can be captured or shared.  All exchangeable 

content is defined as a resource.  Examples of resources include “Observation”, “Patient”, and “Specimen”.  FHIR 

was developed to exchange small units of information while incorporating additional structure to the data.  It was 

initially designed specifically for exchange, but also focuses on the content (boundaries and relationships) as well.  

FHIR® resources not only define the units of data to be exchanged, but also provides business rules and defines the 

interfaces between electronic systems to support the exchange process.   

The FHIR® standard is becoming widely used internationally to support healthcare data exchange using a variety of 

applications, primarily EHR-based data collection, including regulatory and clinical decision support purposes.  

FHIR® is often referred to as the “next generation” standards framework, developed by incorporating the best features 

of previous HL7® format standards, i.e., Version 2 (V2), Version 3 (V3), and Clinical Document Architecture 

(CDA®).36  With a strong implementation focus, FHIR® allows for fast uptake and “out-of-the-box” interoperability 

for seamless information exchange via RESTful architectures.36  FHIR® evolved from the need to share health 

information securely across the web to multiple open systems and a multitude of device types (web browsers, desktop 

machines, legacy systems, mobile devices, tablets) in real time.36  Additionally, FHIR®’s simple, yet versatile, 

framework allows for the accommodation of diverse healthcare processes as a stand-alone standard or in tandem with 

other widely used standards (e.g., CDISC Study Data Tabulation Model (SDTM), which is required for FDA-regulated 

clinical trials), including existing HL7® standards (e.g., HL7® CDA®), and terminologies (e.g., LOINC®, SNOMED, 

and ICD). 
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Many EHR vendors have shown interest and invested in the use of FHIR® to improve data exchange and 

interoperability.  Moreover, several vendors are already supporting various versions of the base standard within their 

respective systems (i.e., Epic, Cerner) in order to comply with regulatory requirements (i.e., Centers for Medicare and 

Medicaid Services (CMS)39 and Office of the National Coordinator for Health Information Technology (ONC)40 Final 

Interoperability Rules).  However, there is no evidence that the FHIR® standard is comprehensive or expressive 

enough to support eSource implementations for multi-site clinical research.  To determine the utility of the HL7® 

FHIR® standard for multi-site clinical research, this evaluation assesses the extent to which this standard meets the 

needs of representative clinical research studies.  Our results quantify and classify the extent of data availability to 

indicate the level of completeness of the HL7® FHIR® standard in supporting the data collection needs of multi-site 

clinical research studies.  Understanding the overall utility and content coverage of the HL7® FHIR® standard to 

support efficient and accurate data collection is critical across clinical and translational research, for industry and 

investigator-initiated studies, and has been communicated as an area in need of continued work across all relevant 

stakeholder groups (academic, industry, and government).   

Methods 

Mapping was performed to assess the level of HL7® FHIR® standard completeness (or data element coverage) in 

supporting data collection for multi-site clinical research studies.  A systematic approach was developed and used to 

map study Case Report Form (CRF), i.e., data collection form, data elements to corresponding HL7® FHIR® standard 

resources.  The mapping approach is a framework for evaluating the coverage of the standard and can be utilized by 

others in the field performing similar work.   

Study Selection 

The research team requested example studies from several industry and federal sponsors who provided study CRFs 

and data dictionaries for mapping.  The studies varied in target population (adult vs. pediatric), therapeutic area (TA), 

trial type, trial setting (inpatient vs. outpatient) and sponsor type (industry vs. federal).  The main objective for 

selection was to identify studies that may differ from one another in each of these five areas so that the mapping results 

would be more generalizable to a wider range of study types.  Briefly, Study A was a federally sponsored, pragmatic 

cardiovascular randomized controlled trial (RCT) targeting adults (NCT03296813); Study B was a pharmaceutical 

phase III antiepileptic drug (AED) trial also targeting adults (NCT03373383); and Study C was a federally sponsored 

pediatric observational study that collected inpatient data retrospectively (https://heal.nih.gov/research/infants-and-

children/act-now). 

Additional information on the three studies selected for mapping is available in Table 1.  Variation across population, 

therapeutic area, trial type, trial setting, and sponsor type ensures that our sample is representative, which is also 

reflected by the diversity of data collected across studies.  Study data elements were categorized into unique research 

domains (i.e., demographics, medications, medical history, adverse events, etc.) in order to better gauge the 

representativeness of our sample.  In total, 2206 (814 distinct) data elements were evaluated. 

Table 1. Clinical Research Study CRFs for FHIR® Mapping 
Study Population TA Trial Type Inpatient / Outpatient Sponsor 

A Adult CV / CHF Pragmatic RCT Both NIH-NHLBI 

B Adult Antiepileptic  Phase III Outpatient Pharmaceutical 

C Pediatric NAS / NOWS Observational Inpatient NIH 

*TA = therapeutic area (CV/CHF = cardiovascular/congestive heart failure, NAS/NOWS = neonatal abstinence syndrome/neonatal opioid 

withdrawal syndrome); Trial Type = the type of trial represented by the Study (RCT = randomized control trial); Sponsor = the type of sponsor for 
the study that provided the study CRF(s). 

FHIR® Mapping 

Data elements from electronic CRFs (eCRFs) and data dictionaries for the three representative studies were mapped 

to the FHIR® standard.  The HL7® US Core Release 4 (US Core R4) implementation guide41 and HL7® FHIR® Version 

Release 4 (FHIR® R4) standard resources,36 the most current version of the standard released in late 2019 were 

evaluated, i.e., used as the target for mapping.  The US Core R4 implementation guide is based on the FHIR® R4 

standard and “defines the minimum conformance requirements for accessing patient data”.41  We utilized a systematic 

approach, incorporating the methodology developed and used in our earlier work,42,43 adapting the methods slightly 

to fit the information needs of this effort.  Two mappers, a clinical research informaticist (MYG) and an informatics 

programmer (ZW), performed the CRF-to-FHIR resource mappings independently.  The lead mapper (MYG) then 

consolidated the mappings, and discrepancies were brought to the larger mapping team (MYG, ZW, MR, AW, MZ) 

for discussion and adjudication.  Adjudications of the mappings were performed to achieve consensus prior to the 
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analysis.  In some cases, this required input from HL7® FHIR® experts to assist with interpretation of the standard.  

Data elements or questions from the eCRFs were mapped to the data elements in the FHIR® resources.  Mappers first 

identified the appropriate resource for a CRF data element, and then they mapped the data elements to the resource.  

Data elements were classified into two groups (“Available in FHIR” vs. “Not Available in FHIR”) and used to 

calculate the actual coverage of the standard.  This also provided a representation of the transformation between FHIR® 

resources and the study eCRF. 

The mapping template is comprised of two sections.  The first half of the template (which includes columns 1-3 in 

Table 2) contains information about study data elements.  For each of the three studies, the following information was 

represented for mapping: CRF name, section header (if applicable), question number (if applicable), data element 

name and description, data type, units (if applicable), and permissible values (if applicable).  The second half of the 

template (which includes columns 4-10 in Table 2) contains information about the HL7® FHIR® standard resources: 

resource availability (in US Core, FHIR® R4, both, or neither), profile name (if applicable), maturity level, resource 

name, data element name and definition, data type, coding system and relevant codes (if applicable), and controlled 

terminology (if applicable).   

Table 2. FHIR® Mapping Template (to US CORE R4 & FHIR® R4) 
Representative Study Data Elements HL7® FHIR® Standard Resources 

CRF DE Name Type Core/R4 Resource DE Name Definition Type CS Code 

Demographics DOB date Y Patient birthdate date of birth date LOINC 21112-8 

Demographics Birth Time time Core only Patient Ext.(birthTime) time of birth datetime N/A N/A 

Questionnaires Q1 text N N/A N/A N/A N/A N/A N/A 

*The data entered is only for demonstration purposes.  CRF = CRF name; DE Name = data element name; Type = data type; Core/R4 = indication 

of resource availability in US Core (Core only), R4 (R4 only), both (Y) or neither (N); Resource = resource name; Definition = data element 

definition; CS = coding system; Code = code value; PV = permissible value (or controlled terminology) list. 
 

Upon completion of the mapping and adjudication, a comparison of the mappings was performed across studies to 

identify differences and commonalities on a study-by-study basis.  FHIR coverage was calculated as a percentage for 

each individual study (total unique data elements “Available in FHIR” vs. total unique data elements overall).  In 

addition, FHIR® coverage was observed across the different study domain areas (i.e., demographics vs. medications 

vs. vital signs, etc.) in order to identify the domains with the least and most coverage.  It was anticipated that several 

study data elements would require mapping to more than one FHIR® resource data element (to account for context 

such as time, applicable units, etc.).  Therefore, the total number of unique fields in the original CRF were compared 

to the total number of FHIR® resources required in order to provide insight into the level of complexity for mapping 

each individual data element.   

Results 

A total of 814 distinct data elements (2206 total data elements) across three representative studies were mapped to the 

HL7® FHIR® standard resources.  Distinct data elements were identified as those that were not repeated within or 

shared across studies.  For example, all three studies collected demographics data (i.e., date of birth, sex, race, and 

ethnicity); these were counted as “in common”.  To calculate distinct data elements, these would only be counted once 

(i.e., 4 distinct vs. 12 total data elements).  The same applied to studies collecting data across multiple visits.  In those 

cases, repeated data elements (e.g., labs collected at visit 1, 2, and 3) were also considered as “in common” and only 

counted once.  Our results are presented based on the distinct total (N=814).   

The three studies varied significantly in the type of data collected and, ultimately, in the distribution of data elements 

across research domains (i.e., demographics vs. vital signs vs. medications vs. therapeutic area (TA) -specific).  When 

considered in aggregate, the majority of distinct data elements across all three studies were primarily questionnaires 

(27%), TA-specific (19%) and labs (8%).  Individually, however, the results varied.  Data elements for Study A (CHF, 

pragmatic RCT) centered on questionnaires (25%) and enrollment/eligibility (20%), the next two major domains being 

TA-specific (8%) and labs (7%).   In comparison, most of the data elements for Study B (AED, phase III) mimicked 

the aggregate spread: questionnaires (33%), TA-specific (20%), and labs (10%).  Study C (NOWS, 

observational/retrospective) had the largest distribution of data elements across five domains: TA-specific (28%), 

encounters (19%), demographics (18%), enrollment/eligibility (14%), and medical history (11%).  The data presented 

in Table 3 depicts the percentage of total study data elements across the most commonly used domains per study.   
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Table 3. Research domain areas per study (all study data elements) 

Study 
Conmed 

(%) 

Demog 

(%) 

Eligibility 

(%) 

Encounters 

(%) 

Labs 

(%) 

MH 

(%) 

PX 

(%) 

QA 

(%) 

TA 

(%) 

Vitals 

(%) 

Other 

(%) 

A 2% 4% 20% 4% 7% 3% N/A 25% 8% 6% 21% 

B 2% 2% 1% 4% 10% 8% 7% 33% 20% 2% 11% 

C N/A 18% 14% 19% N/A 11% 1% N/A 28% N/A 9% 

*Data presented is representative of all distinct study data elements prior to mapping and categorization. Conmed = concomitant medications; 
Demog = demographics; MH = medical history; PX = procedures; QA = questionnaires; TA = therapeutic area-specific; N/A = data not collected 

as part of the study. 

Of the 814 total (distinct) data elements, approximately half (51%) were “Available in FHIR”, resulting in 418 total 

data elements mapping to FHIR® (Table 4).  For two of the three studies (Studies A and C), over half of the study data 

elements were “Available in FHIR” (55% and 79% respectively).   For the third study (Study B), a little less than half 

of the study data elements were “Available in FHIR” (45%).  The total number of data elements per study, as well as 

the total number per mapping category (“Available in FHIR” vs. “Not Available in FHIR”) is available in Table 3.   

Table 4. FHIR® Mapping Totals 
Study Available in FHIR (n (%)) NOT Available in FHIR (n (%)) Total Data Elements (DEs) (N) 

A 67 (55%) 55 (45%) 122 

B 264 (45%) 318 (55%) 582 

C 87 (79%) 23 (21%) 110 

TOTALS 418 (51%) 396 (49%) 814 

 

The distribution across research domains of the data elements “Available in FHIR” echoed what was seen in Table 3, 

except that the questionnaires percentage dropped to 0% for both Studies A and B (questionnaires were not collected 

as part of Study C).  Across all three studies, questionnaire data elements were categorized as “Not Available in 

FHIR”.  These data elements are representative of patient reported outcomes, typically collected via study surveys or 

validated study questionnaires.  Accordingly, when considered in aggregate, the data elements “Available in FHIR” 

were primarily distributed across the TA-specific (28%), labs (13%), and medical history (12%) domains.  Figure 1 

provides a visual representation of the distribution of data elements “Available in FHIR” across the various domains.   

 

Figure 1. Percentage of study data elements “Available in FHIR” across research domains. 

In comparison, Figure 2 represents the distribution of data elements “Not Available in FHIR”, demonstrating the gaps 

in content coverage for the three representative studies.  When considered in aggregate, 396 (49%) of data elements 

across all studies did not map.  Of the 396 data elements “Not Available in FHIR”, a little over half were part of the 

questionnaire domain (56%).  The remaining were distributed relatively evenly across eleven domains: Administrative 
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(11%), TA-specific (9%), study drug administration (5%), encounters (4%), adverse events (3%), medical history 

(3%), procedures (3%), eligibility (2%), labs (2%), medications (1%), and demographics (1%).     

At the study level, Study A and Study B were similar in that close to three-fourths of data elements “Not Available in 

FHIR” were contained within the questionnaire (56% and 60%, respectively) and administrative (27% and 9%, 

respectively) research domains (Figure 2).  In this case, administrative data refers to data that would be collected by 

the study team for administrative or operational purposes and not expected to be found in an EHR.  For example, this 

would include fields related to participant stratification or randomization.  As an observational study, Study C did not 

collect questionnaire or administrative data.  Instead, a significant number of Study C data elements “Not Available 

in FHIR” were contained within the encounters (57%) and TA-specific (22%) research domains (Figure 2).  Here, 

encounters includes hospitalization-related data; but it is important to note that some of the encounter data collected 

for Study C was from the institution from which the patient was transferred to the study site.  In general, transfer-

related data elements were considered “Not Available in FHIR” because of the high variability across sites with the 

availability of transfer records within the EHR.  For sites that participated in Study C, several had transfer data stored 

in pdf-format, but there was inconsistency across sites with where the files were stored within the EHR. 

 
 

Figure 2. Percentage of study data elements “Not Available in FHIR” across research domains. 

A similar comparison was done across HL7® FHIR® resources to identify patterns or trends in the mapping (Table 5).  

In aggregate, study data elements mapped to three FHIR®-specific resources in particular: Observation (25%), 

Condition (19%), and Encounter (9%).  When evaluated individually, there was some variation between studies.  For 

Study A, the resources most relevant were Observation (27%), Encounter (16%), Diagnostic Report (14%), and Patient 

(13%).  For Study B, Condition (27%), Observation (22%), and Specimen (10%) were the most popular.  For Study 

C, a little over one-third of the data elements mapped to the Observation resource (34%), the remainder distributed 

across a variety of others, including Medication Administration (13%), Encounter (10%), Patient (9%), Care Plan 

(9%), and Condition (6%).   

Table 5. HL7® FHIR® resources most common across the three representative studies 

Study 
Care Plan 

(%) 

Condition 

(%) 

DX Report 

(%) 

Encounter 

(%) 

RX Admin 

(%) 

Observation 

(%) 

Patient 

(%) 

PX 

(%) 

Specimen 

(%) 

Other 

(%) 

A 2% 6% 14% 16% 0% 27% 13% 8% 0% 14% 

B 0% 27% 7% 7% 0% 22% 3% 5% 10% 19% 

C 9% 6% 4% 10% 13% 34% 9% 3% 0% 12% 

*Data presented is representative of the FHIR®
 resources in which study data elements “Available in FHIR” mapped to most.  This breakdown is 

specific to FHIR®’s standard nomenclature, and does not necessarily echo the research domains represented in the tables and figures above.  DX 

Report = diagnostic report; RX Admin = medication administration; PX = procedure. 
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Discussion 

A systematic mapping approach was developed and used to map study data elements from three therapeutically diverse 

studies to HL7® FHIR® resources.  The results of this work offer insight into the coverage and utility of the standard 

for supporting the data collection needs of multi-site clinical research studies.  Through this work, we have greater 

insight into the representation of the transformation between FHIR® resources and study data elements collected within 

the eCRFs.  

With regards to FHIR® coverage, Studies A (CHF, pragmatic RCT) and Study C (NOWS, observational/retrospective) 

fared similarly, as over half of the data elements for both studies were available in FHIR® resources (55% and 79%, 

respectively.  The content coverage for Study B (AED, phase III), was slightly lower, having a little less than half of 

its data elements (45%) map to FHIR®.  It is anticipated that the dependency of Study B on questionnaire (or Patient 

Reported Outcomes) data may be a factor in the reduced coverage, as the questionnaire data elements are not likely to 

be captured within an EHR and were, therefore, categorized as “Not Available in FHIR”.  Conversely, while Study A 

also collected questionnaire data (20% of the total data elements), the distribution of data elements across domains 

was much more broad than for Study B.  Nearly half of Study A’s data elements were dispersed across a variety of 

other domains: enrollment/eligibility, concomitant medications, medical history, and therapeutic area (TA)-specific 

content.  Although these domains, and the subsequent data elements, are being utilized for research purposes, they are 

also much more clinically relevant than questionnaire data elements and much more likely to be available in an EHR 

or healthcare record.  Similarly, Study C relied heavily on TA-specific data elements within the Diagnosis and 

Procedure domains, as well as the Medical History domain, which again are more clinically relevant domains.   

Given the distribution of research domains across the three studies, it was not surprising to see that the FHIR® 

resources most applicable to support data collection for these studies included the Condition, Procedure, and 

Observation resources.  The Condition resource encompasses all data related to a clinical condition, problem, 

diagnosis or other relevant clinical event.36  In addition to housing data on current conditions or diagnostic events, the 

Condition resource also includes items likely found in a problem list or medical history.  The Procedure resource 

includes data elements to capture any action or intervention performed on or for a patient.36  This can include physical 

(e.g., surgery) and behavioral (e.g., counseling) interventions.  Lastly, the Observation resource collects measurement 

data about a patient.36  The Observation resource is a catchall for data elements commonly collected as part of clinical 

research studies, such as vital signs and laboratory data.   

Based on these results, it is anticipated that other studies would follow a similar pattern, the distribution of data 

elements across FHIR® resources being dependent on the study type and research design (i.e., observational vs. 

behavioral vs. pharmacokinetic vs. RCT, etc.), but heavily using those noted here.  With regards to data element 

coverage, we estimate that late-phase and practice-oriented studies will yield similar results to these three studies, for 

which approximately 45-80% of the study data elements would be “Available in FHIR.”  Again, we predict that the 

variability in FHIR® coverage across studies to be contingent primarily on study type and research design.  For 

example, retrospective studies that leverage and are designed around EHR data (like Study C) and pragmatic clinical 

trials (like Study A) are much more likely to be on the higher end of the scale.  Content coverage could also vary 

significantly for studies relying heavily on questionnaire data that may not be programmed into or collected within 

the EHR.  For example, approximately one-third of the data elements for Study B were questionnaire data elements.  

If we were to recalculate content coverage by considering only non-questionnaire data elements, the “Available in 

FHIR” rate would increase from 45% to 68%.  For Study A, the rate would increase from 65% to 81%.  (Study C 

would not change, as no questionnaire data elements were captured).  It should be noted that the HL7® FHIR® standard 

does have “Questionnaire” and “Questionnaire Response” resources available that could be utilized to capture 

questionnaire data.  However, use of these resources would require that (1) the data was input using FHIR® 

Questionnaire and (2) that the resulting response data, contained within the Questionnaire Response resource, would 

be stored in the EHR to be consumed later.  Some studies may implement questionnaires through the EHR patient 

portal, but this is not always done.  Future research could also reveal that the FHIR® Questionnaire and Questionnaire 

Response resources may be utilized to fill the gap in resource coverage, although, that as well would require FHIR® 

utilization at input to facilitate the storage and subsequent consumption.   

From our results, it appears that the areas for which content coverage was lacking included research domains for which 

the data are not traditionally stored (and/or not documented consistently) within the EHR, and would likely be 

unavailable through a FHIR®-based, EHR-to-eCRF solution: questionnaires, administrative data, and encounters data 

specific to transfers (refer to Figure 2).  To address these gaps, we must first consider the variation in the clinical 

documentation workflow across study sites (a contributing factor to the “unmappable” nature of transfer-related 
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encounter data), as well as the implementation and utilization of various research-supporting EHR modules (e.g., 

implementing questionnaires through the EHR patient portal).  It is important to note that site decisions about where, 

when, and how to chart data within the EHR will likely erode the coverage.  We continue our effort to address these 

gaps and recommend that additional research be done in this area to identify mechanisms for improving data collection 

for multi-site clinical research studies. 

Limitations in this work are the following.  We did not have a clinical research team member from two of the three 

studies to review our mapping.  A clinical team member may have additional insight to an eCRF field definition item 

that could influence the mapping.  To reduce the chance for bias amongst the informatics team performing the 

mapping, we measured the inter-rater reliability among mappers and found it to be high: 88% on average (89%, 88%, 

and 92%, for each individual study, respectively).  Due to the time- and resource-intensive nature of the mapping 

process, the mapping performed was limited to three clinical research studies, which may impact the generalizability 

of our findings.  However, the three studies selected for this pilot project were carefully chosen to ensure the greatest 

level of diversity (i.e., different study designs, trial types, populations, etc.) to help mitigate any limitations arising 

from the small sample size.  Future work will include FHIR® mapping for a larger number of studies.  It is also 

important to note the mapping indicates what the most recent FHIR® release covers, not what is available in the EHR 

to populate the eCRFs.  The latter should be decreased from what is available per the standard.  Thus, the percent 

coverage reported here would be lower for what is commonly available across multiple sites.  In addition, the FHIR® 

standard continues to be improved; therefore, we expect the coverage and expressiveness to improve over time.  

Further, as use of FHIR® continues to increase, as new uses of FHIR®-based data exchange are implemented, and as 

FHIR® becomes a method by which to get data required for institutional reporting, we anticipate that variability in 

clinical documentation to decrease somewhat and improve over time.  Therefore, in general, the percentages reported 

here should improve somewhat over time.  Additional work is underway to investigate this further.   

Conclusion 

The results of this effort provide insight into the feasibility and generalizability of a FHIR®-based eSource solution 

and can be used to inform future eSource work by providing possible ranges of the HL7® FHIR® standard for the 

direct extraction of EHR data in clinical research, including examples of types of data available.  Across the three 

representative studies, two of the three studies achieved close to 50% coverage, the third nearly 80%.  This is good 

news, as it translates to the potential for a 50% reduction in manual data abstraction by a study coordinator.  Through 

this work, we have developed and demonstrated a method for quantifying the coverage of the HL7® FHIR® standard 

for a particular study.  The results presented here demonstrate the maximum potential coverage for these studies at 

this time, which are transferrable to many other clinical research studies.  It is more than likely, that as the standard 

matures and its implementation and use increases, total coverage will also increase.  Work is ongoing by this team 

and within HL7® to improve FHIR’s utility across clinical research.  The results achieved here offer insight into some 

of the existing limitations of the standard and may be used to guide existing and future development efforts.  

Furthermore, this work has identified the information necessary to, and likely sufficient for, automatically 

transforming FHIR®-based data to a study case report form.  Ultimately, quantifying the coverage of the standard 

could be used to further advance the development of the HL7® FHIR® standard in order to meet the data collection 

needs of multi-site clinical research studies.  
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Abstract 

The use of visual presentations to accompany talks has become the established standard in Medical Informatics 

conferences and has been the sine qua non at AMIA for many years. The most widely used software tool to prepare 

these presentations has been PowerPoint. AMIA has requested that researchers create their presentations using a 

standardized template and make them available ahead of time on the AMIA agenda website, typically as .pptx or .pdf 

files. In this paper, we are providing a few observations about uptake by the community, but, more importantly, we 

are making tentative steps towards answering questions about the quality of the visual presentation files. The paper 

starts with a review of four sets of guidelines for good PowerPoint presentations. It then provides basic descriptive 

statistics and structural observations about the 2019 AMIA presentations available on AMIA's website and concludes 

with a few recommendations for the future. 

Introduction 

We are not aware of any speakers in "Oral Presentation" sessions (as opposed to panels, software presentations, etc.) 

at AMIA 2019 who were not using a visual accompaniment for their talks. As the great majority of these visual 

presentations were based on Microsoft PowerPoint slide decks, we will, for simplicity, refer interchangeably to "visual 

presentations" and PowerPoints. AMIA requests that these presentations be made available ahead of time on the 

AMIA Agenda web pages. AMIA also encourages presenters to make use of a standardized template with the AMIA 

logo and to upload photos of themselves. There is no specification of how to name the uploaded presentation files.  

It is widely assumed that these visual presentations provide major benefits.  One may wonder whether the PowerPoint 

is primarily for the benefit of the speaker, or primarily for the audience, or equally for both. For the speaker the visual 

presentation has the advantage of not forgetting any important points and of presenting the research in an ordered and 

organized fashion. The page numbers on a presentation can also help the speaker to stay on schedule and finish within 

the allotted 15 minutes.  

For the audience, the visual presentation provides a second input channel, besides the auditory one. AMIA is an 

international conference, and both presenters and audience members are often not native speakers of English. Given 

the large number of foreign students in the US education system, there are many different accents "at the podium" and 

they might be unfamiliar to many audience members who come to AMIA "with their own accents," either as travelers 

or as legal residents from other countries of birth. Inexperienced and shy speakers may also not talk loudly enough, 

and requests by the audience to speak up are invariably forgotten after one or two slides, which this author has 

experienced many times in nearly two decades of AMIA attendance. Thus the visual channel is often necessary to fill 

in gaps in understanding left by limited auditory information flow from the speaker to the audience.  

A second, more important aspect is that "diagrams are the language of many science and engineering disciplines." 

This is especially the case for architectural drawings of buildings, electronic circuit boards, etc., but in Medical 

Informatics data flow diagrams, system architectures, screen images of user interfaces, Area Under the Curve (AUC) 

diagrams, reproductions of X-Ray/MRI images, etc. are also heavily used. None of these is easily expressed in words, 

as "a picture is worth a thousand words," thus visual displays provide the only viable communication mechanism, and 

the task of the speaker is to explain the diagrams and to direct attention to their specific parts at appropriate times.  

However, are speakers preparing their visual presentations in a way that ensures good information flow to the 

audience? This paper is an attempt to establish a framework for quality criteria for AMIA presentations.  

Background 

In a paper published in Academic Radiology, Lewis [1] approaches the task of teaching from a cognitive load point of 

view, drawing on prior work of Sweller [2]. The paper concludes with a 13 point list of advice on “making your slides 

brain-friendly.” The complete list cannot be reproduced here, especially because several of the points touch on more 

than one issue, but #10 is of special importance for this paper and is reproduced verbatim: “Remove acronyms and 

abbreviations unless they are very familiar with the audience. It is frustrating for the audience if they cannot decode 

the slide.” (We will refer to this statement as Lewis#10.) 
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Reynolds [3] provides a list of 10 commandments that one should follow when creating a visual presentation. These 

include (slightly edited):  

1. Keep it simple;

2. Limit bullet points and text;

3. Limit … animations;

4. Use high quality graphics;

5. Have a visual theme, but avoid using templates; (our emphasis)

6. Use appropriate charts;

7: Use color well;

8: Choose fonts well;

9: Use audio and video, and

10: Spend time in the slide sorter.

It is not defined what “use … well” and “use appropriate…” mean, and presumably is both hard to define and to some 

degree a question of taste. Below we will refer to these recommendations as Reynolds#1 to Reynolds#10. 

The Department for Collaborative Learning and Integrated Mentoring in the Biosciences (CLIMB) provides its own 

list of recommendations [4].  

1. Create each slide as a single message unit;

2. Explicitly state that single message on the slide;

3. Avoid bullet points ˗ opt for word tables;

4. Use simple diagrams;

5. Signal steps in biological processes;

6. Annotate key biological structures;

7. Annotate data in tables and graphs; and

8. Use builds.

These recommendations will be referred to as CLIMB#1 to CLIMB#8. 

Another list of recommendations is from the National Conference of State Legislatures [5]. This collection includes 

not only advice about how to design a visual presentation but also "7 deadly sins" and advice how to present the 

PowerPoint to the audience. As this list is therefore considerably longer, only a sample is presented here (edited):  

A. Visual Presentations: 1. Create a consistent and simple design template; 2. Limit the number of words on each

screen; 3. Limit punctuations and “all caps”; 4. Avoid the use of flashy transitions; 5. Limit the number of slides, a

good rule of thumb is one slide per minute; 6. Make sure slides are readable from the backrow seats;

B. Oral Presentations: 1. Do not read from your slides; 2. Have a plan B in the event of technical difficulties; 3.

Practice with someone who has never seen your presentation and ask for feedback about color, graphics, etc.

C. Deadly sins (briefly): 1. Limit slide transitions, builds and sound effects. Have your audience focus on the message

not the wizardry; 2. Limit clipart; 3. Presentation templates are often distracting; 4. Avoid text-heavy slides,

paragraphs, quotations, etc.; 5. Do not directly use the same graphics and text as in printed material;

We will refer to these points as NCSL#A.1 to NCSL#C.5 

The HIMSS (Healthcare Information and Management Systems Society) Conference has provided detailed (~1.5 

pages long) guidelines for PowerPoints [6]. Space does not allow reproducing them, but they include two required 

fonts (e.g., Century Gothic) and a request to "Avoid Acronyms," as well as a file name convention.  

There is good agreement between these five sources on many issues, but there are contradictory opinions on a few 

others. For example, Reynolds#5 is expressly against templates, while NCSL#A.1 favors them and at the same time 

NCSL#C.3 calls them “distracting.” Lewis goes even beyond that, advising to “Make your slide format as boring as 

possible” (Lewis#3). Several of the recommendations appear to have the same objective, even though they are worded 

differently, e.g., NCSL#A.6: Make sure slides are readable from the backrow seats. This cannot be achieved if fonts 

are too small, and fonts will be necessarily small if NCSL#A.2, CLIMB#1, Reynolds#1 or Reynolds#2 are violated.  

This author has given and seen presentations at international conferences since 1985 and prepared numerous PhD 

students and MS students for conference presentations, university-internal talks and project and thesis defenses. In 
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1985 getting access to color printers or color copiers was virtually impossible. A presenter had to handwrite onto thin 

8.5 x 11 sheets of transparent plastic to prepare a color presentation and use a device called an overhead projector to 

display them.  The presenter could forgo colors and use a copy machine to print text and black and white pictures onto 

specially coated thin transparent plastic sheets. This author was not willing to accept either of these choices and learned 

the command language for a FORTRAN-controlled color plotter in an engineering department to create "printed" 

color slides on the plastic sheets. He thus claims some expertise in presentation preparation for himself, specifically 

confirming several of the above points and adding to them: 

1. Use large fonts. Lewis#7 recommends “…Use 36 or 40 font.”

2. If you must use sub-bullets in a bullet list, make sure that the font size is not automatically reduced and if it is,

undo the reduction. Indentation is a good enough indicator for sub-points of the points you are making.

3. If your style file makes certain text lines appear in grey instead of black (e.g., the author line on the title slide)

change them back to black by hand (assuming a white background). The goal is to achieve high contrast.

4. Do not copy diagrams from the published paper into the presentation. In most cases they will be too small to be

visible beyond the first few rows of seats of the conference room. Diagrams have to be redrawn with larger font

sizes for text annotations and with less detail. What looks impressive in the paper looks confusing on the

projection screen. (NCSL#C.5)

5. Do not copy tables from the published paper or other sources into the presentation. Recreate the tables with a font

size that is comparable or close to the font size in the bullet lists. If that makes the table overflow the page then

either break it over several pages (repeating the header) or delete all but the most important result lines. If there

are more than about 5x5 numbers on one screen at one time, then highlight the most important numbers. Lewis#8

suggests to outright limit tables to 4x4 numbers.

6. If you must put a large table or diagram onto a page to convince the audience that "you've done the work" then

say that the listeners are not expected to read all the lines or decipher all the details of the diagram.

7. Do not put too much text on one page, as noted by the sources above, e.g., by Reynold#2.

8. Do not put too much text into the whole presentation. One page per minute is an excellent heuristic (NCSL#A.5),

but not a hard rule. If you discuss approximately two slides per minute then cut the material on each page in half.

According to Lewis#7: “… most lecturers need to cut out at least 50% of text.”

9. Say and show roughly the same information, but without reading it (NCSL#B.1). Do not go on tangents, do not

improvise, and do not say all and only the things that you did not include in the slides to follow the rules above

that required you to cut down on the text in the presentation.

10. Put large page numbers. If an audience member has a question about a specific page it is hard to refer back to

it without page numbers.

11. Use only absolutely necessary or universally known abbreviations and acronyms, and define even those. If you

use your own acronyms, then repeat long form and acronym on several slides. Do not expect the audience

members to remember them after one exposure. They might have been at 10 talks before yours already. Avoid

using common acronyms that have a standard meaning to stand for your own different meaning, even if you

define them. For example, if you mean phencyclidine ("angel dust," an illegal drug also known as PCP), then

don't use "PCP," as your audience will think you mean Personal Care Provider every single time and you are

increasing their cognitive load to "switch" to your meaning [2]. Obviously, do not use less common acronyms

without defining them. Do not use an acronym before defining it. (Lewis#10)

Methods 

We selected the sessions of AMIA 2019 that were marked in the agenda as "Oral Presentations." These are accessible 

to AMIA members at https://symposium2019.zerista.com/event/member/<member-specific-number>.  

We identified 45 of those, each with five individual presenters, for a total of 225 presentations. Then we checked 

whether the speakers had uploaded their presentations, and whether they had uploaded their photos as well. We 

recorded whether the presentations were uploaded as PowerPoint (.pptx) files or as .pdfs. We also noted when speakers 

did not use the AMIA-provided template, although in light of Reynold#5 and Lewis#3 it is not clear whether this must 

be a detriment. A few speakers uploaded brief supplementary videos along with their visual presentation files.  

484

https://symposium2019.zerista.com/event/member/


The amount of material (over two thousand pages) was too large to create an exact record of correct or incorrect use 

of the medium according to all the criteria above. However, we recorded exemplary outliers, e.g., presentations with 

very large or very small numbers of slides, and presentations with very good and less good uses of fonts. We also 

looked at the names of the uploaded files and noticed different naming approaches. This can become a concern for 

audience members that prepare for a session by downloading its presentations.  

While it is difficult to specify what Reynolds#7 entails, and thus we ignored it, we looked at commercially used rules 

of thumb concerning Reynolds#8 (choose fonts well), especially with respect to font sizes. We compared the AMIA 

template font style with the recommendations of Lewis#3.  

Specific attention was given to the use of abbreviations and acronyms. To support the notion that processing medical 

acronyms increases the cognitive load of an audience member we focused on two questions: 1) Is there an issue of 

distinguishing widely-used medical acronyms from common English language words, and 2) Is there an issue of 

distinguishing medical acronyms with different long forms from each other? For this purpose, we retrieved a list of 

medical abbreviations and acronyms that is publicly available [7] and compared it algorithmically with a list of English 

words derived from the NLTK word corpus [8]. 

Reviewing the 2019 AMIA oral presentations, we raised the following questions: Is the speaker using many acronyms 

in the presentation? Is s/he defining them? Is s/he defining them after the first use? Obtaining answers to these 

questions required several simplifying assumptions and conventions. Thus, acronyms and abbreviations not specific 

to Medical Informatics were ignored. This includes abbreviations in affiliations (Dept., Univ., etc.) and titles (MD, 

PhD, MS, RN, etc.), common English and Latin-based abbreviations, e.g., e.g. and i.e., units of measurement (ft.), etc. 

Abbreviations in figures and tables often were hard to account for and ignored assuming that they were typically too 

small to be seen beyond the first few rows of the audience anyway. Single letter abbreviations were also ignored.   

In general, abbreviations and acronyms beyond the above exclusions were divided into three groups: Those that, in 

the judgment of this author, every attendee at a Medical Informatics conference should know, even a first time 

attendee. These include EHR and, at the current state of the art, NLP, HIV, AI, API, ICU, etc. In some cases the 

decision was difficult to make and was biased by the prior knowledge of the author.  

The second group contained abbreviations and acronyms that the speaker defined in a standardized way, by writing 

the long form followed by the acronym in parentheses, for example, Convolutional Neural Network (CNN). Sometimes 

the definition appeared without the parentheses () expression, and additional cognitive effort was required to backtrack 

from the use of the acronym to a group of words (e.g., three words for CNN) that started with the letters in the acronym. 

This second group consisted of terms that the author considered not so common that a first-time AMIA attendee would 

know them. Initially, we intended to keep track of the distance between the definition of a defined term and its first 

and subsequent uses, however, this became very quickly too cumbersome. 

The third group also contained acronyms that a first-time attendee would have difficulties with, but the speaker did 

not define them in writing.  These would inhibit the understanding of a presentation. During processing of the data for 

this paper, all acronyms were folded to lower case letters.  

Results 

As a matter of collegiality we will not provide references concerning suboptimal presentation techniques in this paper, 

and in most (good) cases we will only mention the AMIA sessions in question. A few especially praiseworthy 

presentations will be mentioned at the end of this Section.  

Uploaded Visual Presentations and Photos 

One session (s90) had only four talks. Thus there were 224 oral presentations as defined above. For these, 109 visual 

presentation files were uploaded. Over 45 sessions this comes to an average of 2.4 presentations per session. Five 

sessions had no uploaded presentations at all. In two sessions (s23 and s55), all speakers uploaded their presentations. 

Altogether we recorded 41 presentations as .pdf files and 65 with .pptx extensions. 

Photos help audience members identify speakers that they might want to have a conversation with before or after their 

presentations. (Some audience members take their own photos of speakers.) Reviewing all oral presentation sessions, 

we found that 126 speakers endorsed this idea by uploading a photo. Thus, on average 2.8 photos were uploaded. 

Every session had at least one photo, but only two sessions had photos of all speakers (s77 and s101). Concerning 

photos, it was expected that they would all contain headshots. In a few cases, a larger part of the speaker’s physique 
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appeared, with some background context. In one case (what appeared to be) a drawing of a face was uploaded and in 

two cases an avatar appeared instead of a photo of the speaker.  

We made the assumption that "the speakers who upload their visual presentations will also upload their photos." The 

results did not bear this out. In many sessions some speakers uploaded their presentations and others uploaded their 

photos, but fewer uploaded both. In total, 72 presenters uploaded both a photo and a visual presentation. Out of 224 

talks, this amounts to 32.1% of speakers. In seven sessions there was no speaker who had uploaded both photo and 

PowerPoint. Four speakers uploaded both in only one session (s27).   

Similarly, we assumed that the few speakers who uploaded a video would also upload a PowerPoint (as .pptx or .pdf 

file), because preparing a video is presumably more work than preparing a presentation, and the latter would be needed 

anyway at the time of the conference. However, in one case there was a video, but no visual presentation file. 

This is an appropriate place for a mea culpa. Even though our research group presented two papers at AMIA 2019, 

both of the speakers did not upload the presentations and both of them did not provide photos, and neither was this 

done in the past AMIA conferences. This is definitely a point that will be included in the instructions to our PhD 

students in the future. 

File Names 

At least two presentations had the file name amia_2019.pptx. This would cause problems for any attendee who 

consistently downloads presentations. File names ranged from minimally to maximally descriptive. Many speakers 

included the session numbers and their names in the file names. Other presenters named their files according to the 

title of the presentation and possibly included the year of the conference. Some file names were long, yet 

uninformative, e.g., one file was called amia_conference_author-presenter_powerpoint_template_amia_2019_-

_final.pptx. AMIA did not provide any guidance on file names, and thus all uploaded files must be accepted as equally 

useful. However, keeping the audience in mind, including the session number in the file name would be helpful. Many 

presentations also included the session number on the title page. Including the name of the presenter or a part of the 

title of the paper in the file name would make it easier for audience members to distinguish between different 

downloaded presentations in the same session.  

Standard Template Use 

A big majority of uploaded presentations used the AMIA-provided template. As noted in the Background Section, the 

use of templates is not recommended by all experts in the field. A few speakers personalized the template with 

additional elements indicating their home institutions. This might be considered distracting by some audience 

members. For big tables and figures it also uses up valuable screen real estate. One of the weaknesses of the current 

AMIA template is that it switches to grey fonts when displaying sub-bullets. Thus, the audience faces the double 

difficulty of reading small and low contrast text in those sub-bullets. 

Figure 1. Lengths of 109 presentations (in slides) 
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Lengths of Presentations 

Among 109 reviewed visual presentations, three could be considered outliers, e.g., containing only a title page. The 

average length (including the outliers) came to 22.11 pages. The shortest non-outlier presentation was 10 slides long. 

The longest contained 53 slides. Some of the longer presentations consisted of “the talk” followed by supplementary 

pages. The standard deviation of the slide length was 7.94. Figure 1 (on the previous page) shows the lengths of all 

the presentation. We stress that no quality judgment based on the number of slides is expressed. In the words of 

Lewis#2: “Stop worrying about the number of slides.” 

Presentations with Small Fonts 

A majority of presentations used small fonts and had too much information on a single slide in at least a few instances. 

This problem occurred in four different variants: Small text in bullet lists, small fonts inside of tables, small fonts in 

algorithms, and small fonts in figures, e.g., in flow diagrams, Area Under the Curve (AUC) diagrams, and screen 

captures. Figure 2 shows a “de-identified” example of an AMIA talk slide, representative of the first case. It exhibits 

both a small font and a low contrast font color (grey on white) for sub-bullets. This example is only illustrative and 

by no means “among the worst offenders.”  

Figure 2: Too much information with small font text with low contrast (grey on white) in a bullet list. 

In formulas and algorithms, subscripts (F1) and superscripts (n2) were occasionally used by different presenters. Even 

when the font size of the baseline text is visible, the subscripts and superscripts themselves are smaller and harder to 

read. They should be avoided, if possible. Some characters are easily confused, such as 1 (one) l (small ell) I (capital 

I) and i (small I). Using these together in the same formula, especially in subscripts or superscripts, is not a good idea.

Figure 3: Example of a table with too many lines in a small font. 
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Figure 3 (prev. page) shows a complete slide with a table with too many lines and small fonts, again de-identified and 

greyed out. Measured by the number of lines in the table (16) and the font size (14) this is also not a “worst example.” 

However, it is interesting, because it could be easily improved. All the lines replaced by MMM in the left column 

indicate major categories with no corresponding entries in the right column. As there is plenty of space to the left of 

the table, these major categories could have been moved into a new left-most column, reducing the number of rows 

by three and gaining space to enlarge all the lines to a bigger font. We do not include an example figure with small 

details, because it would be too difficult to de-identify it, however, we encountered many examples of such figures. 

Font Style 

AMIA uses Arial as the default font style. This is in agreement with Lewis#3: “Use a standard font—a sans serif font 

such as Helvetica or Arial is more readable when projected than a serif font such as Times Roman.”  

AMIA-specific Considerations of Font Sizes 

AMIA 2019 (and many AMIA’s before it) were held at the Washington D.C. Hilton Event Space on 1919 Connecticut 

Ave. NW. It provides many conference rooms of different sizes, from “intimate” classrooms to major ballrooms for 

plenary talks. As an example of small to intermediate size rooms, Georgetown East and Georgetown West both have 

the following dimensions: 41.00' x 36.00' [9]. They may be combined into a single room, doubling the width to 72.00’. 

A length of 41 feet implies that an audience member sitting in the last row next to the middle aisle is about 38 feet 

away from the screen. Sitting at the extreme left or right ends of the room in the last row increases the distance to 

about 42 feet (by Pythagoras).  

As a rule of thumb, for good readability a distance of 40 feet requires letters that are 4 inches tall, although these letters 

would be visible from a much larger distance [10]. The light in small AMIA conference rooms is usually not dimmed 

during presentations, thus a good quality projector with a luminance of 60 fL (foot-Lambert) is desirable [11]. At a 

distance of 4’3” from a projection screen such a device would create a projection area of 134” x 75” [12]. When using 

the AMIA template, about 23% of the height is taken up by the header and footer, which leaves 57.8” of vertical space 

for bullet lists out of the original height of 75”. Assuming generous spacing between rows of 4 inch-high characters 

that would limit the total number of rows in a bullet list to at most 10 to be still visible in the back of the conference 

room. All the above are engineering and commercial approximations. For a deeper ophthalmological discussion of 

reading at a distance, one may refer to Radner [13] as an entry point. 

Abbreviations and Acronyms 

As an example in the mold of the above PCP, one speaker consistently used LOS, which was dutifully defined as 

"Length of Stay." However, this author deals with many Letters Of Support, which are also shortened to LOS, which 

increased the cognitive load in following that specific presentation considerably. As Computer Scientist this author 

also reads TB automatically as terabyte and not as tuberculosis.  

Considering all the caveats and exclusions previously mentioned (such as ignoring most acronyms in tables and 

figures), and with all letters transformed into lower case, we observed 614 unique acronyms/abbreviations of which 

only 122 occurred more than once and only 55 more than twice. The 28 most common abbreviations/acronyms are 

shown in Table 1.  

Table 1. Most common abbreviations and acronyms after extensive preprocessing 

Acronym Occur. Acronym Occur. Acronym Occur. Acronym Occur. 

ehr 37 auc 7 icd 5 rnn 4 

nlp 13 f1 7 cms 5 icd-10 4 

cnn 8 icu 7 nlm 5 auroc 4 

ed 8 cds 6 esp 4 hiv 4 

i2b2 8 lr 6 umls 4 ct 4 

svm 8 dx 6 xml 4 fda 4 

fhir 8 pcp 5 ahrq 4 ppv 4 
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Considering all 109 PowerPoint presentations and switching to non-unique acronyms, our classification encountered 

373 undefined acronym occurrences that should have been defined by the presenter as they are not universally known. 

Another 233 undefined occurrences were of acronyms assumed to be universally known (EHR, NLM,…) at AMIA. 

Finally 310 occurrences were defined by the speakers, typically by appending the acronym in ( ) after the long form. 

To examine possible confusions caused by acronyms, we retrieved 2442 abbreviations/acronyms from Wikipedia [7]. 

Of these 163 were identical to common English words (Table 2 shows a few examples). Furthermore, 297 of them 

were themselves ambiguous, each having more than one long form. 

Table 2. Examples of medical acronyms matching English words. Long forms can be found at [7]. 

AID BRAT ECHO MALT POP TIN VAMP 

ARM CAGE HELP MUSE RICE TRAP WAS 

BEAM DUB MACE PEARL SOAP TUNA WASP 

Random Observations 

One presentation was served from GitHub. A few speakers included the complete presentation date in the file name. 

One speaker uploaded a .pdf file not of the original PowerPoint but of the side-by-side layout of presentation pages 

(the handout format). Far too many presenters had no page numbers at all, or page numbers partially obscured by their 

presentations. The AMIA style page numbers are too small to be seen beyond the first few rows of the audience. One 

speaker uploaded both .pptx and .pdf files with the same content. Another researcher had the great opportunity to use 

an acronym of an innovation that includes his own last name.  

At least one speaker did not notice that the insidious spelling corrector changed their use of EHR into HER. Another 

surprise was that many speakers had uploaded their supplementary information slides. While many presenters 

anticipate questions of the audience and prepare slides with answers that they cannot fit into the tight time frame of 

their 15 minute presentations, it was unexpected that they would actually upload those supplementary pages.   

Laudatory Mentions 

A few of the presentation files were found to be especially good, and they will be mentioned at this point. Bucher et 

al. [14] use large font sizes in most of their presentation, including in a table in size 36, and in other tables in font size 

32. A flow diagram uses a font size greater than 26. Conclusions consist of only two bullets in font size 44. The

presentation uses a minimum number of acronyms, including EHR, NLP, and F1. Length of Stay is not abbreviated.

Iott et al. [15] use no specialized acronyms, only AI and IT, and maximize contrast by using white text on a black 

background, forgoing the use of the AMIA template. García Giordano [16] uses only DNA, OMIM and UMLS. 

McGrath [17] also minimizes the use of acronyms. DTC-GT (Direct to Consumer Genetic Testing) is defined but not 

used in the remainder of the presentation.  Several other presentations come close to these in the Spartan use of 

acronyms and/or the good visibility of the PowerPoint text. We stress that these are only representative examples, and 

many other presentations were found to be of very high quality, however, space does not allow citing them all.  

Discussion 

To our knowledge, this is the first study of the quality of PowerPoint use at AMIA, thus it is necessarily preliminary 

work. In general, the quality of presentations as they would appear on a printed page are universally high. However, 

a sizable number of the audience members appears to rely on the visual presentation during the time of the talk as it 

appears on the projection screen, without printing or downloading the PowerPoint file ahead of time. This can be 

guessed by looking around and seeing audience members without a laptop and without a printout in their hands. Those 

audience members who wished to consistently download presentations were confronted by the fact that PowerPoint 

files had not been uploaded by about half of the speakers. 

It is not the intention of this author to constrain the highly creative activity of designing scientific visual presentations. 

Researchers know their own work best, and therefore should be the best at presenting it. Many different and equally 

good “philosophies of presentation” exist and embodiments of those were indeed seen in this study. For example, a 

speaker who repeats the overview slide at the beginning of every section of the presentation, with the upcoming section 

highlighted, is doing a service to the audience and should not feel constrained by an artificial page limit (see Lewis#2). 
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On the other hand, we would like to express a few recommendations both to AMIA as an organization and to individual 

speakers. 

Recommendations to AMIA 

 Make the use of the AMIA template optional.

 Eliminate small and grey fonts from the slide master, for those speakers who do want to use the AMIA template.

 Set auto-correct options such that they do not interfere with common medical acronyms.

 Define minimal rules for file names, e.g., that a file name should include the session number followed by the last

name of the speaker, followed by the first name or first initial.

 Make the page numbers in the AMIA template bigger.

 Encourage the speakers to upload their presentations ahead of time, e.g., by creating a price for the best uploaded

PowerPoint presentation.

Recommendations to speakers when preparing a PowerPoint, keeping in mind the above results 

 Start by reading the paper of Lewis [1] before typing the first line of text into a .pptx file.

 Whenever possible, do not copy whole diagrams from the printed paper into a PowerPoint slide. Go the extra

mile and redraw them, making better use of surrounding empty space (see Figure 3 for a Table example).

 If there is an X axis and a Y axis in a diagram, make sure that it is clear what quantities are displayed by making

the labels at the heads of the axes large enough to be visible. In some cases this might require “covering up” auto-

generated axis labels by frameless solid white rectangles.

 Do not copy whole tables from the printed paper into the presentation. Select the most important numbers and

show only those, or break the table into several parts distributed over several slides.

 Think for a moment about the audience member sitting in the 15th row. Will s/he be able to see the text on your

slides?

 Do not spend too much time and effort on animations and builds. Showing a page piecemeal denies the audience

extra time to read the text. (This contradicts CLIMB#8 but is in agreement with NCSL#C.1 and Lewis#4.)

 Be sparing with user interface pictures. They are usually not readable and they do not prove anything, because

many interactive software systems start as user interface mockups.

The observations and recommendations in this paper have focused on visual presentation files. Oral presentations are 

an entirely different subject. Yet, we would like to add…  

…three recommendations to speakers when standing in front of the audience 

 A good presentation should be rehearsed “the day before” in front of at least one observer.

 Speak loudly when you don’t have a microphone. Hold the microphone close to your lips if you have a

microphone stand (as opposed to a clip-on microphone). Ideally, you should integrate the “speak loudly” behavior

into your trial runs (rehearsals) already.

 It is entirely acceptable to introduce yourself by name, even if the session chair already introduced you. The

audience is paying to get to know your work and you. This is often difficult to appreciate for inexperienced or

naturally shy speakers. When you introduce yourself, say your name slowly and loudly, syllable by syllable and

with a break between your first name and your last name. Keep in mind that the audience is coming from all over

the world, and their ears and brains might be used to different phonemes than those in your name. To some of

them your name might sound as difficult as Rumpelstiltskin [18].

Conclusions 

Quality and quality measures have become universal issues in medicine and Medical Informatics. This should include 

the quality of presentation files at international conferences. We reviewed the AMIA 2019 Oral Presentation sessions 

and provided observations, statistics and recommendations to AMIA and to individual speakers. An important advice 

for speakers may be summarized as “think about the audience members in the back of the room.” More speakers 

should provide their presentation files and photos ahead of time. AMIA should improve its standard template, 

especially with respect to font colors. AMIA should also consider handing out an award for the best PowerPoint 

presentation file uploaded before the start of the conference, as an incentive to speakers to submit the files.  
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Future Work 

This paper presents a preliminary study. A number of excellent ideas have been expressed how to extend and improve 

it. This includes a review of prerecorded video files on the AMIA web site that may be of varying audio quality, and 

the provision of more detailed statistics about what percentages of presentations have problems in the different 

enumerated categories such as font sizes, acronym use, etc. These need to be left to a future study, presumably on the 

Proceedings of AMIA 2020. It is hoped that this work will have an impact on AMIA 2021.  

Acknowledgments 

Vipina Kuttichi Keloth has done the acronym processing using Wikipedia and NLTK. 

Research reported in this publication was supported by the National Center for Advancing Translational Sciences 

(NCATS), a component of the National Institute of Health (NIH) under award number UL1TR003017. The content is 

solely the responsibility of the authors and does not necessarily represent the official views of the National Institutes 

of Health. 

References 

1. Lewis PJ. Brain Friendly Teaching—Reducing Learner’s Cognitive Load. Acad Radiol. 2016 Jul;23(7):877-80.

doi: 10.1016/j.acra.2016.01.018. Accessed as preprint at:

https://geiselmed.dartmouth.edu/mes/pdf/Brain%20Friendly%20Teaching%20Academic%20Rad%202016.pdf

on March 8. 2020.

2. Sweller J. The evolution in cognitive load theory. In: Clark R, Nguyen F, Sweller J, eds. Efficiency in learning. San

Francisco, CA: Pfeiffer (Wiley), 2006; 313–329.

3. Reynolds G. Top Ten Slide Tips. http://www.garrreynolds.com/preso-tips/design/ Accessed on March 8, 2020.

4. Designing PowerPoint Slides for a Scientific Presentation. https://www.northwestern.edu/climb/resources/oral-

communication-skills/designing-PowerPoint-slides.html Accessed on March 8, 2020.

5. Tips for Making Effective PowerPoint Presentations. 2017. https://www.ncsl.org/legislators-staff/legislative-

staff/legislative-staff-coordinating-committee/tips-for-making-effective-powerpoint-presentations.aspx.

Accessed on March 8, 2020.

6. HIMSS20 Presentation Guidelines. https://www.himssconference.org/sites/himssconference/files/u241/h20-

presentation-guidelines-lectures.pdf Accessed July 13, 2020.

7. Wikipedia. List of medical abbreviations. Available from: https://en.wikipedia.org/wiki/ List_of_medical_

abbreviations. Accessed on March 9, 2020.

8. Loper E, Bird S. NLTK: the Natural Language Toolkit.  Proceedings of the ACL-02 Workshop on Effective tools

and methodologies for teaching natural language processing and computational linguistics - Volume 1; Philadelphia,

Pennsylvania: Association for Computational Linguistics; 2002. p. 63–70.

9. Washington Hilton Event Space Chart. https://www3.hilton.com/en/hotels/district-of-columbia/washington-hilton-

DCAWHHH/event/roomcharts.html Accessed on March 8, 2020.

10. Sign Letter Height Visibility Chart. https://www.signazon.com/help-center/sign-letter-height-visibility-chart.aspx

Accessed on March 8, 2020.

11. Foot-lambert. https://en.wikipedia.org/wiki/Foot-lambert Accessed on March 8, 2020.

12. Projector Screen Size Calculator. https://www.projectorscreen.com/projector-screen-calculators Accessed on

March 8, 2020.

13. Radner W. Reading charts in ophthalmology. Clin Exp Ophthalmol. 2017; 255(8): 1465–1482.

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5541099/ Accessed on March 8, 2020.

14. Bucher BT, Shi J, Pettit RJ, Ferraro J, Chapman WW, Gundlapalli A. Determination of Marital Status of Patients

from Structured and Unstructured Electronic Healthcare Data. Session 80. AMIA 2019 presentation.

15. Iott B, Campos-Castillo C, Anthony D. Trust and Privacy: How Patient Trust in Providers is Related to Privacy

Behaviors and Attitudes. Session 71. AMIA 2019 presentation.

16. Garcia Giordano L. genoDraw: A Web Tool for Developing Pedigree Diagrams.  Session 24. AMIA 2019

presentation.

17. McGrath S. Improving the odds of success for precision medicine using the social ecological model. Session 24.

AMIA 2019 presentation.

18. Grimm, Jacob and Wilhelm. Household Tales. Margaret Hunt, translator. London: George Bell, 1884, 1892. 2

volumes.

491

https://geiselmed.dartmouth.edu/mes/pdf/Brain%20Friendly%20Teaching%20Academic%20Rad%202016.pdf
http://www.garrreynolds.com/preso-tips/design/
https://www.northwestern.edu/climb/resources/oral-communication-skills/designing-PowerPoint-slides.html
https://www.northwestern.edu/climb/resources/oral-communication-skills/designing-PowerPoint-slides.html
https://www.ncsl.org/legislators-staff/legislative-staff/legislative-staff-coordinating-committee/tips-for-making-effective-powerpoint-presentations.aspx
https://www.ncsl.org/legislators-staff/legislative-staff/legislative-staff-coordinating-committee/tips-for-making-effective-powerpoint-presentations.aspx
https://www.himssconference.org/sites/himssconference/files/u241/h20-presentation-guidelines-lectures.pdf
https://www.himssconference.org/sites/himssconference/files/u241/h20-presentation-guidelines-lectures.pdf
https://en.wikipedia.org/wiki/%20List_of_medical_%20abbreviations
https://en.wikipedia.org/wiki/%20List_of_medical_%20abbreviations
https://www3.hilton.com/en/hotels/district-of-columbia/washington-hilton-DCAWHHH/event/roomcharts.html
https://www3.hilton.com/en/hotels/district-of-columbia/washington-hilton-DCAWHHH/event/roomcharts.html
https://www.signazon.com/help-center/sign-letter-height-visibility-chart.aspx
https://en.wikipedia.org/wiki/Foot-lambert
https://www.projectorscreen.com/projector-screen-calculators
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5541099/


  

A semantic database for integrated management of image and dosimetric data 
in low radiation dose research in medical imaging 

Bernard Gibaud, PhD1, Marine Brenet, MSc1,  Guillaume Pasquier, MSc2, 
 Alex Vergara Gil, MSc3,4, Manuel Bardiès, PhD3,4, John Stratakis, PhD5, John Damilakis, 
PhD5, Nicolas Van Dooren, MSc6, Joël Spaltenstein, MD, MSc6, Osman Ratib, MD, PhD6 

 

1Univ Rennes, Inserm, LTSI UMR 1099, Rennes, France 
2B-COM Institute of Research and Technology, Rennes, France 

3Centre Recherche en Cancérologie de Toulouse, Toulouse, France 
4UMR 1037, INSERM, Université Toulouse III Paul Sabatier, Toulouse, France 

5Medical Physics Department,  School of Medicine, University of Crete, Heraklion, Greece 
6Institute of Translational Molecular Imaging, Genève  

 

Abstract 

Medical ionizing radiation procedures and especially medical imaging are a non negligible source of exposure to 
patients. Whereas the biological effects of high absorbed doses are relatively well known, the effects of low absorbed 
doses are still debated. This work presents the development of a computer platform called Image and Radiation Dose 
BioBank (IRDBB) to manage research data produced in the context of the MEDIRAD project, a European project 
focusing on research on low doses in the context of medical procedures. More precisely, the paper describes a 
semantic database linking dosimetric data (such as absorbed doses to organs) to the images corresponding to X-rays 
exposure (such as CT images) or scintigraphic images (such as SPECT or PET images) that allow measuring the 
distribution of a radiopharmaceutical. 
The main contributions of this work are: 1) the implementation of the semantic database of the IRDBB system and 2) 
an ontology called OntoMEDIRAD covering the domain of discourse involved in MEDIRAD research data, especially 
many concepts from the DICOM standard modelled according to a realist approach. 
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Introduction 

 Radiation exposure from diagnostic medical imaging is sometimes significant and is known to present a risk of 
damage for cells and DNA. For this reason, radiation protection guidance and legislation apply a precaution principle 
(ALARA concept: as low as reasonably achievable) consisting in delivering the minimal irradiation compatible with 
the diagnostic procedure. However, the health implications of low to moderate exposure are still a subject of debate 
and more research is needed to get a better understanding of biological effects of ionizing radiations, of 
repair/regeneration mechanisms, but also of the relation between absorbed dose and image quality. All these topics 
are addressed in a wide EU project called MEDIRAD (Title: “Implications of Medical Low Dose Radiation 
Exposure”), in the EURATOM program (addressing the domain of research of low doses). In the context of this 
project, several clinical research studies are carried out, which involve medical procedures associated with exposure 
of patients to ionizing radiation, and for which the calculation of the absorbed doses in organs is performed. 

This work addresses the development of  a computer system called Image and Radiation Dose BioBank (IRDBB) 
designed to manage image and dosimetric data in an integrated way. More precisely, this article describes the 
components of this system that populate, store and query a semantic database facilitating the integrated management 
of image and dosimetric data. This semantic database is implemented as a Resource Description Framework (RDF) 
graph aligned onto an application ontology called OntoMEDIRAD, that specifies the semantics of any information 
within this database. This approach follows the general methodology proposed in [1]. 

Although the IRDBB system will be primarily used to fulfil the needs of the researchers involved in the MEDIRAD 
project, both the IRDBB system and the OntoMEDIRAD ontology were developed with an objective of extensibility 
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and reusability in the context of similar projects. The choice of an ontology-based approach aims eventually at 
facilitating the access to MEDIRAD research data to a wide community of researchers interested in low dose research, 
e.g. via federated systems. 

The following of the paper is organized as follows. The ‘Related works’ section situates this contribution with respect 
to the state of the art. The ‘Material and methods’ section provides a description of the overall IRDBB system 
architecture. It explains how the OntoMEDIRAD ontology was built and how it is used in the component of the system 
called Semantic Translator to populate the semantic database. The ‘Results’ section provides details about the current 
content of the ontology and the domain covered. The ‘Discussion’ highlights some of the key choices we made in both 
the design of the ontology and the implementation of the Semantic Translator. It also reviews the main limitations of 
this work and situates it with regards to the state of the art. The ‘Conclusion and perspectives’ section emphasizes the 
main originality of the work and provides some hints for the continuation of the project. 

Related works 

The use of semantic technologies has been very successful in the domains of biology and life sciences. Ontologies 
such as Gene Ontology (GO) have been used universally for more than 15 years to annotate experimental data and 
scientific literature in both the omics and clinical realms. Large repositories of biological and bioinformatics data exist 
such as the European Bioinformatics Institute (EBI) RDF Platform that makes extensive use of RDF data and 
ontological resources [2]. 

In the domain of medical imaging, the use of such technologies is not so widespread yet. A review paper published in 
2015 allowed inventorying the main ontologies and related initiatives worldwide in medical imaging, encompassing 
both radiology and histopathology [3]. Most works concern the management of the workflow in radiology [4], the 
annotation of medical images, and the “ontologization” of the Digital Imaging and Communications in Medicine 
(DICOM) standard [5], primarily applied to the domain of cancer research and radiation oncology [6]. The use in 
medical reasoning was investigated in the Theseus MEDICO project [7], but with limited actual deployment. Another 
active domain is neuroimaging, with the development of the NeuroImaging Data Model (NI-DM model) focusing on 
experimental design and study data. NI-DM makes use of semantic web technologies to describe information about 
the design and intent of neuroimaging experiments, subjects' characteristics, and acquired data, e.g. in the context of 
fMRI [8]. NI-DM terminologies are available, and also exist in OWL format1, but they primarily aim at managing 
provenance and do not rely on any upper-level ontologies, limitations that compromise their use in complex multi-
disciplinary application contexts. To our best knowledge, no developments have addressed the domain of patient 
radiation protection in medical imaging. 

Material and methods 

Basic system functionality 
The overall IRDBB system is a platform designed: 1) to support the importation of research data sent by the 
MEDIRAD users, 2) to store this data, and 3) to provide tools enabling MEDIRAD users to query and retrieve this 
data. Basically, two kinds of data are involved: image data and dosimetric data. Image data are images corresponding 
to the exposure to ionizing radiation, e.g. chest computed tomography (CT) images in children and adults, or images 
acquired as part of a targeted radiotherapy procedure selected in the MEDIRAD project, namely 131I treatment of 
differenciated thyroid cancer. The latter procedure requires performing several nuclear medicine (NM) explorations 
for locating precisely the distribution of the radiopharmaceutical in the body, a prerequisite for the calculation of 
absorbed doses to organs. Dosimetric data can be provided in various ways, either produced by imaging devices such 
as CT Radiation Dose Structured Reports (CT SR), or as results of calculations made by MEDIRAD researchers using 
advanced Monte Carlo based dosimetry methods. The data can be represented either in DICOM format or in some 
other non-DICOM format. 
 

                                                        
1 https://github.com/incf-nidash/nidm-terms 
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IRDBB system architecture 

 
 

Figure 1. IRDBB system architecture 
 
The overall architecture of the IRDBB system is shown in Figure 1. The major components are: 1) a component called 
IRDBB_UI, which is a web server managing the user interface;  2) a component called KHEOPS, managing the 
DICOM data (based on the DCM4CHE software); 3) a component called FHIR repository, managing all non-DICOM 
files; 4) a component called Semantic Translator, providing a set of services to populate and query the semantic 
database; 5) a STARDOG Triple Store, supporting the semantic database, 6) a component called Sparklis Portal, 
extending the IRDBB_UI to assist the users in building SPARQL queries, and 7) a component called Keycloak, 
providing a Single Sign-On mechanism for access control. 
 
Design of the ontology 
The overall semantic system was designed based on requirements collected at the beginning of the project by means 
of a questionnaire sent to all MEDIRAD users. The answers received allowed to specify which DICOM objects should 
be supported – Information Object Definitions (IODs) and corresponding Service Object Pair Classes (SOP classes), 
as well as what important metadata. These specifications were complemented in the course of the project with 
descriptions of the workflows allowing to produce the MEDIRAD research data, especially absorbed doses in organs 
calculated by MEDIRAD researchers, and the related provenance data (i.e. how a particular dataset was produced, 
using what process, what inputs, what method and method settings). All these specifications allowed to delimit the 
universe of discourse to be covered by the ontology. 
The ontology was designed as an application ontology gathering all entities and relationships involved. The general 
modelling approach that we adopted was a realist one [9], i.e. trying to refer to entities existing in reality, rather than 
on conceptual constructs, and trying also to identify properly those real-world entities, as recommended in [10].  
Of course, we tried as much as possible to reuse existing ontological resources. Therefore, we adopted an organization 
in modules, in which the root application ontology (called OntoMEDIRAD) imports several extracts of existing 
ontologies. These extracts, e.g. from the Foundational Model of Anatomy, the Units Ontology (UO), the Phenotype 
and Trait Ontology (PATO) were generated using the OntoFox tool2 [11], based on the MIREOT model [12]. The 
overall integration of these disparate ingredients relied on the common philosophical ground provided by the Basic 
Formal Ontology (BFO version 23) [13]. Of course, every entity involved in the application domain could not be found 
in existing ontologies. For example, we didn’t find such resources for the domain of radiation protection. 
Consequently, we had to create the ontology classes, object properties and data properties concerning non covered 
parts of the domain of discourse. Concerning DICOM data, we relied on the entities considered in the DICOM 
terminology (Part 16). They have various origins, primarily SNOMED CT, but also the DICOM DCM terminology 
resource. Regarding the latter, we relied on existing IRIs available from the DICOM DCM ontology4, available from 
the National Center of Biomedical Ontology (NCBO) Bioportal, and maintained by the editor of the DICOM Standard. 
This ontology is available in OWL but organized as a flat list of terms, so we had to re-organize these terms to integrate 

                                                        
2 http://ontofox.hegroup.org/ 
3 https://basic-formal-ontology.org/ 
4 https://bioportal.bioontology.org/ontologies/DCM 
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them properly into our subsumption hierarchy. Another aspect of this modeling work was the analysis of DICOM 
Context Groups referred to in the DICOM Structured Reports templates that we needed to support, especially those 
related to CT SR dose reports. Context Groups provide flat lists of terms that can be used in a particular context in 
order to assign a coded value to a particular coded entry. All the items present in each Context Group had to be 
considered, and potentially dispatched in various places in the overall ontology taxonomy. 
 

 

 
 

Figure 2. DICOM Context Groups: illustrative example;  
Left part (A): Example of  DICOM Context Group ; 

 Right part (B) Corresponding entities in the OntoMEDIRAD taxonomy 
  

An illustrative example is presented Figure 2. In this example, Context Group CID 10013 is referred to in the SR 
Template TID 10013 CT Irradiation Event Data, in order to precisely specify the detailed characteristics of CT 
acquisitions. We created corresponding classes in the OntoMEDIRAD ontology, subsumed by a CT acquisition Class, 
that corresponds to the title of this Context Group. Note that, for DCM terms we kept original IRIs from the DCM 
ontology, e.g. http://dicom.nema.org/resources/ontology/DCM/113807. Besides, we kept the original DICOM Code 
Value and Code Meaning in the DICOM-code-value and DICOM-code-meaning Annotation properties, but we 
adopted a different (more explicit) label in our skos:prefLabel Annotation property, e.g. ‘free CT acquisition’ in this 
particular case. 
 
Semantic Translator 
This component provides several services to manage semantic data. The main service translates into RDF the metadata 
associated to the data files: once the data files have been imported into the corresponding repository (i.e. KHEOPS 
repository for DICOM data and FHIR repository for non-DICOM data) the associated key metadata are translated into 
RDF to populate the semantic database. This process involves creating instances of the classes of the ontology, and 
assigning corresponding values by means of data properties available in the ontology (for example the date and time 
of a particular CT acquisition). It also consists in connecting together instances using object properties of the ontology 
(for example to denote that a particular CT image was an output of a particular CT acquisition). The metadata had two 
major origins. For DICOM data files, they were retrieved from DICOM data elements present in the DICOM SOP 
instances, and characterizing, e.g., the Patient, the Study, the Series or the particular Image at stake, e.g. a CT image 
or a NM image. For DICOM Structured reports such as CT SR, information was also retrieved from the SR content 
tree, a complex structure embedded in DICOM elements that are compliant with corresponding SR Templates 
documented in DICOM Part 16. 
For Non DICOM files, the metadata was retrieved from an XML file associated to the File Set imported by the user. 
This XML file contains references to all the files of the File Set that need to imported, as well as detailed information 
about each of them, namely: its nature, format, the related patient, the related MEDIRAD clinical research study, and 
the detailed file provenance (i.e. how it was produced, from which input data etc.). This XML file must comply to a 
predefined structure specified in an XML schema, whose items are aligned with the OntoMEDIRAD ontology.  
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Figure 3. Extract of the XSD file describing the workflow of a simple Monte Carlo dosimetry  
(Blocks appearing with a ‘+’ are themselves composed of blocks not shown on the figure). 

 
Figure 3 shows an extract of the XML schema describing the workflow of a simple Monte Carlo dosimetry, consisting 
in calculating absorbed doses in organs or tissues delineated from CT images. The ReferencedClinicalResearchStudy 
block contains information identifying the research study in the context of which this calculation was made; the 
PatientId allows identifying the patient; the WP2subtask212WorkflowData block contains two blocks that further detail the 
two main steps of the calculation, namely the CTSegmentation, describing the segmentation of volumes of interest 
(VOI) and SimpleCTMonteCarloDosimetry introducing the two main steps, further described in the CalculationOfVoxelMap 
and the CalculationOfAbsorbedDosesInVOIs blocks.   

 
All RDF triplets corresponding to the importation of a series of DICOM images or to a Non-DICOM File Set are 
serialized into an RDF graph, that is appended to the semantic database, supported by the STARDOG Triple Store. 
As a result, the semantic database is currently made of a single RDF graph, that includes both the ontology files, and 
all the elementary RDF graphs produced by the Semantic Translator upon the upload of DICOM and non-DICOM 
data.  
 
Other services of the Semantic Translator concern the querying of the semantic database. As for retrieving detailed 
descriptions of image or dosimetry data files, specific SPARQL queries have been prepared, that can be selected by 
the user with the IRDBB_UI interface, and forwarded to the STARDOG server through the Semantic Translator query 
service. The result of the query is managed by the IRDBB_UI for presentation to the end user and export into CSV 
files. 
The Semantic Translator was developed in Java.  
 
Sparklis 
The Sparklis component is an HTML5/Javascript application allowing the user to build SPARQL queries interactively. 
This module was developed by Sébastien Ferré in IRISA, Rennes (France) [14]. It was deployed as a complementary 
module of IRDBB_UI, extending the query service provided by the Semantic Translator. It allows the efficient 
building of SPARQL queries by pre-exploring both the ontology (i.e. the ontology classes and properties) and the 
actual data through a SPARQL endpoint. Thus, it allows the user to easily focus on those classes, object properties or 
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data properties for which values or instances actually exist in the RDF graph. It can be used by users with no particular 
knowledge of the SPARQL syntax, and it doesn’t require detailed knowledge of the data schema. 

Results 

The main characteristics of the OntoMEDIRAD ontology are shown in Table 1. All modules are represented in OWL. 
It is freely available for consultation and download5. 

 

Module Origin No of 
classes 

OntoMEDIRAD (Root module) (MEDIRAD project) 606 

FMA extract Foundational Model of Anatomy (FMA) 362 

PATO extract Phenotype And Trait Ontology (PATO) 42 

UO extract Units Ontology (UO) 55 

MPATH extract Mouse Pathology (PATO) 4 

ChEBI extract Chemical Entities of Biological Interest (ChEBI) 81 

Radionuclides extract SNMI (SNOMED CT) 113 

Radiopharmaceuticals extract SNMI (SNOMED CT) 121 

IAO extract Information Artefacts Ontology (IAO) 11 

Basic Formal Ontology (BFO) Basic Formal Ontology - Version 2 (BFO) 37 

 

Table 1.  Characteristics of the OntoMEDIRAD Ontology  

 

The Semantic Translator currently supports those DICOM entities that were involved in the clinical research studies 
of MEDIRAD whose research data had to be managed in the IRDBB system, namely CT images, PET Images, NM 
images, CT SR Dose Reports and Enhanced Structured Reports. The latter DICOM entity was used to represent Case 
Report Forms related to a particular clinical research study focusing on 131I targeted radionuclide therapy (TRT) of 
differentiated thyroid cancer (DTC). The list of corresponding DICOM IODs and SOP classes is provided in Table 2. 
 

DICOM Service Object Pair (SOP) Class DICOM Information Object Definition (IOD) 
CT Image Storage SOP Class CT Image IOD 
Enhanced CT Image Storage SOP Class Enhanced CT Image IOD 
Positron Emission Tomography Image Storage SOP Class Positron Emission Tomography Image IOD 
Enhanced PET Image Storage SOP Class Enhanced PET Image IOD 
Nuclear Medicine Image Storage SOP Class Nuclear Medicine Image IOD 
Enhanced Structured Reporting Storage SOP Class Enhanced Structured Reporting IOD 
X-Ray Radiation Dose SR storage SOP Class CT Radiation Dose SR IOD 

 
Table 2.  DICOM SOP Classes and IODs currently supported  

Concerning the management of Non-DICOM data, five workflows are currently supported: 

• Simple Monte Carlo based estimation of absorbed doses from CT 

• 3D Dosimetry in 131I TRT of DTC – 1rst approach 

• 3D Dosimetry in 131I TRT of DTC – 2nd approach 

                                                        
5 https://github.com/OsiriX-Foundation/MediradOnto 
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• 2D Dosimetry in 131I TRT of DTC 

• Hybrid (i.e. combined 2D and 3D) Dosimetry in 131I TRT of DTC. 

The first describes a simple calculation process, involving three main steps: 1)  segmentation leading to the delineation 
of 3D volumes of interest (VOIs), 2) Monte Carlo simulation of a CT acquisition, allowing to calculate absorbed doses 
in each voxel of the human body (more precisely in the part of the body imaged within the field of view - FOV - of 
the CT images), 3) calculation of mean absorbed doses in the different VOIs.     

The four latter workflows describe the calculation of absorbed doses in several organs or tissues of interest, after the 
administration of 131I (NaI) in TRT of DTC, following a common scheme involving: 1) acquisition of NM images at 
several timepoints (e.g. five timepoints) allowing to characterize the distribution of the radioactive material in the 
body along time, 2) the calculation of absorbed doses or absorbed dose rates, and 3) time-integration allowing to 
estimate the absorbed doses in tissues and organs of interest. The various workflows correspond to variants of this 
calculation process, e.g.  in the way NM images are acquired and used - in 3D (3D dosimetry), 2D (2D Dosimetry) or 
using both (Hybrid Dosimetry), or in the way the integration of time-varying parameters is dealt with, i.e. if time 
integration is performed on activity or absorbed dose rates. 

Sparklis 
Figure 4. provides an illustration of the creation of a SPARQL query using Sparklis. The translation into pseudo- 
natural language appears in the upper-left part of the window: in this example, it retrieves the SPECT data acquisitions 
that are part of an imaging study whose target anatomical region is the head. The query may be further modified, e.g. 
to retrieve the date and time of these SPECT acquisitions, or select the images that are the output of these acquisitions: 
such properties for which data exist in the RDF graph appear in the middle-left part of the window. 
 
 

 
Figure 4.  Example of query built with Sparklis  
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Discussion 

In this work, our primary goal was to deploy a semantic database in the context of a professional platform dedicated 
to biomedical research in a pluri-disciplinary domain involving low doses delivered in medical imaging. This is one 
of the very first real-life deployments of semantic databases in the domain of imaging biobanks [15]. Imaging biobanks 
[16] will play a prominent role in future biomedical research, by facilitating the sharing and successful reuse of 
research data. They will also make it possible to provide developers of Artificial Intelligence algorithms with 
appropriate training data. There is no doubt that semantic technologies will be very beneficial in this context to 
properly categorize the data and manage the associated metadata, in a way that can satisfy the F.A.I.R. principles [17], 
i.e. actually make the data Findable, Accessible, Interoperable and Reusable. 

This work demonstrates that even in the constrained context of a project such as MEDIRAD, it was possible to design 
the ontology, to develop the software for populating the semantic database and to provide the end users with 
appropriate tools to import, query and retrieve the data. Our work also demonstrates how semantic technologies can 
complement - rather than replace - traditional (e.g. relational) databases. For example, in the context of the IRDBB 
system, images can be retrieved directly from the KHEOPS DICOM server, and the semantic database brings a 
complementary, more integrated management, especially relating DICOM images to non-DICOM dosimetric data. In 
this respect, our work should help demystify semantic technologies in the medical imaging community. 

The following of this discussion focuses on important aspects of our methodology, enhancing the capabilities and the 
limitations of our work.  

Processing of semantic queries 
When designing an ontology, a major issue is to choose the appropriate level of complexity. The richer the embedded 
knowledge, the more reasoning capabilities will be allowed. However, one must obviously also consider performance 
issues. In this regard, we adopted a rather conservative approach to guarantee efficient processing of SPARQL queries. 
In practice, we designed the pre-prepared SPARQL queries in such a way that they do not require complex reasoning 
(e.g. Description Logics reasoning) by the STARDOG engine. Moreover, OPTIONAL clauses in SPARQL queries 
were used with caution, especially to avoid dependencies between multiple OPTIONAL clauses, that may cause a 
dramatic increase of processing time.  

This conservative approach was dictated by the need of providing rapidly a system offering adequate performance. 
Obviously, we are interested at exploring more ambitious uses of the knowledge embedded in the ontology, e.g. to 
automatically infer dependency graphs between image and absorbed dose data derived from the images, but this would 
need to implement suitable organization of the semantic database, e.g. by separating the RDF data into different 
graphs, or by using several versions of the ontology offering various expressivity. 

Design of the ontology 
As for DICOM, we analyzed in detail existing ontologies, especially the Semantic DICOM ontology6 (SEDI) produced 
by SOHARD Software in Germany. Although it may cover the whole standard, we considered that it was not 
compatible with our realist modelling approach, since it very much relies on the specific internal organization of 
DICOM specifications (e.g. Information entities, Information Object Definitions, Sequences, Sequence Items) rather 
than on the nature and relations of the entities in the real world. Consequently, we applied our realist modelling 
approach to the DICOM entities falling in our application’s scope, and we believe this was an interesting experience 
that should be generalized to the whole DICOM standard, even though this would represent a huge work, given the 
size and complexity of this standard. Nevertheless, we made our best efforts to stick to original DICOM semantics, 
e.g. by adopting original DICOM IRIs whenever existing and incorporating/adapting DICOM labels and definitions 
(retrieved from Part 3 and Part 16 of DICOM), especially in our annotation properties. 

Semantic Translator 
Translating into RDF the key DICOM metadata associated with DICOM objects was more complex than expected. A 
common and relatively simple approach was applied for all supported DICOM objects, consisting in instantiating the 
class of dataset and the class of process that produced this dataset, and relating them together using the ‘has specified 
output’ object property, and associating to this process the various settings corresponding to the key elements of the 
imaging protocol, e.g. for CT: tube voltage, tube current, whether tube current modulation was used or not, etc. In 
practice, the main difficulties arose from three origins: 1) the fact that involved entities in the real world are not always 
well identified in DICOM headers (for example pieces of equipment, algorithms); 2) the fact that DICOM metadata 

                                                        
6 https://bioportal.bioontology.org/ontologies/SEDI 
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sometimes includes several ways to describe the same information; for example, protocol settings can be found in 
single data elements or in complex sequences of items, thus requiring to explore all possible ways of encoding it; 3) 
the fact that semantically important information about the imaging procedure or the imaged organ is often encoded in 
free text or simply not present. All these constraints make it very difficult to formalize the DICOM to RDF translation 
process, at least in the relatively limited time frame that was available to us.  

The management of non-DICOM data in the context of dosimetry was necessary because the related DICOM standard 
(namely the Patient Radiation Dose Structured Report) was not supported by the dosimetry applications developed by 
the MEDIRAD research groups. Consequently, it was necessary to specify several models of description of dosimetry 
workflows (modelled as XML schemas), suitable to describe the detailed provenance of dosimetric data, which was 
really challenging in the context of TRT because the dosimetry methodology is not yet standardized. As for TRT, such 
models were designed, taking into account existing recommendations of good practice of clinical dosimetry reporting 
[18]. They were implemented in the TRT dosimetry software developed at CRCT but not by the other groups yet. 
Furthermore, this dosimetry software was developed quite late in the project, thus requiring late and multiple 
extensions of the ontology and of the mapping of the ontology with the XSD schema constraining the structure of the 
XML data. Therefore, efficient tooling had to be developed to automate the creation of XSD files and produce and 
maintain the Java software responsible for translating the embedded information. 
 
SPARQL queries 
The complexity of the SPARQL query language is certainly one of the factors limiting the widespread diffusion of 
semantic technologies. For end-users, the difficulties arise from both the intrinsic complexity of the syntax and from 
the necessity to have a perfect knowledge of the data schema, i.e. the name and hierarchy of the classes, and the precise 
object properties and data properties used in the RDF graph. This is the reason why we made the choice of pre-prepared 
queries focusing on the main image and dosimetric datasets present in the semantic database. In the design of the 
queries we made the choice of broad queries (e.g. listing all CT images or all PET images), complemented by a 
filtering mechanism managed at the web browser level (e.g. to restrict the list to those concerning a particular patient 
or a particular clinical research study). An alternative could have been to ask the user to specify search criteria, which 
raised the difficulty of providing him/her with corresponding values. The advantage of such pre-prepared queries is 
that they can contain the whole set of acquisition parameters present in the database. 

Nevertheless, it was obvious that a complementary mechanism had to be provided to enable a user to explore the graph 
in a flexible way. The integration of the Sparklis engine perfectly addressed this need. In practice, we realized that we 
had to provide a new set of labels for object properties and data properties, that is more consistent with the way 
Sparklis translates the SPARQL query in pseudo-natural language. This could be done very simply by adding a module 
in the ontology called SparklisLabels that provides these labels as additional annotation properties associated with 
each object property and data property. Moreover, it allowed introducing more simple labels, especially concerning 
properties provided in the BFO upper-level ontology, that might have been difficult to understand by the end-users. 

We believe that motivated end-users will manage to use Sparklis, e.g. based on recorded videos providing concrete 
examples, but we have not sufficient return on experience, yet. 

Conclusion and perspectives 

The main contributions of this work are: 1) an implementation of a computer system called IRDBB including a 
semantic database to manage image and dosimetric data in an integrated way; this system has been intensively tested 
during the four last months and is now deployed in the ITMI facility in Geneva, and ready for use for supporting 
MEDIRAD clinical research studies. 2) An ontology called OntoMEDIRAD covering the domain of discourse 
involved in MEDIRAD research; this ontology models many concepts from the DICOM standard, according to a 
realist approach, which is really innovative since existing DICOM ontologies are either a flat list of terms or not 
designed according to a realist approach. This realization may help to promote the idea of designing a full-fledged 
DICOM ontology, which would significantly boost the development of imaging biobanks and AI software. 
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Introduction. Telemedicine (telephone and video visits) can offer direct real-time, convenient access to a 

clinician without needing to arrange for time-off work, transportation, or account for wait times usually 

required for a traditional office visit. The additional convenience of telemedicine could increase timely 

access to clinical care – a key dimension of care quality.1,2  

Among patient-scheduled in-person office or telemedicine (video, or telephone) appointments with 

their own primary care providers, we measured the association between type of visit and appointment 

timeliness (time from scheduling to the actual visit time). 

 

Methods. We examined patient-initiated primary care visits in a large integrated health care delivery 

system with over 4 million members, Kaiser Permanente Northern California. Beginning in 2016, patients 

scheduling a primary care appointment through the online patient portal were asked to choose visit type: 

office, video, or telephone visit. All visit types had comparable scheduling availability, except for ‘routine 

physical’ which were offered as office visits only. Available clinicians included patients’ own primary 

care provider or other primary care providers the patient had visited. Telemedicine visits (video or 

telephone) were largely exempt from out-of-pocket cost-sharing. 

In this observational study, we included all primary care appointments scheduled through the 

patient portal from 1/2016-5/2018. To identify visits for new concerns/episodes, we excluded visits that 

occurred within 7 days of other prior clinical encounters (office, video, phone, emergency department, or 

hospitalization). We measured the calendar days between the scheduling date and the actual appointment 

time, and categorized visits as timely if the actual visit took place by the end of the following calendar day 

after the patient scheduled the appointment. Using multivariate logistic regression, we examined the 

association between visit type (in-person, video telemedicine, telephone telemedicine) and visit 

timeliness, adjusted for patient socio-demographic characteristics (age, gender, neighborhood 

socioeconomic status, language preference), in-person visit barriers (cost-sharing, travel time from home 

to nearest clinic, paid parking structure), technology access (neighborhood internet access level, mobile 

portal access in the prior year, portal proxy access, video visits in the prior year), whether the visit was 

with the patient’s own primary care provider, preexisting chronic conditions, ICD10 primary diagnosis 

grouping, and medical center, with standard errors adjusted for clustering by patient. For easier 

interpretation, we calculated adjusted rates using results from the logistic model as if every visit from the 

entire cohort was scheduled as an office visit, video visit, or telephone visit. 

 

Results. Overall, 2,178,440 eligible primary care visits were scheduled by 1,131,722 patients; 22.2% 

were ages 65+, 45.1% were men, 59.8% were white; and 15.6% lived in lower socioeconomic status 

neighborhoods. Among all portal scheduled visits, 14% were chosen to be via telemedicine (telephone 

and video). The mean calendar days between the scheduling date and the actual appointment time was 

3.52 days for in-person visits, 2.29 days for video visits, and 1.80 days for telephone visits. After 

multivariate adjustment, 46.49% (95% CI: 46.42% to 46.57%) of in-person visits, 56.58% (95% CI: 
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55.90% to 57.27%) of video visits, and 

66.61% (95% CI: 66.44% to 66.79%) 

of telephone visits were scheduled to 

occur within one day of making the 

appointment (Figure 1).  

 

Discussion. In a setting with 

comparable in-person and telemedicine 

scheduling availability, fewer than half 

of in-person visits were scheduled 

within one day of making the 

appointment, compared to over half of 

video visits, and over two-thirds of 

telephone visits. On average, telephone 

visits were scheduled 50% sooner than office visits. Although the convenience of telemedicine is often 

noted, our study is the first to our knowledge to quantitatively examine the degree to which telemedicine 

access may actually provide patients a more timely way to seek care from familiar providers and access 

health care services sooner.  These findings have important implications, given that timely healthcare 

access is a key dimension of care quality3 and is associated with improved health outcomes.4 Still, this 

study does not examine the appropriateness (i.e., visit within one day of onset of cold symptoms) or the 

health impacts (i.e., fewer emergency room visits) of telemedicine-associated timeliness.  

Given the ongoing COVID-19 pandemic, internal and family medicine leaders have propelled 

temporary changes in reimbursement policies to encourage practices across the country to offer their 

patients telemedicine visits with their existing providers.5,6 It is unclear if the increase in telemedicine 

access will persist once the current threat of the pandemic subsides. Our study found that pre-COVID-19, 

choosing telemedicine was associated with more timely access to primary care. Further research is needed 

to examine associated health impacts and other telemedicine benefits such as protection from contagious 

conditions, such as the flu or COVID-19.  
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Abstract 

We conducted a systematic literature review to assess how conversational agents have been used to facilitate chronic 
disease self-management. The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
framework was used. Literature was searched across five databases, and we included full-text articles that contained 
primary research findings for text-based conversational agents focused on self-management for chronic diseases in 
adults. 1,606 studies were identified, and 12 met inclusion criteria. Outcomes were largely focused on usability of 
conversational agents, and participants mostly reported positive attitudes with some concerns related to privacy and 
shallow content. In several studies, there were improvements on the Patient Health Questionnaire (p<0.05), 
Generalized Anxiety Disorder Scale (p=0.004), Perceived Stress Scale (p=0.048), Flourishing Scale (p=0.032), and 
Overall Anxiety Severity and Impairment Scale (p<0.05). There is early evidence that suggests conversational agents 
are acceptable, usable, and may be effective in supporting self-management, particularly for mental health.  

Introduction

Sixty percent of U.S. adults have chronic diseases, such as hypertension and diabetes1, which are 86%2 of the $2.6 
trillion in annual health care expenditures in the U.S.3 Chronic diseases can be controlled through self-management, 
which refers to an individual’s ability to manage symptoms, treatments, physical and psychosocial consequences of 
diseases, and lifestyle changes4. Successful self-management requires sufficient knowledge of the disease and the 
necessary skills to manage and prevent complications, slow disease progression, and improve health outcomes4. Given 
the near ubiquity of mobile phones with 96% of U.S. adults owning a mobile phone and 81% owning a smartphone 
in 20195, mobile health (mHealth) approaches to facilitate self-management are a promising supplement or alternative 
to traditional programs. In particular, short message service (SMS) interventions have shown improvements across a 
range of self-management behaviors, such as medication adherence, smoking cessation, and physical activity6-9. 
Patients have reported SMS apps to be highly acceptable and easy to use, though receiving tailored text messages in 
real-time could improve the user experience10,11. This suggests that conversational interfaces, which can provide 
automated two-way communication and evidence-based tailored responses, may have potential advantages over 
current self-management interventions.  

Conversational agents, also known as dialogue systems or chatbots, are systems that communicate with users in natural 
language (text or speech) and can complete specific tasks or mimic “chat” characteristics of human-human 
interactions12. Conversational agents have the ability to mirror a therapeutic process, such as cognitive behavioral 
therapy or motivational interviewing13. This could promote goal setting, positive feedback, self-monitoring, 
overcoming obstacles to self-management, and education, which are important components in chronic disease self-
management. Text-based  conversational agents can engage users about sensitive or stigmatized topics and have the 
ability to show empathy, which can help to alleviate negative symptoms or emotions14,15. For example, a 
conversational agent could be paired with wearable devices to detect the onset of a disease exacerbation and provide 
the user with appropriate therapy to help manage their symptoms16.  

Conversational syntax and semantics could also reveal rich linguistic information about the user, which may allow for 
a better understanding of the person’s health status15. Given the potential to deliver self-management components 
through a conversational agent, the objective of this systematic review was to assess how text-based conversational 
agents have been used for chronic disease self-management. 
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Methods 

Search Strategy. The Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines 
were used as a framework17. The literature search was conducted within five electronic databases (PubMed, Scopus, 
Embase, Cumulative Index to Nursing and Allied Health Literature, and Association for Computing Machinery Digital 
Library). We prioritized sensitivity over specificity to ensure that all potentially relevant studies were included. The 
search was limited to papers published prior to the search date of October 1, 2018. Search terms included variations 
of: “conversational agent, virtual coach, chatbot, dialogue system, and health.” Search terms could appear anywhere 
in the title, abstract, or keywords. Bibliographies of included publications were also searched to identify additional 
relevant literature. All studies were imported from EndNote X8 into Covidence systematic review software to screen 
studies. Duplicate studies across databases were removed.  

Eligibility Criteria. The seven inclusion criteria were: (1) full-text journal articles or conference proceedings, (2) 
published in English, (3) contained primary research findings, and (4) included a text-based conversational agent in 
(5) the context of self-management for (6) chronic diseases in (7) adults 18 years and older. Editorials, letters, design
papers, conference abstracts, and study protocols were excluded.  For this study, “conversational agent” was defined
as an autonomous system that can communicate with users bi-directionally in text12. Thus, automated text messages
for reminders or appointments and question and answer systems were not considered conversational agents. Since the
focus was on text-based conversational agents, only studies that contained agents with both text-based input and output
were included, though the system could also contain speech-based input or output. “Wizard of Oz” studies, which
involved a human simulating the response of the system, were included since these studies could potentially reveal
valuable information about the nature of interaction and functionalities of the system in relation to self-management.

Self-management was defined as an individual’s ability to manage symptoms, treatments, physical and psychosocial 
consequences, and lifestyle changes4. We adapted the list of self-management skills from Lorig et al (2003), which 
has been used in numerous studies and in the Stanford Chronic Disease Self-Management Program18,19. Studies that 
did not contain at least one of these self-management skills were excluded. We included conversational agents targeted 
towards one or more of the 19 chronic diseases defined by the Centers for Medicare and Medicaid Services20. Because 
chronic diseases are defined as conditions that last longer than one year, we also included additional prevalent 
conditions and populations where self-management is important that were not in the Centers for Medicare and 
Medicaid Services list, such as obesity and mental health conditions (post-traumatic stress disorder, substance 
use/addiction). We also included studies for older adults who often have chronic diseases. 

Study Selection. Two reviewers (AG, ZX) independently rated each title and abstract as “potentially relevant” or “not 
relevant” based upon the abstract potentially meeting the inclusion criteria. Then, each reviewer examined the full-
text of the studies rated as “potentially relevant” and applied the inclusion criteria again. Any disagreements were 
discussed with an adjudicator (AC). Cohen’s kappa statistic21 was calculated to measure inter-rater agreement between 
each reviewer for screening and full-text review. 

Data Extraction and Synthesis. One reviewer (AG) extracted data from the abstract, main text, and supplemental 
material into a standardized form, and another reviewer (ZX) examined the form for accuracy. Chronic diseases were 
grouped into mutually exclusive categories based on the primary disease or population the conversational agent was 
targeted towards. Self-management skills and attributes of the conversational agent were grouped into one or more 
categories based on the description of the conversational agent provided in the study. The extracted data were cross 
tabulated to show a comparison of key concepts across studies. 

Risk of Bias. We assessed the risk of bias within each study using the Agency for Healthcare Research and Quality 
internal validity quality evaluation form22. One reviewer (AG) evaluated and rated each study’s risk of bias as good, 
fair, or poor, and another reviewer (ZX) reviewed the form for consistency. We did not assess the validity of the 
literacy measurement used in each study as there was limited data across studies22. 

Results 

Study Selection. 2,422 studies were identified from the database search, and 1,606 studies were screened after 
removing duplicates. 82 studies were included in the full-text review, and 12 studies were included in the final review, 
which was comprised of 12 unique conversational agents (see Figure 1). The kappa statistic for title and abstract 
screening was 0.94 (strong agreement) and 0.75 (moderate agreement) for full-text screening. 
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Figure 1. PRISMA diagram. 
*The three studies were included through a review of reference citations from primary studies.

Study Characteristics. The final review included studies23-34 published from 2012-2018 from seven countries. There 
was a range of study designs and methodologies, including five randomized controlled trials, five quasi-experimental 
studies, and two non-experimental studies (see Table 1). The majority were pilot studies and study duration ranged 
from two weeks to four months. The total number of participants ranged from 10 to 401, and participant ages were 
between 18 and 92 years. 

Table 1. Study methodology and outcomes of reviewed studies. 

Study Study Design and Methodology Participant Characteristics Outcomes 

Baskar et al, 
201523 

Quasi-experimental + interviews 
11 older adults and 2 health 
professionals played the role of a 
fictitious persona while 
interacting with the agent for ~10 
minutes followed by an interview. 

Age: N/A 
Gender: 55% female 
Race: N/A 
Baseline Clinical 
Characteristics: N/A 

• Attitudes, perceptions
• Usage

Elmasri et 
al, 201624 

Quasi-experimental + interviews 
17 participants interacted with the 
agent to explore their alcohol 
consumption for ~10 minutes 
followed by a survey and 
interview. 

Age: 18-25  
Gender: 41% female 
Race: N/A 
Baseline Clinical 
Characteristics: <5 drinks/day 

• Attitudes, perceptions
• Client Satisfaction Survey
• Usage
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Table 1. Study methodology and outcomes of reviewed studies, continued. 

Study Study Design and Methodology Participant Characteristics Outcomes 

Fitzpatrick 
et al, 201726 

RCT 
70 participants were randomly 
assigned to Woebot or directed to 
a National Institute of Mental 
Health ebook for 2 weeks. 
Surveys were completed at 
baseline and post-intervention. 

Age: 18-28 
Gender: 67% female 
Race: 79% Caucasian 
Baseline Clinical 
Characteristics: 46% had 
moderately-severe or severe 
PHQ-9 depression scores; 74% 
had severe GAD-7 anxiety 
scores 

• Patient Health Questionnaire
(PHQ)-9 (p=0.017)

• General Anxiety Disorder (GAD)-7
Scale (p=0.004)

• Positive Affect Schedule (p=0.951)
• Negative Affect Schedule (p=0.80)
• Satisfaction (p<0.001)
• Usage
• Knowledge

Gaffney et 
al, 201325 

RCT 
48 participants were randomly 
assigned to MYLO or ELIZA to 
discuss a current problem for ~20 
minutes. Surveys were completed 
at baseline, post-intervention, and 
2-week follow-up.

Age: 18-32 
Gender: 79% female 
Race: N/A 
Baseline Clinical 
Characteristics: N/A 

• Resolution ratings (p<0.05)
• Helpfulness ratings (p<0.05)
• Depression and Anxiety Stress

Scale (p=0.36)
• Distress (p=0.13)
• Usage

Kazemi et 
al, 201427 

Focus groups 
26 participants were placed into 
one of four focus group sessions 
to determine their views of 
mHealth technology to deliver an 
alcohol-related intervention. 

Age: 18-20 
Gender: 73% female 
Race: 70% Caucasian 
Baseline Clinical 
Characteristics: N/A 

• Attitudes, perceptions

Ly et al, 
201728 

RCT + interviews 
28 participants were randomly 
assigned to Shim or a wait list 
control group for 2 weeks. 
Surveys were completed at 
baseline and post-intervention. 9 
participants from the intervention 
group were selected for a semi-
structured interview. 

Age: 20-49 
Gender: 54% female 
Race: N/A 
Baseline Clinical 
Characteristics: N/A 

• Flourishing Scale (p=0.032)
• Perceived Stress Scale (p=0.048)
• Satisfaction With Life Scale

(p=0.10)
• Attitudes, perceptions
• Usage

Schroeder et 
al, 201829 

RCT 
84 participants were randomized 
into two messaging groups (semi-
personalized messages or non-
personalized messages). 
Participants completed weekly 
surveys over the 4-week study. 

Age: 18-63 
Gender: 89% female 
Race: N/A 
Baseline Clinical 
Characteristics: 83% had an 
anxiety disorder on the Overall 
Anxiety Severity and 
Impairment Scale; 68% had 
moderate to severe range of 
depression on PHQ-9 

• Overall Anxiety Severity and
Impairment Scale (p<0.05)

• PHQ-9 (p<0.01)
• System Usability Scale
• Usage

Stein et al, 
201730 

Quasi-experimental 
159 participants interacted with 
Lark for up to 16 weeks followed 
by a survey. 

Age: 18-76  
Gender: 75% female 
Race: N/A 
Baseline Clinical 
Characteristics:  
BMI>25kg/m2 

• Weight loss
• Healthy meals logged
• Satisfaction
• Usage
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Table 1. Study methodology and outcomes of reviewed studies, continued. 

Study Study Design and Methodology Participant Characteristics Outcomes 

Tsiourti et 
al, 201431 

Focus group + interviews 
20 older adults and 14 health 
professionals participated in two 
focus groups and an interview to 
assess acceptance and 
expectations. 

Age: 65-92 
Gender: 65% female 
Race: N/A 
Baseline Clinical 
Characteristics: N/A 

• Attitudes, perceptions

van Heerden 
et al, 201732 

Quasi-experimental + interviews 
10 Participants interacted with 
Lwazi/Nolwazi for ~25 minutes 
and provided feedback. 

Age: 30 (average) 
Gender: 50% female 
Race: N/A 
Baseline Clinical 
Characteristics: N/A 

• Attitudes, perceptions
• Usage

Wang et al, 
201833 

Quasi-experimental 
401 participants were placed into 
WeChat groups with an agent or 
received smoking cessation tips 
over the 8-week study. 
Participants completed weekly 
surveys. 

Age: 33 (average) 
Gender: 40% female 
Race: N/A 
Baseline Clinical 
Characteristics: Smoked in the 
past 7 days 

• Smoking cessation
• Usage

Watson et 
al, 201234 

RCT 
70 participants were given a 
pedometer and randomly assigned 
to a conversational agent or 
access to website for 12 weeks. 
Surveys were completed at 
baseline and post-intervention.  

Age: 42 (average) 
Gender: 84% female 
Race: 76% Caucasian 
Baseline Clinical 
Characteristics: BMI between 
25-35kg/m2

• Step count (p=0.07)
• BMI (p=0.44)
• Attitudes, perceptions
• Usage

*Abbreviations: N/A: data not available in manuscript; RCT: randomized controlled trial; BMI: body mass index

Evaluation Measures. The majority of studies (10 of 12) evaluated usability, which was primarily measured by 
assessing users’ attitudes towards using the conversational agent through questionnaires, interviews, or focus groups. 
Across the studies, the majority of participants reported moderate to high satisfaction with the agents, although only 
two studies used a validated questionnaire to assess satisfaction specifically. These two studies found the average 
satisfaction of the intervention was 3.6 out of 4 using the Client Satisfaction Survey24 and 82 out of 100 on the System 
Usability Scale29. Several studies incorporated the perceptions of healthcare professionals who expressed concerns 
with the large amount of information presented to older adults, cautioned use due to the potential to reduce 
independence, and stated the importance of the chatbot guiding rather than directing older adults23,31. Ten studies 
evaluated usage of the agent, which was measured by the amount of time interacting with the agent or the number of 
sessions with the agent. For laboratory-based studies, participants interacted with the conversational agent on average 
between 10 to 26 minutes23-25,32. For non-laboratory based experimental studies, the majority of participants interacted 
with the agent at least 50% of the study period26,28-30. Seven studies evaluated clinical outcomes, which were primarily 
self-reported. There were significant improvements in the PHQ-9 (p<0.05)26,29, GAD-7 (p=0.004)26, Overall Anxiety 
Severity and Impairment Scale (p<0.05)29, Flourishing Scale (p=0.032)28, and Perceived Stress Scale (p=0.048)28 
among intervention groups. Only one study evaluated knowledge and found 100% of participants in the intervention 
group reported that they learned something new compared to 77% in the control group26.  

Conversational Agent Attributes. Conversational agents were focused on a variety of populations and chronic 
conditions such as depression25,26,28,29, substance use24,27,33, older adults23,31, diabetes30, overweight/obesity34, and 
HIV/AIDS32 (Table 2). The majority of conversational agents were targeted towards mental health and assisted with 
managing symptoms or problem solving by helping users cope with their emotions and teaching them how to respond 
if their feelings worsened24-29,33. For self-management skills, agents focused on skills such as maintaining a healthy 
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lifestyle23,24,27,28,30-34, managing symptoms26,29,32, talking with friends and family31-33, problem solving25,29,34, working 
with the care team31,32, participating in social activities27,33, managing medications31, and community resources27. The 
majority of conversational agents were chatbots23-31,33 and almost half used a frame-based system26,28-30,32 to keep track 
of information the user provided and information the system still needed.  

Most conversational agents had a mixed dialogue initiative25,26,28-30,33, thereby, allowing the user or system to lead the 
conversation. The majority of agents had a mobile app interface, which included custom apps or SMS platforms such 
as Telegram or WeChat26-28,30,32,33. Nearly all were based on theories for behavior change or contained evidence-based 
content24-30,32-34. Across studies, cognitive behavioral therapy was most commonly used to guide the language the 
agent used and the direction of the conversation based on the user’s utterances. Few described design principles used 
to develop the content or types of interactions, with only two studies reporting the use of human-centered design31 or 
the Integrate, Design, Assess, and Share (IDEAS) framework27,35. 

Table 2. Conversational agent attributes. 

Study 

Chronic 
Disease or 
Population Type 

Theoretical Framework or 
Evidence Base Self-Management Skills 

Baskar et al, 201523 Older Adults Chatbot 
(finite-state) 

N/A • Maintaining a healthy lifestyle

Elmasri et al, 
201624 

Substance Use Chatbot 
(finite-state) 

Alcohol Use Disorders 
Identification Test  

• Maintaining a healthy lifestyle 

Fitzpatrick et al, 
201726 

Depression Chatbot 
(frame-based) 

Cognitive behavior therapy • Managing symptoms

Gaffney et al, 
201325 

Depression Chatbot 
(finite-state) 

Perceptual control theory • Problem solving

Kazemi et al, 
201427* 

Substance Use Chatbot** Ecological momentary 
interventions, motivational 
interviewing, 
transtheoretical model of 
change 

• Maintaining a healthy lifestyle
• Community resources
• Participating in social activities

Ly et al, 201728 Depression Chatbot 
(frame-based) 

Cognitive behavior therapy • Maintaining a healthy lifestyle

Schroeder et al, 
201829 

Depression Chatbot 
(frame-based) 

Dialectical behavior therapy • Managing symptoms
• Problem solving

Stein et al, 201730 Diabetes Chatbot 
(frame-based) 

Cognitive behavior therapy, 
Diabetes Prevention 
Program 

• Maintaining a healthy lifestyle

Tsiourti et al, 
201431 

Older Adults Chatbot** N/A • Maintaining a healthy lifestyle
• Working with the care team
• Talking with friends and family
• Managing medications

van Heerden et al, 
201732 

HIV/AIDS Task-oriented 
(frame-based) 

CDC guidelines for HIV 
counseling in non-clinical 
setting 

• Maintaining a healthy lifestyle
• Managing symptoms
• Working with the care team
• Talking with friends and family

Wang et al, 201833 Substance Use Chatbot 
(finite-state) 

PubMed medical 
information retrieval dataset 

• Maintaining a healthy lifestyle
• Talking with friends and family
• Participating in social activities

Watson et al, 
201234 

Overweight or 
Obesity 

Task-oriented 
(finite-state) 

Behavioral and social 
cognitive theory 

• Maintaining a healthy lifestyle
• Problem solving

*Kazemi et al, 2018 was used to extract conversational agent attributes35.
**Dialogue management system was N/A.
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Risk of Bias. Risk of bias of one study was rated as good, five as fair, and six as poor. There was selection bias across 
studies with the majority using a convenience sample or not adequately describing participant characteristics. Of the 
six non-laboratory based experimental studies, participant completion ranged from 56 to 96%, and only three studies 
conducted an intent-to-treat analysis26,28,34. Measurement bias included self-reported measurements and questionnaires 
that were not valid or reliable, which may be due to the lack of established instruments to measure the quality of 
interactions with a conversational agent. Many studies did not assess potential confounders such as the participant’s 
duration of the condition, comorbidities, health literacy, motivation, and use of technology.  

Discussion 

Principle Findings. While limited, early evidence suggests that conversational agents are acceptable, usable, and may 
be effective in supporting patients in self-management of chronic diseases particularly for mental health conditions 
such as depression or substance use. Outcomes from reviewed studies were mainly evaluated on usability, usage, and 
self-reported clinical measurements. Overall, participants reported a positive attitude and moderate to high satisfaction 
with agents, but there were concerns for privacy, the potential to reduce independence, and for having repetitive or 
shallow content. There were improvements in several patient-reported outcome scores between the conversational 
agent intervention and control groups in several studies26,28,29. However, the lack of methodological rigor and 
heterogeneity in study design make it challenging to interpret results within and across studies.  

In this systematic review, we extended prior reviews by assessing the theoretical frameworks, features, content, and 
design principles of text-based conversational agents for self-management in those with chronic diseases. There was 
diverse content across the conversational agents. In contrast to the mHealth literature9,10, we found that the majority 
of conversational agents were based upon theoretical grounding. Agents primarily leveraged the self-management 
skill of maintaining a healthy lifestyle, but few provided information about community resources or assistance with 
managing medications. Similar to digital health solutions, conversational agents vary considerably, and it is unclear 
how their effectiveness may differ based on sociodemographic and clinical characteristics as these were not captured 
across all studies. Not surprisingly, very few studies reported using established design principles, such as participatory 
or user-centered design, and none used heuristic evaluation methods.  

Comparison to Prior Work. To our knowledge, there have been no systematic reviews on the use of conversational 
agents for chronic disease self-management, but other health-related reviews have been conducted with similar 
findings36-41. We found that the existing literature primarily contains small scale studies that focus on mental health 
conditions36-40. Many of these studies are in the development or pilot phase and do not contain samples that are 
generalizable across other populations. Study participants from research included in this review were predominantly 
young, female, Caucasian, and owned a smartphone, which is not necessarily representative of U.S. patients with 
chronic diseases. Excluding populations that may benefit the most from using these technologies, such as older adults 
or those with physical limitations, from design and usability studies could widen disparities. Despite our focus on 
chronic diseases, the longest study duration was only four months30, and no agents accounted for time since diagnosis 
to allow for more complex or nuanced interactions. Providing improved continuity and information to users comes 
with a tradeoff, as agent-based systems are computationally intensive and require more sophisticated natural language 
capabilities, large training datasets, and a deeper semantic representation. Ideally, sophisticated dialogue and user 
models that prioritize safety and efficacy and can handle natural language inputs should take into account the users’ 
goals, intentions, dialogue history, and context.  

In accordance with prior reviews, we also found that studies lacked a comprehensive understanding of patients’ 
needs37,38. Patients may require varying levels of support depending on sociodemographic characteristics, health 
status, and cultural factors, and these needs largely remain implicit and unaddressed in the existing body of 
research36,39. For example, patients with low intrinsic motivation may benefit more from human support than those 
motivated to work independently, and understanding user motivation could contribute to the optimal timing and type 
of support provided by conversational agents39. While there were no studies that explicitly assessed patient motivation, 
two studies measured levels of engagement or experience with technology at baseline25,31. These findings suggest the 
timing and nature of support and how individual characteristics affect one’s ability to self-manage health and use 
conversational technologies should be design considerations.  

Implications for Healthcare and Research. The use of conversational agents for chronic disease self-management 
also has a number of potential applications for clinical care and research. In clinical settings, conversational agents 
could facilitate social, emotional, relational, and task support that could connect users to health professionals, 
resources, information, and peers. However, safety protocols are needed prior to leveraging conversational agents in 
clinical care settings, particularly for agents with unconstrained natural language input capabilities42. For example, if 
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the system does not accurately understand the user’s input, it could provide inappropriate medical information which 
may result in an adverse outcome. Confirming user input, having a default fallback intent for out-of-domain utterances, 
or constraining user input to menu choices may mitigate some patient safety concerns. These tradeoffs must be 
considered for user experience, but balanced against the relative risks to patient safety. 

The field of health conversational agents, which lies at the intersection of computational linguistics and health 
informatics43, will likely accelerate with the adoption of conversational developer platforms, such as Amazon Lex44, 
Facebook Wit.ai45, Google Dialogflow46, and Microsoft Bot Framework47. As mobile phones become increasingly 
integrated into people’s lives, conversational agents will likely be deployable on new and existing mobile apps, such 
as social media, messaging platforms, or even other emerging technologies. However, many of these platforms do not 
meet the requirements of the Health Insurance Portability and Accountability Act (HIPAA) to protect health-related 
data, which is a potential limitation of implementing conversational agents for use in clinical care. Currently, Amazon 
Alexa is the only platform that provides a HIPAA-compliant environment to build apps that transmit and receive 
protected health information, though it is only available to select developers at this time48. Further, the Food and Drug 
Administration has not made an explicit statement regarding the level of enforcement for health-related conversational 
agents. It is likely that conversational agents would be regulated like mobile apps, where mobile app entities are not 
considered medical device manufacturers unless the app delivers care or makes care decisions49. In addition to 
regulatory and legal provisions, reimbursement mechanisms and the ability to incorporate actionable information from 
agents into the clinical workflow remains unexplored. Ethical concerns related to the use of assistive technologies, 
such as the quality of information, over-reliance, and potentially further exacerbating health disparities if user-centered 
design principles are not utilized, are also barriers to using conversational agents to support self-management. 

Limitations. This review has several limitations. We did not include voice-based conversational agents because they 
offer a different user experience than text-based agents15. Also, we only included the features, content, theoretical 
frameworks, and design principles of the conversational agents that were explicitly stated in the manuscripts, so it is 
possible that some of the characteristics may not be reflected in our review. We rated the majority of papers as poor 
or fair quality due to the lack of rigor in many of the studies, which suggests the conclusions may not be generalizable 
given the high degree of bias. Due to the heterogeneity of study designs, we could not assess the strength of evidence 
in a meta-analysis.  

Conclusions 

Given the growing burden of chronic diseases in the U.S., text-based conversational agents to support self-
management could assist patients to move beyond passively consuming information to actively engaging in disease 
management. Currently, conversational agents seem to have elementary dialogue management systems that do not 
take into account the users’ preferences, goals, or history, and the design may need to evolve to better meet user needs. 
The rich linguistic data generated from agents could also provide additional insights into the patient’s emotional or 
physical state, could facilitate decision making and self-management for the patient, and provide valuable information 
for the care team. At this early stage, there are only a few conversational agents that are targeted towards chronic 
diseases, and most are focused on depression and self-management through maintaining a healthy lifestyle. Future 
research should assess the influence of more sophisticated dialogue and interactions and leverage established user-
centered design principles to tailor agents to support self-management of chronic diseases. Additional investigation is 
needed to rigorously assess the characteristics of agents that may be most useful for self-management based on the 
user’s motivation and context, health status, and psychosocial attributes. Safety, privacy, ethical, and regulatory issues 
should also be addressed as conversational agents are implemented into real-world care settings. 
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Abstract 
Transgender and gender nonconforming (TGNC) individuals face significant marginalization, stigma, and 
discrimination.  Under-reporting of TGNC individuals is common since they are often unwilling to self-identify.  
Meanwhile, the rapid adoption of electronic health record (EHR) systems has made large-scale, longitudinal real-
world clinical data available to research and provided a unique opportunity to identify TGNC individuals using their 
EHRs, contributing to a promising routine health surveillance approach.  Built upon existing work, we developed and 
validated a computable phenotype (CP) algorithm for identifying TGNC individuals and their natal sex (i.e., male-to-
female or female-to-male) using both structured EHR data and unstructured clinical notes.  Our CP algorithm 
achieved a 0.955 F1-score on the training data and a perfect F1-score on the independent testing data.  Consistent 
with the literature, we observed an increasing percentage of TGNC individuals and a disproportionate burden of 
adverse health outcomes, especially sexually transmitted infections and mental health distress, in this population. 

Introduction 
As a health disparity population designated by the National Institutes of Health (NIH), sexual and gender minority 
(SGM) individuals, especially transgender and gender nonconforming (TGNC) people, face a disproportionate burden 
of adverse health outcomes.1  Although there is a growing body of literature on the unique health issues among the 
TGNC population, they remain severely underserved and existing data on TGNC health are scarce.  Under-reporting 
of TGNC status is common since TGNC individuals are often unwilling to self-identify and participate in traditional 
surveys due to issues related to social and economic marginalization, stigma, and discrimination, leading to challenges 
in obtaining population-based estimates.  Because the SGM population represents a relatively small proportion of the 
population, it is labor-intensive and costly to recruit a large enough sample in general population surveys for 
meaningful analysis of the SGM population and their subgroups.2   
The last few years have witnessed a rapid adoption of electronic health record (EHR) systems in the United States 
(US) and these systems have become an integral part of the health care system.  As of 2017, 85.9% (nearly 9 in 10) of 
office-based physicians had adopted an EHR system, and 79.7% (nearly 4 in 5) had adopted a certified EHR system 
that meets the requirements of the US Department of Health and Human Services.3  Likewise, 96% of hospitals utilized 
an EHR in 2017.4  Furthermore, the widespread adoption of EHR systems has led to the creation of large-scale national 
and international clinical data research networks.  The national Patient-Centered Clinical Research Network 
(PCORnet) funded by the Patient-Centered Outcomes Research Institute (PCORI) is one of the most prominent 
examples.  PCORnet is a “network of networks” currently containing data for over 66 million patients collected 
through 348 health systems in the US.5  For example, the OneFlorida Clinical Research Consortium is one of the 9 
clinical data research networks (CDRNs) contributing to the PCORnet.6  OneFlorida includes 12 unique healthcare 
organizations providing care for over half of all Floridians (~15 million) through 914 clinical practices and 22 hospitals 
that cover all 67 counties in Florida.   
The widespread adoption of EHRs and the creation of clinical research networks with large collections of EHRs have 
made large-scale, longitudinal clinical data available for research.  The FDA recently coined the terms real-world data 
(RWD) to refer to information derived from sources outside research settings, including EHRs, claims, and billing 
data among others.  Still, a key to successfully using these RWD in health disparities and outcomes research is the 
ability to accurately identify the populations of interest.  EHRs contain not only important structured data, such as 
diagnoses and procedures, but also unstructured clinical narratives such as physician’s notes.  More than 80% of the 
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clinical information in EHRs is documented in clinical narratives,7 which often contain more detailed patient 
information including TGNC status.  In a previous study, Roblin et al used a combination of keywords (e.g., 
“transgender”) and relevant diagnostic codes and identified 271 possible TGNC individuals out of 813,737 members 
in the Kaiser Permanente Georgia EHR system.8  Of the 271 possible TGNC individuals, 185 (68%) were confirmed 
through manual chart review.8  In a follow up study, Quinn et al followed the same approach and defined a Study of 
Transition Outcomes and Gender (STRONG) cohort to assess health status of TGNC individuals.9  They used data 
from Georgia, Northern California and Southern California Kaiser Permanente health plans and identified 12,457 
potential TGNC individuals.  Of these, 6,456 (52%) were confirmed through manual chart review.9  There are a few 
key gaps in these two existing studies: (1) they only considered International Classification of Diseases, Ninth 
Revision, Clinical Modification (ICD-9-CM) codes, as only EHR data from before 2014 were available in their 
studies; (2) they used internal Kaiser Permanente codes in combination with ICD-9 V codes that are not generalizable 
to other health systems; (3) the keywords for identifying potential TGNC individuals from clinical notes were limited 
and missing important potential keywords (e.g., “trans male”, “trans female”); (4) they did not consider the discrete 
gender identity (i.e., the 2011 IOM report made recommendations to gather sexual orientation and gender identity 
[SO/GI] data in EHRs as part of the meaningful use objectives;2 and the Centers for Medicare & Medicaid Services 
[CMS] set the final rule in 2015 to require sexual orientation and gender identity fields for meaningful use stage 3 
certification10); and (5) they used two trained reviewers to manually review deidentified text strings for all 
unconfirmed cases, where a more automated approach is needed to scale to data from other health systems.   
Using diagnostic codes alone (i.e., ICD-9/10-CM) has poor specificity and sensitivity for cohort identification in 
EHRs.  This is why computable phenotypes (i.e., “clinical conditions, characteristics, or sets of clinical features that 
can be determined solely from EHRs and ancillary data sources and does not require chart review or interpretation 
by a clinician.”11) are needed.12,13  In this study, we aimed to build upon Quinn et al’s work9 to develop and validate 
a computable phenotype (CP) for accurate and automated identification of TGNC individuals, their subgroups (i.e., 
male-to-female, female-to-male), and their natal sex (i.e., male or female) using both structured and unstructured data 
from an academic health center (i.e., the University of Florida Health [UF Health]).  We assessed the prevalence of 
TGNC in UF Health and describe the general health status (e.g., chronic diseases) of the identified TGNC cohort.  
Resources from this study, such as the list of diagnostic and procedure codes as well as the keywords, are available at 
https://github.com/bianjiang/tgnc_ehr_computable_phenotype.  

Methods 
Data source 
With a protocol approved by the UF 
Institutional Review Board (IRB), we obtained 
individual-level patient data from the UF 
Health Integrated Data Repository (IDR), a 
clinical data warehouse (CDW) that aggregates 
data from UF’s various clinical and 
administrative information systems, including 
the Epic EHR system.  The UF IDR contains 
demographics, clinical encounter data, 
diagnoses, procedures, lab results, medications, 
select nursing assessments, co-morbidity 
measures and select perioperative anesthesia 
information system data.  As of January 2020, 
the IDR contains records of 1.2 million patients 
with over 1 billion observation facts.14   
Overall study design 
Figure 1 shows the cohort ascertainment diagram of our approach to identifying TGNC individuals and their natal 
sex based on both structured and unstructured EHR data.  We used a 3-step process to develop the CP for TGNC: (1) 
Step 1—search EHRs to identify potential TGNC individuals based on the discrete gender identity field, relevant 
diagnosis and procedure codes, and relevant TGNC keywords; (2) Step 2—validate the cohort through manual chart 
review of selected samples to derive CP rules; and (3) Step 3—identify CP rules for determining TGNC subgroups 
and natal sex assignment (i.e., transfeminine/male-to-female [MTF] vs. transmasculine/female-to-male [FTM]).   
Step 1: Search EHRs to identify potential TGNC individuals 
We used an iterative process to retrieve data from the UF IDR considering three different scenarios for identifying 

Figure 1. Cohort ascertainment diagram for identifying transgender 
and gender nonconforming (TGNC) individuals and their natal sex. 
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potential TGNC individuals.  First, it was straightforward to include patients whose (1) structured gender identity 
fields were recorded as “transgender female / male-to-female”, “transgender male / female-to-male”, “nonbinary”, 
and “other”; and (2) gender identity fields had different values from the same patients’ sex fields.  Second, we adopted 
the diagnostic and procedure codes used in Quinn et al but with significant expansion based on online resources such 
as the “Gender Reassignment Surgery Model National Coverage Determination (NCD)” from the Transgender 
Medicine Model NCD Working Group and the NCD for gender dysphoria and gender reassignment surgery from the 
Centers for Medicare & Medicaid Services (CMS),15 where common Current Procedural Terminology (CPT) and 
ICD-9/10-CM codes were listed for gender reassignment surgery.  Third, we expanded and refined the keywords that 
could be used to identify potential TGNC individuals iteratively, using the clinical narratives in their EHRs based on 
(1) Quinn et al’s work9, (2) our prior work16 on identifying gender identification terms using social media data, (3) 
other online resources such as those from the Fenway Health’s glossary of gender and transgender terms17, and (4) 
sample notes from the UF IDR that contained any of these keywords, until no new keywords were found.  Table 1 
summarizes the three search strategies to identify potential TGNC individuals.  We retrieved both structured EHR 
data (e.g., encounter data, diagnoses, procedures, etc.) and unstructured clinical narratives (e.g., progress note, 
discharge summary, radiology reports, etc.) for all patients in the “Potential TGNC” cohort.  
Table 1. Initial search criteria used to identify potential TGNC individuals from EHR data. 

 Value Sets/Codes/Keywords 
Gender Identity (GI) 
    GI as TGNC “transgender female / male-to-female”, “transgender male / female-to-male”, “nonbinary”, and 

“other” 
    GI/SEX Conflict GI recorded as ‘male’ with SEX as ‘female’ or GI recorded as ‘female’ with SEX as ‘male’ 
Diagnosis Codes (Selected Examples) 
    ICD-9-CM e.g., 302.3 – “Transvestic fetishism”, 302.5 – “Trans-sexualism”, 302.85 – “Gender identity 

disorder in adolescents or adults”, etc. 
    ICD-10-CM e.g., F64 - "Gender identity disorders", F65.1 – “Transvestic fetishism”, Z87.890 – “Personal 

history of sex reassignment”, Z90.72 – “Acquired absence of ovaries”, Z90.79 – “Acquired 
absence of other genital organ” 

Procedure Codes (Selected Examples) 
    CPT  e.g., 58720 – “Salpingo-oophorectomy”, 58571 – “Laparoscopy, surgical with total 

hysterectomy”, etc. 
Keywords (Selected Examples)a 
 e.g., “transgender”, “transsexual”, "male to female", “female to male”, “trans female”, “trans 

male”, “nonbinary”, “gender nonconforming”, “gender nonconformity”, “preferred pronoun”, 
“gender dysphoria”, “gender disorder”, “sex reassignment”, “gender reassignment”, etc. 

aNote that keyword searches were NOT case sensitive; and we also considered variations of the keywords (e.g., “trans male”, 
“transmale”, “trans-male”). 

Table 2. Different combinations of the 6 base rules, the number of patients met the criteria for each rule combination, 
the number of randomly selected samples for manual chart reviews. 

Gender Identity Diagnosis Procedure Keyword Total # of 
Patientsa 

# of Patients 
Selectedb 

# of TGNC 
Patientsc 

TGNC Conflict with Sex ≥ 1 ≥ 2 ≥ 1 ≥ 1    
- - - - + - 10,682 62 0 
- - + - - - 2,912 45 0 
- - - + - - 1,751 30 0 
- - - - - + 1,618 30 0 
- - - + + - 884 30 0 
- - + - + - 687 30 0 
- - - + - + 499 30 29 
- - + - - + 196 15 15 

Note that ‘+’ means the patient MUST fulfill this rule, while ‘-’ means the patient must NOT fulfill this rule (i.e., treated as 
exclusion criteria).  We did so because we wanted to evaluate the performance of each individual rule.   
aOverall, there were 25 different rule combinations that yielded patient hits.  Only the top 8 rule combinations are showing 
here.  Many of the other rules had very few (< 5) hits. 
bWe randomly selected patients for chart review based on the distribution of the total number of patients that met each rule 
combination.  Only 272 patients are showing in this table as the table only lists the top 8 rule combinations.   
c # of TGNC patients out of the # of patients selected for chart review.  For some rules, even though they have a large number 
of hits, we only selected a limited number of subsets for chart review (e.g., 62 out of 10,682 hits for the first rule), as the chart 
review yielded very low precision and reviewing more charts does not yield added value to the construction of CP rules. 
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Step 2: Validate the cohort through manual chart review of selected samples to derive CP rules 
Based on all the prior work and discussions with clinicians who provide care to TGNC individuals, we started with 6 
initial rules: having a GI value indicative of TGNC status, having conflicting values between the GI and Sex fields, 
having 1 of the relevant diagnostic codes, having more than 1 relevant diagnostic codes, having 1 or more of the 
procedure codes, and having at least 1 of the relevant keywords.  We excluded patients whose age was less than 3 
based on Quinn’s work.  We excluded patients only having hits with zero precision keywords (i.e., keywords that did 
not yield any positive cases in our samples): “gender identity”, and “identified as”, as these keywords often exist in 
templated clinical note as field labels.  As shown in Table 2, for our training set, we randomly selected samples from 
25 different combinations of these 6 rules for manual chart review. 
For the rule contingent on relevant keywords, we also evaluated the precision as false positives (i.e., containing a 
TGNC related keyword but was not truly indicative of TGNC status) exist for three main reasons: (1) the keyword 
was ambiguous (e.g., “transvestite life style”), (2) the sentence containing the keyword was a negation (e.g., “In regard 
to the gender issue, it can be appropriate for girls and boys to play with cross gender toys. Diagnosis with a Gender 
Identity Disorder is not valid nor helpful in this case.”), and (3) the recorded keyword was referring to individuals 
other than the patient (e.g., “Her sibling has transitioned from female to male.”).  
Step 3: Identify CP rules for determining TGNC subgroups and natal sex assignment   
Each identified TGNC individual was further categorized as (1) transfeminine (i.e., male-to-female [MTF]), (2) 
transmasculine (i.e., female-to-male [FTM]), or (3) unclear, primarily based on the existence of relevant keywords 
(e.g., “male-to-female”) or their variations (e.g., “male to female”, “m2f”).  During the manual chart review, the 
reviewers were instructed to identify each TGNC individual’s natal sex: ‘male’, ‘female’, or ‘unclear’.  Built upon 
Quinn’s work, we determined the TGNC individual’s natal sex assignment based on (1) clinical notes that contain 
natal sex anatomy (e.g., ‘testes’, ‘ovaries’), (2) history of specific procedures (e.g., orchiectomy or hysterectomy 
identified in both structured data using CPT codes and in clinical notes through searching for these procedures), and 
(3) evidence of hormonal therapy (e.g., estrogen or testosterone identified in both structured medication lists and in 
clinical notes).  Table 3 shows the procedures codes (i.e., CPT), medication codes (i.e., RxNorm), and keywords used 
to determine MTF or FTM status of an TGNC individual. 
Table 3. Example procedure codes, medication codes, and keywords used to determine natal sex assignment.  

 Transfeminine (i.e., male-to-female [MTF]) Transmasculine (i.e., female-to-male [FTM]) 
Reassignment keywords e.g., ‘transfeminine’, ‘male-to-female’, ‘trans 

women’, ‘trans female’, etc. 
e.g., ‘transmasculine’, ‘female-to-male’, ‘trans 
men’, ‘trans male’, etc.  

Natal sex keywords e.g., 'testes', 'testicular', 'penis', 'penile', 
'prostate', 'prostatic', etc. 

e.g., 'ovary', 'ovaries', 'ovarian', 'cervix', 
'uterus', 'uterine', 'vagina', etc. 

Hormonal therapy 
    Keywords e.g., 'estrogen', 'anti-androgen', 

'progesterone', 'aldactone', 'avodart', 
'cenestin', 'climara', etc. 

e.g., 'android', 'androderm', 'androgel', 'axiron', 
'delatestryl', 'depo-testosterone', 'striant', 
'testim', etc. 

    Mediation RxNorm e.g., ‘197658 – Estradiol’, ‘198223 - 
Spironolactone’, etc. 

e.g.,  ‘1190955 – Androderm’, ‘835811 – 
Delatestryl’, etc. 

Procedure 
    Keywords e.g., 'castration', 'orchiectomy', 'penectomy', 

'vaginoplasty', 'breast augmentation', etc. 
e.g., 'Vaginectomy', 'phalloplasty', 
'metoidioplasty', 'mastectomy', etc. 

    CPT Codes e.g., '54530 - Removal of testis', etc. e.g.,  '19303 - Mastectomy', etc. 
Evaluation and descriptive of cohort characteristics 
Following best practice in developing computable phenotypes, we randomly selected 300 sample charts based on the 
distribution of the available data by the initial rule combinations as shown in Table 2.  An initial annotation guideline 
was first developed by the study team, and two annotators (XH and TL) independently reviewed the first 20 samples.  
The inner-rater agreement between the two annotators achieved a Cohen's kappa of 0.88 during the initial round of 
review.  Conflicts between the two annotators were resolved through discussions with the entire study team.  The 
annotation guideline was revised and updated iteratively.  The two annotators subsequently annotated the remaining 
training samples independently, and they were instructed to be conservative when a case was deemed uncertain.  Cases 
with conflicting results were discussed and resolved with a third reviewer (JB).  Based on these 300 training samples, 
a set of CP rules were derived.  Lastly, the two annotators annotated another 100 randomly selected samples, which 
served as an independent testing set.  We evaluated and reported the performance of (1) individual CP rules, (2) a CP 
algorithm considering CP rules with only structured data, and (3) a CP algorithm considering both structured and 
unstructured EHR data, in terms of specificity, sensitivity, positive predictive value (PPV), negative predictive value 
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(NPV), and F1-score on both the training and testing sets. 

Results 
Development of the computable phenotype for the identification of TGNC 
As shown in Figure 1, we identified 19,600 potential TGNC individuals from the UF Health clinical data warehouse 
(i.e., the UF Health IDR) after deduplicating the records (i.e., 1,131 duplicates) across the three initial criteria 
indicative of TGNC status (i.e., the discrete GI field, relevant diagnosis and procedure codes, and relevant TGNC 
keywords, as shown in Table 1) and excluding patients whose were younger than three (i.e., 110 patients).   
To create a training dataset, we selected 300 patients from the potential TGNC individuals according to the distribution 
of patients in each of the rule combinations as shown in Table 1.  Within each rule combination, the selection was 
random.  We then selected another simple random sample of 100 potential TGNC individuals as a hold-out testing 
dataset.  Out of the 300 training samples, 68 were confirmed TGNC individuals and 44 individuals’ TGNC status 
could not be confirmed due to lack of sufficient data.  Out of the 68 TGNC individuals, 27 were transfeminine/MTF 
and 41 were transmasculine/FTM.  In the 100 testing samples, 6 individuals had insufficient data for determining their 
TGNC status, while 5 individuals were confirmed as TGNC (i.e., 1 transfeminine/MTF and 4 transmasculine/FTM).   
Using the manual chart review results as the gold-standard, we first evaluated the performance of individual CP rules 
(as shown in Table 1) considering two scenarios: (1) structured data only, and (1) both structured and unstructured 
data.  Table 4 shows the individual CP rules with the best performance in terms of specificity, sensitivity, PPV, NPV, 
and F1-score under the two scenarios.  To objectively measure the performance of individual CP rules, we made sure 
a patient was classified as a TGNC if and only if the patient met the inclusion criteria (‘+’ in Table 1) and did not meet 
the exclusion criteria (‘-’ in Table 1) in the CP rule being evaluated.  This was different from the final CP algorithm 
where we dropped the exclusion criteria as discussed below in Table 5.  
Table 4. Best performing individual CP rules and their performance.  

Best Individual CP Rulea Performance 
Specificity Sensitivity PPV NPV F1-score 

Structured Data Only 
    Best Specificity gender identity recorded as TGNC 1.000 0.015 1.000 0.737 0.029 
    Best Sensitivity ≥ 2 diagnosis codes 0.947 0.426 0.744 0.820 0.542 
    Best PPV gender identity recorded as TGNC 1.000 0.015 1.000 0.737 0.029 
    Best NPV ≥ 2 diagnosis codes 0.947 0.426 0.744 0.820 0.542 
    Best F1-score ≥ 2 diagnosis codes 0.947 0.426 0.744 0.820 0.542 
Structured and Unstructured Data 
    Best Specificity ≥ 2 diagnosis codes, ≥ 1 procedure 

codes and ≥ 1 keyword  
1.000 0.221 1.000 0.780 0.361 

    Best Sensitivity ≥ 2 diagnosis codes and ≥ 1 
keyword  

0.995 0.426 0.967 0.827 0.592 

    Best PPV ≥ 2 diagnosis codes, ≥ 1 procedure 
codes and ≥ 1 keyword  

1.000 0.221 1.000 0.780 0.361 

    Best NPV ≥ 2 diagnosis codes and ≥ 1 
keyword  

0.995 0.426 0.967 0.827 0.592 

    Best F1-score ≥ 2 diagnosis codes and ≥ 1 
keyword  

0.995 0.426 0.967 0.827 0.592 

a Note that when evaluating individual CP rules, we made sure a potential TGNC patient was included if and only if the 
patient met the inclusion criteria (‘+’ in Table 1) and did NOT meet the exclusion criteria (‘-’ in Table 1). 

Next, we combined individual CP rules to construct the final CP algorithm.  To do so, we permutated the different 
combinations of individual CP rules and evaluated the performance of each combination, considering the same two 
scenarios (i.e., structured data only vs. both structured and unstructured data).  We selected the best performing 
combinations as the final CP algorithm for identifying TGNC individuals in terms of F1-score.  We then measured 
the performance of the final CP algorithm on the independent testing data.  Table 5 shows the experiment results 
considering the two different scenarios on training and testing data, respectively.   
As shown in Table 5, the best performing combination of rules considering structured data only was if the patient: (1) 
had a recorded TGNC gender identity (i.e., “transgender female / male-to-female”, “transgender male / female-to-
male”, “nonbinary”, or “other”) OR (2) had at least 2 relevant diagnosis records, which had an F1-score of 0.615.  
When considering both structured and unstructured data, the best performing combination of rules for identifying 
TGNC patients was if the patient (1) had a recorded TGNC gender identity OR (2) had at least 1 relevant diagnosis 
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code and at least 1 relevant keyword, which had an F1-score of 0.954, a significant improvement over the F1-score in 
the scenario considering structured data only.  When applying the combinations of rules on the testing data: (1) the 
best performing combination considering structured data only achieved an F1-score of 0.174, while (2) the 
combination considering both structured and unstructured data achieved a perfect F1-score of 1.0.  Using the latter as 
the final CP algorithm, 1,025 out of the 19,600 potential TGNC individuals were determined to be TGNC.  
Table 5. Performance of combined CP rules with the best f1-scores. 

 
Rulea Specificity Sensitivity PPV NPV F1-score 

Training Data 
   Structured Data Only gender identity recorded as 

TGNC, or ≥ 2 diagnosis codes 
0.787 0.706 0.545 0.881 0.615 

   Structured and 
Unstructured Data 

gender identity recorded as 
TGNC, or ≥ 1 diagnosis codes 
and ≥ 1 keyword  

0.995 0.927 0.984 0.974 0.955 

Testing data 
   Structured Data Only gender identity recorded as 

TGNC, or ≥ 2 diagnosis codes 
0.820 0.400 0.111 0.961 0.174 

   Structured and 
Unstructured Data 

gender identity recorded as 
TGNC, or ≥ 1 diagnosis codes 
and ≥ 1 keyword  

1.000 1.000 1.000 1.000 1.000 

aNote that when we considered combinations of individual CP rules to derive the final CP algorithm, we dropped the 
exclusion criteria used in evaluating individual CP rules.  For example, the final best performing CP algorithm is, if the patient 
(1) had a recorded TGNC gender identity; OR 2) had at least 1 relevant diagnosis code and at least 1 relevant keyword, 
regardless of whether the patient met any other criteria (e.g., having relevant procedure codes as well). 

Identification of the natal sex of TGNC individuals 
Based on Quinn et al, we used the criteria in Table 3 to identify the natal sex of the TGNC individuals as follows:   

1. If the patient has a gender identity recorded as “transgender female / male-to-female”, or “transgender male 
/ female-to-male”, the natal sex is determined based on the gender identity record. 

2. If the patient has a high precision sex assignment keyword (e.g. “natal female”, “genetic male”) in notes, the 
natal sex is determined based on the keyword. 

3. If the patient has both MTF and FTM keywords in notes, or relevant procedure/medication records, choose 
the majority one as natal sex.  For example, if the patient has not only a MTF keyword and a MTF procedure, 
but also has a FTM medication, MTF is assigned as the natal sex. 

4. If the patient has both FTM and MTF keywords in notes or both FTM and MTF procedure/medication 
records, and there is not a clear majority, we choose the natal sex according to the following priority order: 
procedures, hormonal therapy medications, reassignment keywords, and natal sex keywords. 

5. If insufficient information is presented, the patient’s natal sex is assigned as unknown. 
Using the 63 TGNC individuals from training set and the 5 TGNC individuals from the testing set, we generated a 
gold standard dataset through manual chart review.  Among the 68 TGNC patients, 27 were MTF and 41 were FTM.  
Our algorithm identified 29 MTF (5 false positive) and 36 FTM (1 false positive), while 3 TGNC individuals’ natal 
sex was unknown.  Table 6 shows the performance of the final CP algorithm we developed for determining MTF or 
FTM status.  Among the 1,025 TGNC, 468 was FTM, 403 was MTF, and the remaining 154 had unknown natal sex.   

Table 6. Performance of the final CP algorithm for determining MTF and FTM status. 
 Specificity Sensitivity PPV NPV F1-score 
Transmasculine (FTM) 0.875 0.960 0.828 0.972 0.889 
Transfeminine (MTF) 0.960 0.875 0.972 0.828 0.921 

TGNC cohort characteristics 
We applied the best performing CP algorithms to determine the (1) TGNC status, and (2) MTF/FTM status of the 
entire potential TGNC cohort extracted from UF Health.  Table 7 shows the demographics of the TGNC cohort 
compared to the general population in UF Health.  
We descriptively reported the prevalence of 10 chronic conditions in our TGNC cohort in Table 8 based on the Centers 
for Medicare & Medicaid Services (CMS)’s Chronic Condition Warehouse (CCW) condition algorithms,18 modified 
for EHR use.  We also examined the prevalence of human immunodeficiency virus (HIV) infection in this cohort, as 
the literature indicated an elevated prevalence of HIV in the TGNC population. 
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Table 7. Demographics of the TGNC patients and general patients in UF Health.  
TGNC Patients in UF Health General Population in UF Health 

Overall MTF FTM Overall Male Female 
N = 1,025 

(100%) 
N = 403 
(100%) 

N = 468 
(100%) 

N = 1,581,490 
(100%) 

N = 727,524 
(100%) 

N = 852,871 
(100%) 

Age 
< 3 0 (0.0%) 0 (0.0%) 0 (0.0%) 39,849 (2.5%) 21,160 (2.9%) 18,669 (2.2%) 
3-17 264 (25.8%) 77 (19.1%) 154 (32.9%) 266,890 (16.9%) 140,467 (19.3%) 126,372 (14.8%) 
18-24 259 (25.3%) 98 (24.3%) 136 (29.1%) 162,145 (10.3%) 71,715 (9.9%) 90,421 (10.6%) 
25-64 380 (37.1%) 205 (50.9%) 160 (34.2%) 777,845 (49.2%) 335,112 (46.1%) 442,689 (51.9%) 
≥ 65 17 (1.7%) 15 (3.7%) 2 (0.4%) 334,626 (21.2%) 159,032 (21.9%) 174,654 (20.5%) 
Unknown 105 (10.2%) 8 (2.0%) 16 (3.4%) 135 (0.0%) 38 (0.0%) 66 (0.0%) 

Race/Ethnicity 
Hispanic 71 (6.9%) 24 (6.0%) 36 (7.7%) 108,540 (6.9%) 48,090 (6.6%) 60,446 (7.1%) 
NHW 732 (71.4%) 272 (67.5%) 354 (75.6%) 890,187 (56.3%) 412,577 (56.7%) 477,594 (56.0%) 
NHB 140 (13.7%) 78 (19.4%) 43 (9.2%) 344,048 (21.8%) 156,267 (21.5%) 187,774 (22.0%) 
Other 82 (8.0%) 29 (7.2%) 35 (7.5%) 238,715 (15.1%) 110,590 (15.2%) 127,057 (14.9%) 

NHW = Non-Hispanic White; NHB = Non-Hispanic Black. 
Age: for TGNC cohort, used age at index; for UFH cohort, used age at October 31, 2019. 
Note that we included patients aged < 3 in this table for the general population in UF Health. 

Table 8. Prevalence of chronic conditions in the TGNC patients in UF Health. 
Chronic 
Conditionsa 

General Population 
in UF Healthb 

TGNC Individuals Transfeminine  
(MTF) 

Transmasculine 
(FTM) 

N = 1,541,506 (100%) N = 1,025 (100%) N = 403 (100%) N = 468 (100%) 
ADRD 28,556 (1.9%) 11 (1.1%) 6 (1.5%) 5 (1.1%) 
Asthma 122,652 (8.0%) 147 (14.3%) 64 (15.9%) 58 (12.4%) 
COPDB 100,534 (6.5%) 69 (6.7%) 41 (10.2%) 18 (3.8%) 
Depression 164,768 (10.7%) 532 (51.9%) 198 (49.1%) 253 (54.1%) 
Diabetes 144,563 (9.4%) 90 (8.8%) 51 (12.7%) 26 (5.6%) 
Hypertension 342,098 (22.2%) 213 (20.8%) 109 (27.0%) 75 (16.0%) 
Breast cancer 19,601 (1.3%) 11 (1.1%) 4 (1.0%) 5 (1.1%) 
Colorectal cancer 10,916 (0.7%) 4 (0.4%) 3 (0.7%) 1 (0.2%) 
Prostate cancer 18,131 (1.2%) 2 (0.2%) 1 (0.2%) 0 (0.0%) 
Lung cancer 11,776 (0.8%) 4 (0.4%) 3 (0.7%) 1 (0.2%) 
HIV 8,062 (0.5%) 70 (6.8%) 57 (14.1%) 4 (0.9%) 
aADRD: Alzheimer's Disease and Related Disorders or Senile Dementia; 
COPDB: Chronic Obstructive Pulmonary Disease and Bronchiectasis; 
HIV: Human immunodeficiency virus infection 
bWe excluded patients age < 3 or Unknown from the general population in UF Health in this table. 

Prevalence of TGNC and TGNC subgroups 
We calculated the prevalence of confirmed TGNC individuals and subsequently TGNC with MTF/FTM status from 
2012 to 2019 (up to October 2019).  For each eligible TGNC, the date of the first visit associated with the TGNC 
status was considered the index date.  To be included in the numerator for a given calendar year, a patient had to have 
at least one encounter in the UF Health system at any time during that year and have an index date that was in or 
before that year.  The denominator comprised of all patients who had at least one encounter in the UF Health system 
during the same year.  Each prevalence rate was accompanied by a 95% confidence interval (CI) calculated based on 
the Fleiss quadratic correction using the OpenEpi statistical calculator.19  All prevalence rates and the corresponding 
95% CIs were expressed as per 100,000 persons, as shown in Table 9 (see next page).   

Discussion and conclusion 
In this study, we developed and validated a computable phenotype algorithm for identifying TGNC individuals in 
EHRs using both structured (discrete fields, and diagnosis and procedure codes) and unstructured (clinical notes) data.  
Our results showed that the best performing CP algorithm achieved a perfect F1-score on the independent testing data.  
Our study extended the work conducted by Quinn et al in several important ways.  First, we considered the discrete 
gender identity field that is being increasingly adopted in modern EHR systems and expanded the diagnosis codes to 
include ICD-10-CM codes in addition to ICD-9-CM codes.  Second, we significantly expanded the list of keywords 
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related to TGNC status.  The keyword expansion improved the sensitivity of our CP algorithm and led to the 
identification of significantly more TGNC individuals.  Third, and perhaps more importantly, our CP algorithm is 
automated and does not require manual chart review of uncertain cases, where Quinn et al manually reviewed 
thousands of uncertain cases to determine their TGNC status.  Even though our CP algorithm is not perfect, the high 
performance (i.e., 0.955 and 1.0 F1-score on the training and testing data, respectively) minimizes the bias introduced 
by misclassification errors for downstream analyses.  Lastly, as Quinn et al used Kaiser Permanente internal codes, 
their approach is not generalizable to other health systems.  In contrast, our final CP algorithm is simple (i.e., “gender 
identity recorded as TGNC, or ≥ 1 diagnosis codes and ≥ 1 keyword”), does not rely on any internal knowledge of the 
health system, and thus generalizable to other health systems (e.g., other partners in OneFlorida and PCORnet).  
Table 9. The unadjusted prevalence of TGNC and TGNC subgroups in UF Health from 2012 to 2019.  

TGNC Total 
Patients 

Prevalence 
estimate 

(95% CI)a 

MTF Total 
Natal 
Males 

Prevalence 
estimate 

(95% CI)a 

FTM Total 
Natal 

Females 

Prevalence 
estimate 

(95% CI)a 
2012 24 374,262 6.4 

(4.3 - 9.5) 
14 158,059 8.9 

(5.3 - 14.9) 
9 216,203 4.2 

(2.2 - 7.9) 
2013 62 396,466 15.6 

(12.2 - 20.0) 
40 168,141 23.8 

(17.5 - 32.4) 
16 228,290 7.0 

(4.3 - 11.4) 
2014 85 433,011 19.6 

(15.9 - 24.3) 
56 184,443 30.4 

(23.4 - 39.4) 
25 248,495 10.1 

(6.8 - 14.9) 
2015 149 485,741 30.7 

(26.1 - 36.0) 
79 208,750 37.8 

(30.4 - 47.2) 
55 276,941 19.9 

(15.3 - 25.9) 
2016 249 528,945 47.1 

(41.6 - 53.3) 
125 228,486 54.7 

(45.9 - 65.2) 
108 300,414 36.0 

(29.8 - 43.4) 
2017 421 512,887 82.1 

(74.6 - 90.3) 
181 219,589 82.4 

(71.3 - 95.3) 
212 293,235 72.3 

(63.2 - 82.7) 
2018 547 530,732 103.1 

(94.8 - 112.1) 
225 226,347 99.4 

(87.2 - 113.3) 
284 303,958 93.4 

(83.2 - 104.9) 
2019b 616 500,419 123.1 

(113.8 - 133.2) 
248 213,095 116.4 

(102.8- 131.8) 
321 286,960 111.9 

(100.3-124.8) 
2012-
2019 

1025 1,541,506 66.5 
(62.6 - 70.7) 

403 706,326 57.1 
(51.8 - 62.9) 

468 834,136 56.1 
(51.3 - 61.4) 

aPer 100,000 population. 
bOnly available up to October 31, 2019. 

Overall, the unadjusted prevalence of TGNC individuals was estimated to be 97.7 (95% CI: 89.9 - 106.2) per 100,000 
or 0.10% in 2018, and 117.2 (95% CI: 108.3 - 126.8) per 100,000 or 0.12% in 2019, in the UF Health EHR system.  
There was also a clear increasing trend in the proportion of population identified as TGNC in the past few years.  Our 
prevalence estimates were slightly lower than the previously reported rate of 0.66% TGNC adults in Florida based on 
telephone surveys conducted as part of the Centers for Disease Control and Prevention’s Behavioral Risk Factor 
Surveillance System (BRFSS).20  In a meta-analysis of population surveys, a slightly lower prevalence of TGNC 
individuals (390 per 100,000 or 0.39%) was reported among US adults.21  Noting that significant barriers, such as 
stigma and discrimination, may impact TGNC individuals’ desire and ability to access appropriate care,22,23 the 
prevalence of TGNC individuals in EHR data is expected to be lower than that in survey data.  On the other hand, our 
TGNC prevalence estimates were significantly higher than those reported in Quinn et al.  By 2014, the prevalence 
rates of TGNC individuals reported in Quinn et al were 38 (95% CI: 32 - 45), 44 (95% CI: 42 - 46), and 75 (95% CI: 
72 - 78) per 100,000 in the three separate Kaiser Permanente health plans.  One potential reason for the higher rates 
observed in the UF Health EHR system is that our approach identified and included significantly more keywords 
related to TGNC status, and a large proportion of TGNC individuals were identified in clinical notes using keywords.   
The distribution of prevalence rates by age group observed in our TGNC cohort was consistent with that reported in 
national surveys.  In our 2019 data, the prevalence rate of TGNC individuals was 0.15%, 0.39%, 0.096%, and 0.015% 
in the 3-17 year-olds, 18-24 year-olds, 25-64 year-olds, and adults older than 65, respectively.  In the BRFSS data, the 
prevalence rate of TGNC individuals was 0.75%, 0.67%, and 0.55% in the 18-24 year-olds, 25-64 year-olds, and 
adults older than 65, respectively.  In both data sources, the prevalence of TGNC individuals decreased as age 
increased, and the highest prevalence was observed in the 18-24 year-olds.  Both population surveys and RWD from 
EHR systems are important data sources for understanding the unique health burdens in the TGNC population.  These 
data sources complement each other as they may capture different TGNC subpopulations.  More accurate estimates 
of the TGNC population and subpopulation sizes could be derived if both data sources are considered. 
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The prevalence rates of the chronic conditions and HIV infection observed in our TGNC cohort were consistent with 
those reported in the literature.  Compared to the overall UF Health population, the TGNC individuals had significantly 
higher rates of depression (51.9% vs. 10.7%) and HIV (6.8% vs. 0.5%).24,25  Further, the prevalence of HIV was 
significantly higher among the transfeminines than the transmasculines (14.1% vs. 0.9%).  This disparity in HIV 
prevalence was often explained by the difference in risky behaviors between the two groups.  Nevertheless, evidence 
gaps remain for contextual factors specific to the transgender experience.25 
Our study is not without limitations.  First, our CP algorithm only considers the existence of certain TGNC relevant 
keywords but does not take into consideration the contexts in which the keywords are used.  For example, our CP 
algorithm would not be able to account for negations (e.g., “he does not consider himself a transgender”) or references 
to people other than the patients themselves (e.g., “he lived with a transgender relative”).  Our CP algorithm would 
also not be able to account for misuse of TGNC terms by physicians.  For example, in one note, the patient was stated 
as “a male who is trans female (born female living as male) and currently taking testosterone cypionate for male 
hormone”, where the correct technical term should be “trans male” (i.e., a man who was assigned female at birth) 
rather than “trans female.”  From a CP algorithm perspective, the contexts in which the keywords are used can be 
explored using more advanced natural language processing (NLP) methods (e.g., negation detection).  Often times, 
using NLP methods requires significant amount of effort but results in a small or moderate improvement in CP 
performance.  Nevertheless, whether to consider advanced NLP methods when developing a CP algorithm will be 
based on the specific downstream application needs.  Second, as shown in our study, CP algorithms are not static and 
regular refinements of the CP algorithms are needed to keep them up to date (e.g., transition from ICD-9 to ICD-10).  
As a best practice for developing and using CP algorithms, local validation and refinement should always be performed. 
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Abstract 
Inpatient portals could help patients engage in their hospital care, yet several design, usability, and adoption issues 
prevent this technology from fulfilling its potential. Despite patients having needs that extend beyond the scope of 
existing inpatient portals, we know less about how to design such portals that support them. To learn about effective 
designs, we created three mid-fidelity prototypes representing novel approaches for inpatient portal design. Then, we 
conducted interviews with 21 pediatric and adult inpatients to gather their feedback on these prototypes. Participants 
shared how the prototypes addressed the following needs: forming active partnerships, navigating relationships and 
power dynamics with clinicians, understanding complexity of care, contextualizing health information, increasing 
efficiency of communication, and preventing lost information. We discuss two key implications—supporting patients’ 
agency and dynamic needs throughout their hospital care—for the future of inpatient portal designs. 
 
Introduction 
The hospital is universally recognized as one of the most disempowering settings in the United States healthcare 
system.(1) In addition to the stress of being ill, patients and caregivers must communicate with large care teams, handle 
social isolation, be watchful for medical errors, and keep up with ever-changing health information.(2–4) To help 
overcome such challenges and increase patient engagement, health informatics researchers have investigated the 
design and use of inpatient-facing technologies—including information displays, medication reconciliation tools, and 
digital checklists—for the hospital setting.(5–8)  
 
One type of patient-facing technology is the inpatient portal, which gives patients and caregivers access to their 
medication history, test results, clinical notes, educational content, and secure messaging with providers. Such features 
have helped patients take on a more active role in discussions with providers, make informed care decisions, and speak 
up to correct mistakes in their Electronic Health Record (EHR).(9–11) Despite known benefits, adoption rates of 
inpatient portals remain low.(12,13) The level and timeliness of information shared with patients via the portal is often 
restricted,(14) and patients have identified several design, acceptance, and usability issues.(15–17) Researchers have also 
recognized disparities in portal use.(18,19) As a result, inpatient portals have shown limited impact on patient 
engagement.(20–22) 
 
Because inpatient portals were adapted from EHR systems that were originally designed for providers as end-users, 
these technologies do not fully support patients’ information and experiential needs. In a prior low-fidelity prototype 
study, we found that patients had needs and values—such as flagging problems and preparing for at-home care—that 
extend far beyond the utility of current inpatient portals.(23) Yet questions still remain about how to address these needs 
and values in cohesive inpatient portal designs, and how patients envision using such designs during their hospital 
stay. To answer these questions, we created 3 mid-fidelity prototypes of novel inpatient portal designs and gathered 
feedback from 21 inpatients at an adult and a pediatric hospital. In this paper, we share additional inpatient needs that 
the mid-fidelity prototypes uncovered, our participants’ perspectives on how the mid-fidelity prototypes aligned with 
their hospital experiences, and how participants envisioned using the prototypes during their hospital stay. We then 
discuss key implications and future directions for inpatient portal design.  
 
Methods 
Our goal was to investigate how inpatient portals could be designed to support the needs of inpatients during their 
hospital stay. We sought feedback from patients on mid-fidelity prototypes depicting inpatient portal designs. 
 
 
 

524



 
Mid-Fidelity Prototypes 
To further explore patients’ inpatient portal needs, we conducted an iterative design process using Sketch1 and Marvel2 
to create three different prototypes (Timeline, Goal, and Categorical) for a tablet-based inpatient portal. Each prototype 
emphasized one aspect of patients’ values and needs based on the design guidelines from our previous low-fidelity 
prototype study.(23) Based on the findings from this previous study, we also included a core set of features—contacting 
caregivers, messaging providers, and setting reminders—in all these prototypes. 
 
The Timeline prototype (Figure 1) emphasizes the need for patients to view timing and details of anticipated care 
events. It presents the patient’s schedule for the day in the form of a timeline that allows people to click on any event 
and obtain more information about this event. For example, selecting the “Vitals Check” event shows a description of 
what will happen during this event, as well as the patient’s most recent vital measures (e.g., temperature, heart rate, 
and blood pressure). Additionally, the name of the provider who is involved in the event is shared, as well as their 
documented notes. The last event listed on the patient’s schedule is their projected discharge date. 
 
The Goal prototype (Figure 2) highlights the patient’s and provider’s goals along with the tasks that the patient must 
complete to meet each goal. For example, clicking on the “Recover from Surgery” goal reveals the details of the 
necessary tasks and care-related information (e.g., relevant medications, providers responsible for helping the patient 
complete the task). Above the goals and tasks section sits two dynamic sliding scales, each representing the patient’s 
and provider’s assessment of the patient’s readiness to be discharged from the hospital. Within the prototype, the 
patient can change their sliding scale to communicate their perspective to the care team.  
 
Finally, the Categorical prototype (Figure 3) highlights categories of care information—such as medications, test 
results, and discharge details—and is most similar to current portal designs. Clicking on the “Dashboard” shows the 
care team’s activity (e.g., when a provider shift change occurs) and most recent modifications to their care plan (e.g., 
when an order for a new medication is placed). 

 
 

1 https://sketch.com  
2 https://marvelapp.com  

Core features 
are shown in 
the top right 

corner of all 3 
prototypes. Patients can 

view the time 
of upcoming 
events and 

select events 
to read more 

details. 

Figure 1. Screenshot of the Timeline prototype. 
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Study Setting, Eligibility, Recruitment, and Procedures 
The study took place at two hospitals in a metropolitan area of the United States: a pediatric and an adult hospital site. 
Each hospital manages 300-400 beds and admits approximately 15,000 inpatients annually. All study procedures were 
IRB approved. Patients were considered eligible for this study if they were at least 7 years old (an age when children 
can self-reflect, reason, conceptualize, and articulate their thoughts about technologies),(24) could communicate in 
English, and were well enough to provide informed consent. To seek a breadth of perspectives, we approached eligible 
inpatients across a variety of medical and surgical services. We also obtained consent from parents and legal guardians 
(i.e., caregivers) of the pediatric patients who assented to enroll in the study. While our interviews prioritized the 
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Figure 2. Screenshot of the Goal prototype. 

The dashboard 
provides a 

summary of 
treatment 

plans and care 
updates. 

The Team Activity 
section shows shift 
changes and other 
care team actions. 

Figure 3. Screenshot of the Categorical prototype. 
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opinion of patients, caregivers who were physically present during these interviews were also invited to share their 
thoughts.    
 
We conducted semi-structured interviews with participants during their hospital stay to gather their input on the 
information, features, and design of the three prototypes. Two research team members were present during interviews 
to ask questions and take observational notes. We showed participants the three prototypes in random order on an 
iPad. After a brief explanation of the prototypes, we asked participants to think aloud while they explored and 
compared the prototypes’ features. We then asked the participant to describe the suitability of using the prototypes 
during their hospital stay. Interviews typically lasted 40 minutes, were audio recorded, and transcribed for analysis. 
All participants were compensated $25 for their time. 
 
Data Analysis 
With a subset of transcripts, multiple research team members did several rounds of independent open-coding, meeting 
between each round to discuss emergent themes and develop a preliminary inductive codebook.(25) One research team 
member then took this codebook and applied it to the remainder of the transcripts, adding or revising themes as 
appropriate, and discussing the process with the research team. Through these discussions, the research team identified 
relevant themes from prior work regarding inpatient engagement (e.g., attitudes towards partnership, relationships 
with clinicians) that further scaffolded our analysis.(26) Two research team members used these themes as axial codes 
and iteratively coded, discussed interpretations, and revised code definitions until consensus was reached. 
 
Participants 
We recruited at both study sites until the interviews stopped yielding new information (i.e., saturation was reached), 
enrolling a total of 21 participants. Eleven participants were pediatric patients (P1-11) between 7-17 years old. The 
remaining 10 participants were adult patients (A1-A10) between 18-79 years old. Eleven participants identified as 
female and 10 participants identified as male. Fifteen participants identified as White/Caucasian, 2 as Black/African 
American, 2 as Hispanic/Latinx, 1 as Native Hawaiian/Pacific Islander, and 1 participant reported their ethnicity as 
“other”. Participants had diverse clinical backgrounds supported across medical and surgical hospital services. Five 
of the 21 participants (24%) were first-time hospital patients at the time of their interview.  
 
Results 
We used our interviews to gather participant feedback on the design and features of the mid-fidelity prototypes. 
Overall, 9/21 participants (43%) preferred the Categorical prototype, compared to the Timeline (4/21, or 19% 
participants) and Goal (4/21, or 19% participants) prototypes. The remaining 4/21 participants did not prefer a 
particular prototype. Despite stronger favor for the Categorical prototype, our participants discussed how aspects of 
all three prototypes addressed the following needs: forming active partnerships, navigating relationships and power 
dynamics with clinicians, understanding complexity of care, contextualizing health information, increasing efficiency 
of communication, and preventing lost information.  
 
Forming Active Partnerships 
Our participants discussed several ways in which the mid-fidelity prototype features could help them have a more 
active partnership with their care team. A9 mentioned being the point-person to coordinate handoffs between the 
doctor and nurse when the care team didn’t have the most up-to-date information. A9 shared how the Categorical 
prototype’s team activity feature could help fulfill their point-person role in this scenario: “Like the doctor comes in 
this morning and he gives me a brief on what's going on, and then the nurse comes in and I have more information 
than she does...if [the doctor] puts it in the chart somewhere on the computer and he didn't tell me, so now the nurse 
is wanting something different from what I expect, it'd be nice if we have all that information available there.”  
 
Aside from coordinating handoffs between providers, participants spoke about how certain features could show what 
patients could do to help themselves during and after their hospital stay. P6 chose the Timeline prototype as helping 
her to monitor upcoming blood draws, anticipate their results, and prepare for next steps in her care: “I would make a 
timeline, do blood draws every four hours...until they work, because you need to get the results. I think it's really 
important for people to know what they need to do and what they can do.”  
 
Setting personalized goals in the Goal prototype was often cited by participants as a way to take charge, be proactive 
with their health care, and collaborate with their care team. While viewing the Goal prototype, A8 discussed how she 
appreciated the feature to add and set her own goals. She explained, “[it’s] irritating when someone says, ‘what are 
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your goals?’ And they're writing them down and then they give them to you, and you fold up the paper and throw it in 
your bag to leave...And then you get home - you're like, I should have been doing these goals, but oh well, throw it in 
the garbage, back to my regular life. This app wouldn't allow you to do that, this app would keep you interested.”  
 
Some pediatric patients in our study also liked the ability to set goals to independently manage their care. P4 saw their 
care team as partnering with patients to decide what health goals should be set: “Some times are just like once you 
finish this medicine, you can leave...Other times, take this much of something every day...So this is nice that there's 
something to take care of yourself at home, but I would suggest somehow having the doctors kind of help start the list, 
because it can be like someone sets themselves too low or too high, the doctors can really help.  They know you and 
they can help too.”  
 
In contrast, A7 did not see setting goals as being particularly useful, stating: “…it’s interesting, but it’s only one small 
part of the whole hospital stay.” A few pediatric participants thought this feature could reduce their active partnerships 
with clinicians. P7 and P2 thought that setting goals—specifically discharge goals—could risk setting false care 
expectations and cause disappointment when these expectations are not met. From their perspective, the uncertain 
nature of the hospital stay meant that a patient’s ability to claim ownership over their health was sometimes in flux 
and unpredictable.  
 
Navigating Relationships and Power Dynamics with Clinicians 
Participants spoke about how the mid-fidelity prototypes could help establish a human-based—rather than clinical-
based—relationship with their providers by exerting authority over personal aspects of their stay. P9 discussed how 
he could use the Timeline prototype’s schedule of the day to have more control over his day-to-day life in the hospital: 
“right now all I’m seeing here is straight hospital labs and medical stuff. And that’s not bad, but as a patient, you’re 
more than just a guinea pig, you’re a human still...So I think like if I would add something, it would be like I’m 
scheduling a break here, I want to see my visits here, or someone wants to come visit me...you want it to be a fully 
functional app to the point where it’s [used] for all things, not just your medical.”  
 
For P8’s caregiver, building personal connections with providers was one way to humanize the hospital experience 
and not be treated as a passive recipient of care. This father wanted to add a feature in the Goal prototype so he could 
“provide feedback” to the care team and establish a personal relationship with them. P8’s caregiver explained, “if 
there’s a way to - ‘hey, I like to play tennis on the weekends.’ Like who are they? That would be kind of cool, because 
it may make the patients feel a little better because I have a personal connection with people, you know?” 
 
Other participants saw the mid-fidelity prototypes as helping them to question or challenge their clinician’s judgement 
without causing personal conflicts. A8 described a past experience where she was very “upset” that her providers 
missed examining a spot on her kidney that later developed into renal cancer. She remembered thinking during this 
incident: “Doctor, you're the expert, but this is my body and I feel like if there's a spot there that's not supposed to be 
there, you need to check on that.” Based on this negative experience, A8 expressed her appreciation for the Timeline 
prototype’s report concern feature to have this conversation with providers in a non-confrontational manner: “I would 
want to report that [concern] to my doctor - I didn't get a clear answer, and not to bug you, but could you please 
explain again.”  
 
A1 had a similar view about the Goal prototype’s assessment scales, sharing how this feature could mitigate 
asymmetrical power dynamics by surfacing conflicting opinions between patients and providers: “ultimately it would 
be up to your doctor to decide [if you’re ready for discharge], but it’s so neat that as a patient I could have a 
voice...because a lot of times I feel like I don’t get a voice...I like that you can read what the team thinks and why they 
think you’re ready or not ready, and then you can compare and kind of go from there.” For both A8 and A1, the 
prototypes allowed them to navigate the line between engaging in their hospital care and deferring to their providers’ 
expertise. However, A10 did not want features like the team assessment scale to detract from his already strong 
relationship with his care team: “I would be interested in their assessment, and I would take it into careful 
consideration…what I have in terms of the relationship, I don’t think I would [use this feature]. For me the personal 
face-to-face interaction…works best for me.”  
 
Understanding Complexity of Care 
Our participants discussed how detailed explanations in the prototypes could help them overcome their struggles to 
understand complex clinical details and reduce confusion during their hospital stay. Beyond raw test results, patients 
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wanted some way to understand why certain care decisions were considered or made by providers, and to interpret 
what the impact of these decisions might be. While clicking through the prototypes, A5 explained: “What I was 
thinking was, do you have an explanation of what the test is and you’ve got one right here...so that’s good. Because 
they take so many blood tests and I don’t have a frigging clue about what a lot of it is and what it pertains to and what 
the impact is.” On the other hand, P11 thought these explanations were redundant to simply Googling the information, 
a practice he already did to understand the purpose and side effects of his medications. 
 
Participants identified their care team’s notes as an important resource within the prototypes for understanding their 
care. However, opinions varied on the level of detail they wanted from the notes. Some participants wanted access to 
all content in their clinical notes, but others wanted a digestible summary of key information and next steps. A2 said: 
“I want to see the main key points, like the gist of what's going on, just the important details. For instance, we're going 
to take her off her pain medicine drip because her heart rate was slowing down, like the juicy tidbits.” P10 only 
wanted to view text-based notes, as supplementary MRI and X-Ray images of inside the body were thought to be 
disturbing. P4 suggested changing the design of the prototypes to include an indicator or note from providers to prevent 
unnecessary worry about test results: “I would want a doctor to say ‘everything's okay for now, I will update you later’ 
type thing if there's nothing to say, and then if something's urgent, say it's urgent, because if it's saying more testing, 
you start thinking about what they're testing.  I'm a pretty anxious person with that type of stuff, but I think most people 
are with medicine.”  
 
Contextualizing Health Information 
Aside from understanding the clinical language their providers use to communicate, our participants expressed their 
need for additional resources to contextualize information about their health, beyond their discussions with providers. 
For example, participants wanted to use their own medical history and information from other patients to interpret 
their progress based on what was considered “normal”. A few participants raised this idea in reference to the patient 
and provider assessment scales within the Goal prototype. A5 said: “it’s a good way to track your progress…[test 
result] varies so much and sometimes your benchmark isn’t what somebody else’s would be.” A8 wanted to change 
the Goal prototype’s medication list to include similar benchmark information: “You know what else I would like to 
see...is what would be like the normal? Because...when I get my blood pressure taken - well, what's the normal rate 
compared to what I'm doing? What's the normal temperature that I'm supposed to have? What's the norm for me 
compared to the normal?” When asked what she meant by “the normal,” A8 clarified, “the normal range for me and 
then the normal range against other healthy citizens.” 
 
Participants also discussed their need to access information that they currently could only obtain with the help of their 
providers. For example, P2 shared his trial-and-error experience in learning what he could order from the hospital’s 
cafeteria menu, given his dietary restrictions during treatment. When asked about what changes he would make to 
improve all three prototypes, he said he wanted an efficient way to identify what hospital food options were compatible 
with his treatment and send his food order to the kitchen. P2 explained further, “usually I get a pamphlet, and then I 
just have to go through everything and check it off...it would be best if the food that you can’t eat just doesn’t pop up 
on there...you can order it, but I asked my nurse, and she says they’ll just deny it.” From P2’s point of view, surfacing 
this hidden information could have prevented his frustrating experience. 
 
Increasing Efficiency of Communication 
Because verbal communication remains common in the hospital, participants discussed ways for the prototypes to 
help optimize communication between patients, caregivers, and providers. While exploring our mid-fidelity 
prototypes, participants thought direct messages with providers—coupled with estimated response times—could help 
get answers to their questions without having to wait for providers to physically be in the hospital room. P7 discussed 
how the prototypes’ messaging feature would allow providers to prepare answers to questions before visiting the 
patient’s hospital room: “Sometimes you want to talk to your nurse, but she’s stuck in another room, so she can’t 
really get to you right away…[messaging] would be more useful, because then before they come in...they could bring 
material...it would just take less time too.” Although A10 did not think this messaging feature was essential to his 
hospital stay, he thought it could help with timing his conversations: “I don’t want to put a message out there and just 
let it be hanging out in the ether somewhere, and not hear anything back. So I think that would be an enhancement to 
what I’m currently doing.”  
 
In addition, many pediatric participants thought the Timeline prototype’s schedule of the day could help coordinate 
the timing of visits and physical presence of their caregivers. For example, P4 thought the feature might help their 
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caregivers know when it was alright to physically leave the room without missing critical information: “If the parent 
wants to go out and get food or coffee but they want to hear what’s going on with their kid, it’s really good for them 
to know.” Other pediatric patients thought that using this schedule to coordinate with their parents was a way to ensure 
they had a supportive presence in the room when they received care information from providers. As P2 described, 
“sometimes you get a result back and [family’s] not there and you’re like - oh, how do I tell them that they should be 
home or I might be getting surgery and you’re like oh, that would be nice if [family] were here.”  
 
Preventing Lost Information 
Several participants identified aspects of the mid-fidelity prototypes that could support them in preventing information 
that is lost when their expertise is ignored by providers, their concerns are not communicated between shift changes, 
or their input is not sought before a care decision. When viewing the medication list within the Goal prototype, P1 
wanted a feature to confirm that the care team was aware of her medication allergies. A1 explained how she would 
use the direct message feature within the Goal prototype to ensure her more urgent concerns were relayed to providers: 
“like what if your goals didn’t match the doctor’s goals...unfortunately I’m one of those people that always needs 
more [pain medication] than the average person. It’s frustrating, because some doctors are like ‘this should work’ 
and I’m telling you it’s not, my blood pressure is telling you it’s not - please help me, I’m in pain...so it would be nice 
to have a spot where you could be like ‘hey...am I going to get any help with this...can I speak to someone?’ That sort 
of thing.”  
 
Other features were thought to help patients identify missing information that could cause mistakes in their care. For 
this reason, A5 discussed the value of patients having access to clinical notes within the prototypes: “I haven’t been 
on the [patient] portal since I’ve been in here, but they change medications and [providers] don’t necessarily get the 
information...they bring me my pills last night, I normally take Warfarin - there’s no Warfarin in it. And they go, ‘it’s 
not on the list here.’ I said, ‘well you need to call somebody and get it on the list because that’s why I’m here.’...it’s 
just a matter of the doctor probably forgot or whatever. So if you could go look [at the notes], it would help.”  
 
Indeed, participants believed features that documented care decisions would allow them to report issues, confirm their 
requests were dealt with, and cross-check or correct the information that providers shared with them. P11’s caregiver 
described a weekend in the hospital where a different provider was on call to handle their case and made a decision 
that deviated from the team’s agreed-upon plan. The change “devastated” and “traumatized” P11. About this 
incident, P11’s caregiver said: “I think [access to our information] probably would have been helpful, because then 
we could say, ‘no, look, this is what we’re doing, this is the plan, we’re not going to change it.’ It’s our word against 
- you know, there’s nothing set in stone of okay, this is what the doctor said...if we had this, like the Timeline 
[prototype], it would show what the plan is for what we’re doing, so that everybody is all on the same page.” 
 
Discussion 
Our interviews allowed participants to share their perspectives on how future inpatient portals could meet their needs 
and overcome challenges to engaging in their hospital care. Seeking open-ended feedback from participants on the 
mid-fidelity prototypes revealed additional needs and values that could not otherwise be captured in later stages of the 
inpatient portal design process (i.e., usability studies, post-implementation questionnaires).(27) Below, we share two 
key design implications for future inpatient portals.  
 
First, future inpatient portals should be designed to support patients’ agency during their hospital stay. Most inpatient 
portals effectively deliver information to patients, but do not always offer a space for patients to contribute their own 
expertise or communicate their care needs.(28) Although one participant already felt this agency through face-to-face 
interactions with his care team, many other participants valued features—including setting goals, reporting concerns, 
and adding scheduled events—that allowed them to provide input and that gave them a greater sense of control over 
their lived experience in the hospital. Moreover, participants saw features as helping to overcome barriers to their 
agency. A1 saw the Goal prototype’s assessment scales as a way to navigate unequal power dynamics with clinicians 
and discuss her concerns; P11’s caregiver thought a documented care plan in the Timeline prototype would have 
prevented lost information and convinced clinicians to follow the agreed-upon plan for her child. These findings 
suggest an opportunity to hybridize these features into a cohesive system that supports patients’ agency during their 
hospital stay. Future inpatient portals could offer patients options to edit their health goals and daily schedules, to 
prioritize concerns they want addressed, to share their own assessment of their treatment progress, and to access a 
documented history of care team decisions. These features would help inpatient portals become tools for 
empowerment, extending its current purpose beyond simply delivering clinical information to the patient. 
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Second, future inpatient portals should accommodate patients’ changing needs and engagement. Our interviews with 
participants revealed the dynamic, rather than static, nature of their hospital stay. Two participants thought goal-setting 
features in future inpatient portals could allow them to have an active partnership with their care team, but their 
uncertain health conditions might impact progress toward their goals during their stay. Participants also varied in how 
much health information they preferred to access and act upon while in the hospital. These findings support prior 
work’s assertion that a patient’s engagement in their healthcare can continuously evolve and shift.(29) Inpatient portals 
must therefore reflect patients’ dynamic needs and preferences. Researchers have previously leveraged adaptive and 
customizable views of tablet-based cancer navigation tools.(30) Similarly, future inpatient portals could prompt patients 
to specify what content they want to view (e.g., medications, schedule of the day, personal health goals), display this 
content, and allow patients to change their content preferences as needed. Updates to the content (e.g., revising a health 
goal, adjustment to a medication dose) could be highlighted within the portal as patients progress through their 
treatment plan. This dynamic approach would not only help patients focus on the health information that matters to 
them but would also accommodate the patient’s continuously evolving hospital experience. 
 
Lastly, we recognize the limitations of our study. We sought input from inpatient participants at two hospital sites 
within one metropolitan area of the United States. Therefore, our findings might not be transferrable to other patient 
populations or geographic regions. Because study participation was voluntary, views of patients who chose to 
participate might not reflect those who were not approached or decided against participation. Study team members 
who were involved in creating the prototypes also participated in interviews with patients, which may have elicited 
more positive feedback than neutral interviewers.(31) The novelty effect might have also influenced participant 
responses to the prototypes.  
 
Aside from these limitations, our study presents many opportunities for future work. Given the increasing 
standardization of commercial inpatient portals,(32) additional research is needed to explore potential differences in 
needs and designs for subgroups of hospital services, diagnoses, treatments, and pediatric vs. adult patients. Testing 
high-fidelity versions of our prototypes with patients’ actual health data would also help researchers evaluate their 
real-world impact on hospital stays. Further input from clinical stakeholders on how to address patient needs while 
also ensuring future portals fit within the existing technical infrastructure of hospitals is another important future step.   
 
Conclusion 
In this paper, we present a mid-fidelity prototype study to improve the design of inpatient portals and meet the needs 
of patients. Pediatric and adult participants discussed our prototypes as meeting the following needs: forming active 
partnerships, navigating relationships and power dynamics with clinicians, understanding complexity of care, 
contextualizing health information, increasing efficiency of communication, and preventing lost information. Our 
findings show the importance of designing inpatient portals to support patients’ agency, as well as their dynamic needs 
and preferences. By making such considerations in future inpatient portals, these technologies can begin to fulfill their 
potential of helping patients increase their engagement and improve their hospital experiences.  
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Abstract

We present findings on using natural language processing to classify tobacco-related entries from problem lists found
within patient’s electronic health records. Problem lists describe health-related issues recorded during a patient’s
medical visit; these problems are typically followed up upon during subsequent visits and are updated for relevance
or accuracy. The mechanics of problem lists vary across different electronic health record systems. In general, they
either manifest as pre-generated generic problems that may be selected from a master list or as text boxes where
a healthcare professional may enter free text describing the problem. Using commonly-available natural language
processing tools, we classified tobacco-related problems into three classes: active-user, former-user, and non-user; we
further demonstrate that rule-based post-processing may significantly increase precision in identifying these classes
(+32%, +22%, +35% respectively). We used these classes to generate tobacco time-spans that reconstruct a patient’s
tobacco-use history and better support secondary data analysis. We bundle this as an open-source toolkit with flow
visualizations indicating how patient tobacco-related behavior changes longitudinally, which can also capture and
visualize contradicting information such as smokers being flagged as having never smoked.

Introduction

Problem lists capture relevant health-related issues and are a natural component of a modern electronic health record
(EHR) systems; conceptually the idea of a problem list has existed for around half of a century1. The importance
of problem lists have been elevated in the past decade due to changes in meaningful use with the goal of capturing
problem information electronically2. Before 2013, problem lists often used the International Classification of Diseases,
Ninth Revision, Clinical Modification (ICD9-CM) if they were coded; ICD9-CM was largely inadequate for anything
other than administrative purposes3, 4. The Systematized Nomenclature of Medicine–Clinical Terms (SNOMED CT)
is an alternative to ICD9-CM and is better capable of capturing clinical issues5; a study determined that SNOMED-CT
can describe 92.3% of clinical problems accurately6. Despite this, historical adoption for SNOMED-CT in EHRs has
been slow7–9.

Figure 1: Distinct problem types and instances of problems over time (Kentucky)
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Since 2013, the International Classification of Diseases, Tenth Revision, Clinical Modification/Procedure Coding
System (ICD10-CM/PCS) has been used to describe entries in problem lists with the benefit of higher specificity
than ICD9-CM. Despite this, information gaps still exist between ICD10-CM/PCS and SNOMED-CT where ICD10-
CM/PCS is adequate for administrative purposes yet does not possess the depth and precision required for general
clinical use10. In Figure 1, we show how problem lists have changed across time in the outpatient EHR of our
university’s hospital and clinic network. In 2014, a large increase in unique problem types stemmed from the inclusion
of ICD10 terms to better support meaningful use initiatives. For 2016 and beyond, unique problem types steadily
climb each year while instances of problems associated with patient records remain relatively stable; this phenomena
might be explained by older generic problem types being replaced with newer problem types with higher specificity.

In Figure 2, we visualize frequency of new problems being assigned to patients within the EHR and again see a spike
in 2014; in this picture, a problem type is counted if it has never been used in the EHR up until that point. Although this
trend does begin decreasing after 2014, the numbers are still large enough in 2019 to suggest the need for automatic
approaches for understanding and utilizing problem lists. The steady increase in unique problems being leveraged by
the EHR further suggests the need for automatic approaches. We leverage natural language processing (NLP) to help
fill this need.

Figure 2: New problem types introduced over time (Kentucky)

The NLP research community has a long-held interest in problem lists. NLP has largely been used to automate
or partially automate the generation of problem lists from clinical notes 11–15. NLP has also been used to identify
domain-specific problems16, association discovery17, data linkage from problems for decision support18, and clustering
of similar problems19. The importance of having an accurate tobacco-use status in an EHR is well-documented20.
Tobacco-use status is a popular topic in the NLP community, where methods have focused on detecting the absence
or presence of smoking within a patient’s EHR21–23. Issues persist within EHRs which complicate the reliability of
tobacco-related NLP processes24 and may suggest targeted NLP as an easier method to contextualize and integrate
tobacco-related findings. Our work focuses specifically on increasing the utility of tobacco-related entries of problem
lists by classifying them into higher-level tobacco statuses (current, former, non) and in leveraging these statuses to
generate tobacco-use time-spans for secondary data analysis and visualization. A previous study found that roughly
a third of patients located at a well-established university medical center had conflicting information regarding their
smoking status across time20; we also describe a rule-based method for creating time spans for smoking statuses and
resolving contractions.

Methods

We leverage the Clinical Language Annotation, Modeling, and Processing (CLAMP) toolkit25 to process problem lists
from the outpatient EHR of our university’s network of hospitals and clinics. CLAMP focuses on building reusable
pipelines for specific NLP tasks. The smoking status pipeline was trained with sentences containing tobacco-related
words; initial experiments yielded an accuracy of 0.95, 0.89, and 0.90 for non-user, current-user, former-user classes
respectively25; these classes sufficiently met our needs as we did need the exact semantics or concepts extracted from
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the problems. We hypothesized that CLAMP would perform well with the short text of problem lists given that it
was trained with individual tobacco-related sentences. The general components of the smoking status pipeline is
visualized in Figure 3. Problem lists are retrieved from our EHR and normalized on capitalization to avoid redundant
processing; for example, small variants such as ”Smokes two packs per day” and ”smokes two packs per day” are
merged. The problems are split into individual files for CLAMP to process. Each problem is sent through a smoking
NLP pipeline. Despite each problem being a short-form sentence, the process begins with sentence detection in order
to feed a downstream tokenizer and part-of-speech tagger. Tagged words are fed into a named entity recognizer and
an assertion classifier for negation detection with NegEx25, 26. Everything feeds the last step of the CLAMP pipeline:
a rule-based text annotation engine based on UIMA Ruta27.

Figure 3: A high-level overview of the CLAMP smoking pipeline

The output of CLAMP is parsed and collated into a structured data set. This data set is used to develop time spans of
smoking statuses per patient, where each status is associated with a start and stop date. Figure 4 shows a simple plot
of smoking-related statuses. We use these spans to determine smoking status at a given point in time and to do basic
quality checks in order to detect where contradictions may occur. For example, Figure 4 shows a patient being tagged
as never having used tobacco after previous problems indicated that they have some type of tobacco use history. This
contradicting data point can be safely removed from consideration. We later show an aggregated flow diagram in our
discussion section and review its utility.

Figure 4: Visualizing a single patient’s tobacco-related statuses over time (A) and fixing contradictions (B)

It is known that careful selection of pre-processing and post-processing steps greatly impacts the accuracy of text
classification tasks28. We processed all problems listed in our EHR’s dictionary of problems; 1667 problems came
back associated with tobacco use. Our initial pass of this resulted in many results unrelated to smoking and informed
us on how we may filter as a pre-processing step. We excluded a subset of these problems by using simple pattern
matching against the problem’s text.

Because our interest in tobacco use status is specific to a patient’s behavior, we performed a manual review of initial
results and identified eight categories of terms that should be excluded. These categories for exclusion are summarized
in Table 1 with examples of each. We specifically exclude passive tobacco use through either exposure, second-hand,
or maternal-use smoking references; these health-related environmental factors can be handled separately. Our goal
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Table 1: Exclusionary terms for processing problem list

Exclusion Terms Category Matching Problems Example
exposure 145 daily exposure to tobacco smoke
smoke (from fire) 127 toxic effect of smoke, unintentional
second-hand 62 2nd hand tobacco smoke
maternal 31 fetus and newborn affected by maternal use of tobacco
unknown 23 current smoking status unknown
drug-related 10 smokes drugs through pipe
family history 10 family history of tobacco abuse
smoke detectors 7 no smoke detectors in home

was to identify direct tobacco use to supplement administrative tobacco-use billing codes to accurately reconstruct
someone’s tobacco use history for data warehousing purposes.

Figure 5: Confusion matrix for tobacco status classification

Results

Three subject-matter experts from our clinical research team independently reviewed the classification assigned per
problem by CLAMP. Fleiss’ kappa was 0.675, indicating significant agreement among reviewers29. Reviewers judged
correctness of CLAMP’s tobacco-status assignment and annotated the problem as being context sensitive. A context-
sensitive problem is too ambiguous to truly judge smoking status; additional information from the EHR may contextu-
alize the problem and resolve ambiguity. For example, “age started smoking” may either refer to current tobacco-use
or former-tobacco use; however, additional information from the EHR may be able to resolve the ambiguity, such as
an additional tobacco-related problem or a tobacco-related diagnosis code.

The majority vote determined the collective reviewer’s decision on ground truth on a problem’s true class and sub-
sequently determined the correctness per CLAMP classification. Figure 5 contains a confusion matrix detailing how
the predicted class and true classes align; the correctness of the assigned classes after each step of our workflow is
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detailed in Table 2. The list of exclusions described in Table 1 were used to filter the raw data; the appropriateness of
our filters was further verified by having no loss of true-positive classifications for problems post-filtering. The bulk
of the problems classified incorrectly were truthfully indeterminate of tobacco status (N/A) and were safely removed
from consideration during later analysis and visualization steps.

Table 2: Performance of classification of problem lists

Precision Recall
Class Orig. Count Raw Majority Post-Exclusions Post-Rules Post-Rules Final Count
Tobacco 1499 0.59 0.80 0.91 1.0 997
Former-Tobacco 102 0.77 0.88 0.99 0.98 206
Non-Tobacco 66 0.59 0.75 0.94 0.96 49

In addition to removing obviously wrong candidates with exclusion rules, we successfully created very simple rules
for adjusting the class assigned to each problem. For example, the occurrence of “non-user” and “abstinence” would
force the class assigned to non-tobacco user, regardless of the class assigned by CLAMP. In total, there were 3 simple
rules for adjusting non-tobacco problems, 12 rules for adjusting former-tobacco use, and 10 rules for adjusting current
tobacco-use. The rules are documented in our online package for NLP with tobacco-related problems.

Table 3: Common types of classification mistakes and examples

Error Category Example Computed Class Actual Class
Missed negation not ready to quit smoking Non-Tobacco Tobacco
Verb tense confusion has never tried to quit using tobacco Non-Tobacco Tobacco
Negation confusion treatment not carried out due to patient smoking Non-Tobacco Tobacco
Missed negative verb declined smoking cessation Non-Tobacco Tobacco
Missed negative adjective ex-heavy cigarette smoker (20-39 per day) Tobacco Past-Tobacco
Missed “remission” context severe tobacco dependence in remission Tobacco Past-Tobacco
Missed “history” context history of prior cigarette smoking Tobacco Past-Tobacco
Missed “non-user” context tobacco non-user Tobacco Non-Tobacco
Missed qualification ready to quit smoking Past-Tobacco Tobacco
Missed negative adjective tried unsuccessfully to quit smoking in the past Past-Tobacco Tobacco
Verb tense confusion would like to quit tobacco use Past-Tobacco Tobacco
Unexplained has reduced amount of tobacco smoked Past-Tobacco Tobacco

Recall that our manual reviewers also annotated the problems as being context-sensitive or not. This potentially helps
us understand why a human judge might disagree with CLAMP’s classifier. In Table 4, we described each class com-
puted by CLAMP in terms of what percentage were incorrect (post-exclusions and post-rules); of those labeled as
incorrect, we report what percentages were viewed as context-sensitive (CS) by the majority vote of reviewers.

Table 4: Impact of context-sensitive problems

Computed Class Incorrect C.S. Example
Tobacco 0.09 0.62 age of onset of smoking
Former-Tobacco 0.01 1.0 lung cancer screening for patient with less than a 30 pack year history
Non-Tobacco 0.06 1.0 has not smoked cigarettes within the last year

All erroneous mappings for non-tobacco and former-tobacco problems were context-sensitive; 62% of tobacco prob-
lems were context-sensitive. It is our belief that neither an automated method nor a human could definitively determine
that this problem should be classified as tobacco, former-tobacco, or non-tobacco. For example, “lung cancer screen-
ing for patient with less than a 30 pack year history” is likely either a current smoker or former smoker; it is not
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absolutely clear which one may be the actual case and in fact, non-smoker is technically possible as well due to the
“less than” phrasing. “has not smoked cigarettes within the last year” may be interpreted as a former tobacco user or
a non-tobacco user; it is not clear from this limited context if the patient has ever smoked.

Discussion

We discuss additional considerations when using natural language processing. Namely, favorable gaps may exist
between theoretical implementation and practice, where the commonly-used problems are the easiest for machines
and humans to understand. Administrative data may not align well with problem list data; this makes problem lists an
attractive and necessary addition to understanding a patient’s tobacco profile. Additionally, contradictions may occur
within the EHR. We will discuss each of these in turn.

Observed vs Theoretical Results

The results presented in Table 2 describe how accurately our methods map problem lists to higher-level classes. Not
every problem listed in our EHR’s dictionary of problems has been associated with an actual patient. Table 5 describes
the perceived precision given the subset of the problems from the problem dictionary which are actually assigned to
patients in the EHR. All problems assigned to patients and also deemed to be related to former tobacco use were cor-
rect; the context-sensitive problems related to former-tobacco status were not used in practice. The tobacco class saw
the largest increase (8%) in theoretical dictionary precision (91%) versus the observed in-practice precision (99%).
These results indicate the practical utility of NLP for problems currently attached to patient data. We primarily focus
our efforts on processing the entire dictionary of problems because healthcare providers are free to select any existing
problems or submit a new problem description for their patients.

Table 5: Precision of problems being used with patients

Computed Class Precision Precision (Used Only) N=Correct & Used
Tobacco 0.91 0.99 261
Former-Tobacco 0.99 1.0 110
Non-Tobacco 0.94 0.96 26

Administrative Data

Our motivation for analyzing smoking statuses from problem lists was due in part to the lack of reliable structured fields
in our local EHR. Limitations exist in using ICD10 billing diagnoses for research. In particular, tobacco-related codes
are associated with limited sensitivity30, 31 which can be improved when combined with NLP31. We cross-referenced a
patient’s problem list with their billing diagnosis codes and checked for inconsistencies; we looked within a two week
window of the problem’s date for any tobacco-related diagnosis codes. We summarize our findings in Table 6.

Table 6: Comparison of problem lists and administrative/billing data

Class Matched Mismatch Missing Correct (Among Non-Missing)
Tobacco 0.43 0.57 0.53 0.93
Former-Tobacco 0.19 0.81 0.73 0.70
Non-Tobacco 0.01 0.99 0.96 0.38

The largest issue encountered was patients with tobacco-related problems missing any tobacco-related diagnosis codes
in their billing data. For all three tobacco-related statuses, missing data accounted for the majority of the errors. If
a tobacco-related code was found for a current tobacco-related problem, it was likely to be correct. The minority of
errors are those regarding whether smoking status is present or past. There are examples of a patient with a ’tobacco
use disorder’ problem being billed as someone with “nicotine dependence in remission”; the lack of specificity in the
problem creates a semantic mismatch. Former-tobacco problems were less reliable than current tobacco-use problems;
the disagreements again center around timing of smoking. As an example of a mismatch between billing and the
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problem list, former-smoker problems occasionally map to unspecific nicotine dependence.

The worst performing of the three classes was non-tobacco users which is mostly due to the lack of an appropriate
ICD10 billing code. We counted Z78.9-Other specified health status as correct for non-tobacco user due to its approx-
imate synonyms list containing “current non-smoker”, “never smoked”, and “not currently a smoker”. This is not ideal
since the phrase “current non-smoker” does not supply sufficient information about the patient’s past. Furthermore,
Z78.9 contains many synonyms completely unrelated to smoking status, such as “impaired mobility”; this code does
not appear to be commonly leveraged within our EHR.

ICD10 Annotations for Problems

The absence of a tobacco-related diagnosis code does not necessarily imply that the patient does not use tobacco and
a computed tobacco status of non-user would be stronger evidence based on EHR documentation for that particular
person. Problems within our EHR’s dictionary are annotated with ICD10 codes, yet these annotations appear incom-
plete and occasionally inaccurate. Table 7 describes the coverage of these ICD10 annotations in comparison to our
NLP-designated classes.

Table 7: Coverage of ICD10-annotations within problem lists

Class Matched Mismatch Missing
Tobacco 0.777 0.015 0.208
Former-Tobacco 0.699 0.003 0.297
Non-Tobacco 0.706 0.000 0.293

Much like our comparison to ICD10 billing codes associated with patient visits, the biggest issue with the ICD10
codes from the problem list dictionary is that codes can be missing. There may exist a lag in the assignment of ICD10
codes associated with problems; our process expedites this assignment and yields broader tobacco statuses which will
assist in detecting contradicting information when looking at problem list entries across time.

Contradictions and Limitations

Problem lists assist healthcare providers in documenting any health-related issues per patient during a visit. Although
problem lists act as a great organization tool, their utility can be weakened by inaccuracies32. One drawback from
research leveraging longitudinal analysis of problem lists is that patients must have a visit in order for the list to be
updated. Additionally, the healthcare professional must update the list upon seeing a patient. For a topic such as
smoking, it is plausible that a patient may change statuses any number of times between visits. The accuracy of
problem lists in general is questionable and potentially problematic in any downstream use of the data; most of these
issues are not impossible to solve and research continues to provide motivation in finding solutions32.

Another issue is that problem lists may contradict themselves across time. For example, someone who was once
recorded as being a smoker may accidentally be flagged in the future as someone who has never smoked. As a
post-processing step, we generate time spans for a patient’s tobacco-use profile using the tobacco-status of problems
recorded during visits over time. These time spans demonstrated a significant amount of erroneous transitions in the
form of tobacco or past-tobacco users being switched to non-tobacco users. We visualize the flow of changes between
tobacco statuses as an alluvial diagram in Figure 6. This figure was constructed by taking a subset of our patients
having tobacco-related problems with healthcare visits in 2017, 2018, and 2019; a patient’s status for the year was
their most charted status based on their historical problem list. Contradicting status transitions from current-tobacco
status to non-tobacco status were seen in patients (N) during both 2017 to 2018 (N=534) and 2018 to 2019 (N=497);
additionally past-tobacco status transitioned to non-tobacco status in patients (N) during both 2017 to 2018 (N=516)
and 2018 to 2019 (N=494).

To combat contradicting information, we deployed rules during post-processing in order to assert a patient’s correct
status based on evidence from prior problems. Once tobacco use is observed, a patient’s minimum allowable class
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Figure 6: Capturing patients and their recorded tobacco-use changes over time

becomes former-tobacco user and problems that suggest non-tobacco status are flagged for review and hidden. The
weakness of this approach is that if a prior problem erroneously flagged someone as a tobacco user, then this erroneous
judgement would be carried downstream and would impact the patient’s smoking status time spans. We suspect this
would be a rare occurrence, yet we have not validated our assumption. The time span logic assists us accomplish
what is visualized in Figure 4; the removal of contradicting information helps create clean spans of smoking statuses.
Validation of the time spans is difficult because smoking documentation is often limited to the problem lists themselves;
a preliminary scan indicated that only a small fraction of smokers had ancillary diagnoses or medications on record as
further evidence for smoking,

Figure 6 can also be used to visualize positive and negative changes in collective tobacco-use behavior across all
patients. In both periods 2017 to 2018 and 2018 to 2019, approximately 8% of patients transitioned from current
tobacco users to former tobacco users. Similarly, both 2017 to 2018 and 2018 to 2019 transitions saw 4% of former-
tobacco users become current tobacco users again. The net result of these transitions yield a shrinking tobacco-using
population and a growing population of former tobacco users.

Our code for pre-processing and post-processing CLAMP results is included in our open-source toolkit, a CLAMP
companion named the Tobacco-Related Analyses for Problem-Lists (TRAP) toolkit33. We also bundle code for creat-
ing time spans, adjusting time spans to correct contradicting information, and code for creating the alluvial chart from
Figure 6.

Conclusion

We demonstrate that the utility of problem lists commonly found within EHR systems may readily be improved
for research purposes by leveraging easily-accessible natural language processing tools. In particular, the results of
processing problem lists can greatly benefit from simple rule-based post-processing. We plan to compare our results
against retraining the tobacco status classifier using problem list data; the benefit of post-processing is that the NLP
tool can be used out of the box with very few barriers to success. In the future, we wish to marry classification
and concept extraction in order to obtain more details per problem. Additionally, we aim to validate our findings by
replicating our work using data from alternate healthcare systems and EHRs. We plan to explore other healthcare
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statuses that are temporal in nature; drug and/or alcohol use statuses may benefit from a similar time span analyses
and contradiction detection.
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Abstract 

Online physician review (OPR) websites have been increasingly used by healthcare consumers to make informed 
decisions in selecting healthcare providers. However, consumer-generated online reviews are often unstructured and 
contain plural topics with varying degrees of granularity, making it challenging to analyze using conventional topic 
modeling techniques. In this paper, we designed a novel natural language processing pipeline incorporating 
qualitative coding and supervised and unsupervised machine learning. Using this method, we were able to identify 
not only coarse-grained topics (e.g., relationship, clinic management), but also fine-grained details such as diagnosis, 
timing and access, and financial concerns. We discuss how healthcare providers could improve their ratings based 
on consumer feedback. We also reflect on the inherent challenges of analyzing user-generated online data, and how 
our novel pipeline may inform future work on mining consumer-generated online data. 
 
Introduction 

Choosing the right healthcare provider has been a challenge to many patients due to inherent information asymmetry 
between the two parties. As a result, patients often seek advice from friends and family who had similar conditions 
and experiences1,2. This pressing information need has given rise to online physician rating (OPR) websites, where 
millions of patients can share experiences by reviewing and evaluating their physicians. It is estimated that popular 
OPR websites, such as Vitals.com and RateMDs.com, are consulted by at least 30% Internet users in the U.S. and 
have significant influence on people’s choices of healthcare providers3. 

Data from OPR websites (henceforth called “OPR data”) cover a variety of information. This includes physician 
profiles (specialty, experience, accepted insurance, etc.), overall satisfaction ratings (1-5 stars), break-down ratings 
(along multiple dimensions such as competence, wait time, bedside manner, etc.), and open-ended reviews written by 
patients. This data provides a unique lens through which many stakeholders can obtain insights. For example, 
healthcare providers can better understand patient concerns to improve quality of care; health informatics researchers 
can gain better understanding of  consumer’s information needs; healthcare consumers such as patients and caregivers 
can be empowered through better information access; government agencies can design  more comprehensive 
healthcare quality assessment surveys4. 

OPR has been increasingly studied in the research community. Early studies focused on analyzing consumer ratings 
as these structured data can be easily processed at scale. One type of work cross-checked consumer ratings against 
professional surveys and clinical performance, and they discovered inconsistent results. Gao et al. found that ratings 
on RateMDs and measurements from the official state medical board had significant positive correlation with an 
increasing support from 2005 to 20105. However, Daskivich et al. found that online ratings failed to correlate with 
objective ratings of specialists’ quality made by other physicians, the Primary Care Physician (PCP) survey, and the 
Administrator Survey6. Such inconsistency is likely due to the fact that OPRs are based more on consumers’ subjective 
experience than objective treatment outcomes, and therefore consumer ratings may reflect different aspects of 
concerns than those in official surveys. 

Compared to ratings, free-text reviews in OPR websites are more nuanced and carry richer information about patient 
concerns. However, the sheer amount of unstructured reviews makes it infeasible to conduct exhaustive analysis. As 
a compromise, previous researchers take one of two approaches. The first approach samples a relatively small set of 
reviews from the big OPR data for a focused qualitative analysis. For example, Lopez et al. analyzed 712 reviews 
from Yelp and RateMD and identified three major themes: technical competence, interpersonal manner, and system 
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issues7. Kilaru et al. used a grounded theory approach to analyze 1,736 reviews of emergency department (ED) care 
on Yelp and found that similar topics are shared between Yelp reviews and those in official surveys8. These studies, 
while providing deep insights into patient concerns, only covered a small sample of all reviews. To scale up the 
analysis, the second approach employs machine learning techniques such as statistical topic modeling to extract topics 
(each topic consisting of a list of keywords) from large-scale consumer reviews. For example, Wallace et al. adopted 
the three themes identified in Lopez et al. and applied topic modeling on nearly 60,000 reviews from RateMD9. A 
recent analysis discovered three general topics (hospital-level services, communication skills, and professional skills) 
from a Chinese OPR website10.  While these studies demonstrate the potential of computer-assisted qualitative 
analysis11, the extracted topics were often coarse-grained and provided only the high-level categories of topics without 
identifying any detailed aspects under each top topic. Indeed, interpreting topics extracted from consumer-generated 
reviews can be challenging12, especially when review texts have short lengths, correlated topics, and nested 
subtopics13. To cope with these challenges, researchers often have to label additional documents and words to “guide” 
topic models14. 

We develop a novel computer-assisted qualitative analysis methodology to discover coarse- and fine-grained patient 
concerns from large-scale OPR review texts. We first identify coarse-grained topics by qualitatively coding a small 
set of reviews. Under each topic, we further apply word clustering to discover fine-grained themes, which are 
surprisingly easier to interpret than topics directly extracted by topic models. This methodology contributes an 
empirically effective mechanism to synergize human coding efforts and machine learning capability in extracting fine-
grained insights from large-scale text. 

Using this novel methodology, we analyzed unstructured reviews from a major OPR website. This large-scale analysis 
reveals key implications on healthcare service improvement. Specifically, we found that patients primarily evaluated 
relationship-related aspects in their reviews, highlighting the role of patient-provider relationship in patients’ 
perceived quality of healthcare services. We also note that management related issues could be the triggers for patients 
to leave unfavorable reviews online. The fine-grained patient concerns greatly complement previous OPR research by 
providing richer and more granular information of patient narratives online.  

Material and Methods 

Data Description 

Vitals is one of the largest OPR websites for healthcare consumers to provide or access  evaluations of physicians in 
the U.S15. The site has 127,300 unique daily visits according to Google Trends. The site provides basic information 
on physicians, such as their locations, gender, and year of experience, etc. Patients are able to score a doctor on a 
Likert scale of 1 (poor) to 5 (excellent), write a review and selectively make a detailed quality rating across eight 
dimensions: Wait Time, Easy Appointments, Promptness, Friendly Staff, Accurate Diagnosis, Bedside Manner, Spends 
Time with Patients, Appropriate Follow-up.  

In this study, we collected and analyzed 1,065,631 OPRs posted from January 1, 2008 to November 4, 2018 for 
102,540 family physicians in the U.S. on Vitals.  

Method Pipeline 

We employed a multi-level qualitative analysis method pipeline. The basic idea is to take a top-down approach to 
mining a large-scale review corpus. We first identified coarse-grained, high-level topics, and then identified fine-
grained, low-level subtopics (or detailed patient concerns) under each topic. To scale up the analysis to a large corpus, 
we combined manual coding with machine learning in both stages. For our text analysis, we only included the 1-star 
and 5-star reviews that have more than 20 words. We chose this subset because they represent the majority of the 
reviews and are long enough to be informative. In addition, 1-star and 5-star reviews convey direct negative and 
positive emotions, while the moderate reviews (2, 3&4-star) often convey mixed feelings, which is challenging to 
disentangle. 

Mining coarse-grained topics 
To identify coarse-grained topics, we conducted qualitative coding on a sample of reviews, and then used supervised 
machine learning to generalize the codes to all reviews. We did not use topic modeling to automatically discover 
coarse-grained topics, because algorithms like latent Dirichlet allocation extracted uninterpretable topics with mixed 
content in pilot experiments. Indeed, these algorithms work well when topics are well separated13. However, themes 
in OPR reviews are often mingled. For example, dissatisfied consumers often simultaneously complain about lack of 
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clinical competence and bad interpersonal manners. (Semi-)supervised topic modeling is not pragmatic either as it 
assumes that qualitative analysis has been done in the first place9.  

To ensure that each review contains enough information for qualitative coding, we only considered reviews with at 
least 20 words. This resulted in a corpus with 207,029 free-text reviews.  

(1) Qualitative coding of reviews: We used concepts from a validated patient complaint taxonomy initially 
proposed by Reader et al to guide our coding16. We chose this taxonomy because it was built through a 
systematic synthesis of patient complaint literature and has been validated and used in many patient 
satisfaction studies17. 200 reviews were randomly selected and coded by two annotators separately. The two 
annotators discussed to resolve disagreements and reached an agreement ratio above 80%. In this annotation 
stage, the annotators found that the three concepts in the taxonomy (management, clinical, and relationship) 
captured all the topics in the reviews and no new topics emerged. The two annotators separately coded another 
400 reviews, resulting in a set of 600 annotated reviews. In this training set, 59.3% were labeled as including 
clinical topics, 34.2% management, and 75.5% relationship. 

(2) Supervised review classification: We used the 600 annotated reviews as training data to train text classifiers 
that assign topics to unannotated reviews. A review was represented as a feature vector by taking the average 
of its word vectors, known as a continuous bag-of-words representation18. Words were represented as 100-
dimensional vectors trained by the word2vec algorithm on the review corpus. We trained one classifier for 
each topic, so that each classifier decided whether a review belongs to a topic. This allows a review to have 
multiple topics. We chose gradient boosted decision trees as the underlying classification model, as it showed 
higher accuracy than support vector machine or random forest. Two hyperparameters, maximum depth of 
trees and minimum sum of instance weights in a leaf, were optimized for each classifier. Under 10-fold cross 
validation, the classifier achieved 84% F1-score on management, 86.7% on clinical, and 92.5% on 
relationship. These machine predictions are remarkably accurate since they are about the same as human 
agreement rate. 

(3) Estimating word-topic relatedness. We measured the relatedness between a word and a topic as the 
probability of a word being classified into a topic, according to the corresponding topic classifier.  

Mining fine-grained concerns 
To identify fine-grained concerns (or aspects) under each topic, we ran a clustering algorithm on topic-related words, 
and then examined and annotated these word clusters.  Here we adopted word clustering instead of manual coding as 
we found empirically that such an algorithm could already discover interpretable aspects. This is likely because latent 
aspects are almost uncorrelated under the same topic (i.e., conditionally independent19) and give rise to distinct word 
clusters. 

For each topic, we clustered 3,000 words (~10% vocabulary size) with the highest word-topic relatedness computed 
in (3). 

(4) Unsupervised word clustering: Given topic-related words under each topic, we applied k-means algorithm 
over the word vectors (learned in Step 1). Euclidean distance between two vectors is used as the distance 
measure. These clusters represented candidate aspects under each topic that expressed fine-grained patient 
concerns. To avoid omitting aspects, we set k = 20 clusters for each topic, which is more than twice the 
number of aspects in previous work16. 

(5) Qualitative coding of word clusters: Two annotators independently examined 10 words closest to each cluster 
centroid to determine its meaning. Inspired by the divide-and-merge methodology for clustering20, we 
manually merged clusters with similar meaning. If two clusters exhibited opposite attitudes towards the same 
subject matter, they were also merged. Our manual coding was also guided by Reader et al.’s taxonomy16. 

(6) Estimating review-aspect relatedness: We measured the review-aspect relatedness as the reciprocal of cosine 
distance between the review document vector to the cluster centroid of aspect. Since a review may talk about 
more than one aspect, we calculated the review-aspect distance for all aspects under that topic and assigned 
the normalized relatedness to a review instead of assigning the closest aspect to it. 

 
The overall method pipeline is depicted in Fig. 1. 
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Figure 1. Method Pipeline 

 
Results 
This section will first provide an overview of the dataset through consumer rating analysis, and then report the coarse-
grained topics and fine-grained aspects identified through our novel computer assisted qualitative coding process.   
 
Consumer Ratings 
The rating distribution at the review-level is J-shaped, with 66% being 5-star, 16% 1-star and the rest 18% in the 
middle, and is consistent with previous findings15. At the physician level, the average rating is 4.039 and the standard 
deviation is 0.926, indicating that physicians tend to receive favorable ratings overall. The average number of reviews 
a physician received is 10.44 and the standard deviation is 13.2. 24.5% of the physicians only received one or two 
reviews, suggesting a highly skewed distribution of the number of reviews at the physician level. 
  
While the website allows users to rate physicians on 8 sub-categories listed above, more than half of the reviews did 
not have any of the 8 categories rated. Among them, wait time and follow-up have higher unfilled proportions. 
Moderate reviews (2, 3&4) tend to have more unrated subcategories compared to extreme reviews (1&5). Specifically, 
41% of the 1-star reviews have all of the 8 categories unrated, 45% for 5-star reviews, while 72% of the 3-star reviews 
have all of the 8 categories unrated and 65% for the 4-star reviews.  
 
Coarse-grained Topic Analysis 
The reviews were classified using the machine learning model to decide whether they include the three topics: 
relationship, clinical, and management. Relationship refers to interaction between patients and physicians. This could 
include their communication and physicians’ empathy toward patients. Clinical refers to patients’ perceived quality 
of care. Management refers to institutional managerial issues. For example, patients complained about long waiting 
time and difficulty scheduling appointments.  

Among 207,029 1-star and 5-star reviews with at least 20 words, 193,360 (93.4%) were predicted relevant to 
relationship, 146,358 (70.7%) to clinical, while only 78,391 (37.9%) were predicted relevant to management. This 
suggests that overall health consumers wrote more about physician-patient relationships and clinical issues than 
management when evaluating physicians online. Nearly one fifth of the reviews (43,331, 20.9%) were classified to 
include all the three topics. 126,103 (60.9%) reviews talked about 2 topics, 35,909 (17.3%) mentioned 1 topic, and 
1,686 (0.8%) did not belong to any topic. Those reviews that do not include any of the three topics mostly provide 
general evaluations such as “His is over all a very good dr. i have been going to him for over 20 years. I have no 
complaint”. 

Table 1 presents the three topics, words highly related to the topics, selected examples and the proportions. The words 
have high correlation with the corresponding topics are selected based on word-topic relatedness in Method (3). We 
replaced real physician names with X to preserve privacy. We kept the misspellings, grammatical errors and 
capitalization as they appeared in the original dataset.  
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Table 1. Coarse-grained topics. 

Topic Words Example Proportion 
Relationship listening, attentive, respectful, 

receptive, interrupt, hurry, 
rush, belittling, empathetic, 
unconcerned 

Dr. X is one of the nicest Dr's I've met here. He 
took the time to listen completely without 
interruption and he explained in a way and 
could understand. 

93.4% 

Clinical anemia, dangerously, remedy, 
beneficial, diagnoses, anti-
inflammatory, insightful, 
gallbladder, evaluation, 
recommendations 

I was initially upset because he wanted to do a 
lot of workup on my heartburn, but I am glad he 
did.  It turns out it was my heart and not acid 
reflux. Thank you! 

70.7% 

Management rescheduled, 8am, 
appointments, follow-ups, 
billing, insurance, 
understaffed, chaotic, expired, 
wednesday  

Once a patient it's becomes increasingly hard 
to get an appointment or seen in between the 
"follow-up" visits.  It's all about the dollar. 

37.9% 

 
To find the trigger of leaving positive/negative reviews, we made a comparison on the topic distribution of 5-star and 
1-star reviews as shown in Fig. 2. Both clinical and relationship related issues appeared slightly more in 5-star reviews 
than in 1-star reviews. However, management was discussed much less in 5-star reviews as compared to in 1-star 
reviews. Only around 20% of the 5-star reviews discussed management, while more than 60% of the 1-star reviews 
discussed management. The proportion of management related reviews in 1-star reviews and 5-star reviews is 
significantly different (p<0.05). 
 

 
Figure 2. Topic distribution in different ratings 

 
Fine-grained Aspect Analysis 

To extract the fine-grained aspects under each topic, we combined unsupervised word vector clustering and qualitative 
coding. We summarized our findings in Table 2-4. Since a review can include multiple topics and aspects, the review 
examples we put under one aspect can also be under several other aspects. Note that the sum of aspect proportion 
under a topic equals 1 because we assigned the normalized relatedness of each aspect to a review. 

There are four aspects identified under relationship: Patience, Communication, Respect and Compassion as shown in 
Table 2. Patience refers to whether physicians spend time with patients in person. Some patients felt being rushed 
during clinical encounters and were often ignored or interrupted. Communication refers to the quality of patient-
provider conversation. Patients commented on whether physicians listened to and addressed their questions. Respect 
refers to whether patients were treated in a respectful manner. For instance, some patients reported that their physicians 
were arrogant and abrasive. Compassion refers to the tenderness, compassion and sympathy toward patients. For 
example, some patients described their physicians as empathetic and sympathetic.  

Our cluster analysis shows that when patients talk about relationship-related aspects, they tend to write using more 
emotional terms and strong adjectives to express their dissatisfaction or compliment, such as “He is empathetic, 
sympathetic and very kind” in the example for Compassion and “Very arrogant and patronizing, also quite 
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inappropriate and rude at times” in the example for Respect. In addition, though we manually merged the clusters, 
some of the relationship-related aspects are not exclusive from each other. For instance, in the example for 
Communication, “He took time to listen to my concerns and cared about my issues” also reflects the patience and 
compassion of the doctor. Besides, we also found when talking about communication issues, patients are more likely 
to mention whether physicians listen to their concerns instead of whether the doctors express precisely, which echoes 
the importance of listening in doctor-patient communication as previous work suggested21. 

Table 2. Aspects under Relationship. 

Aspect Keywords Examples Proportion 
Patience hurry, rush, examines, 

forgets, interrupting, cuts, 
interrupts, intently, 
dismisses, patiently 

I have the up most respect for Dr. X.  She is 
kind, patient & her appointments are prompt.  
She answers all your questions & is not 
hurried. I believe she  schedules patients 30 
minutes apart.  1 visit with her is like multiple 
visits with an Urgent care doctor. 

30.0% 

Communication listening, addressing, 
dismiss, evaluate, 
brushed, voiced, hears, 
brush, receptive, express 

I really felt he had an excellent presence and 
extremely helpful. He took time to listen to my 
concerns and cared about my issues. I would 
highly recommend him to family/friends. 

25.0% 

Respect belittling, patronizing, 
sarcastic, smug, abrasive, 
unconcerned, 
unsympathetic, hostile, 
combative, argumentative 

Very arrogant and patronizing, also quite 
inappropriate and rude at times. Did not care 
to look for a resolution to my ailment. After 
two years of this my last interaction with him 
made me switch physicians. 

23.1% 

Compassion empathetic, thoughtful, 
respectful, approachable, 
considerate, insightful, 
informative, personable, 
conscientious, 
sympathetic 

Dr X truly makes you feel you are his only 
patient..He is empathetic sympathetic and very 
kind...Many days we have cried  together...God 
could not created a better human being to be a 
Dr to administer care for the sick...I am so 
grateful to be a patient 

21.9% 

For the topic clinical, five aspects were identified: Treatment, Diagnose, Medication, Personal Conditions and 
Professional skills, as shown in Table 3. Treatment refers to how physicians treat patients’ diseases. For instance, 
patients described the kinds of treatment plans and whether they turned out to be effective. Diagnose refers to the 
assessment and judgements of clinical symptoms. For example, patients described how the physicians diagnosed them 
and whether they have been misdiagnosed. Medication refers to the prescription and administration of medications. 
Patients listed the names or types of medications that they were prescribed such as anti-depressant and anti-
inflammatory. Personal conditions refer to patients’ personal health conditions, medical history and symptoms. 
Professional skills refer to physicians’ overall clinical competence. Patients generally used adjectives to describe their 
perceptions of the clinical competence of physicians. For example, they may describe a physician as “meticulous”, 
“well-informed” or “astute”. We observed that in clinical-related OPRs, the five aspects tend to be discussed 
collectively. For example, the following review, “39 year old male here. I have been dealing with occasional hip pain 
on and off for years. Dr. X did a physical exam and X-rays. I was diagnosed with bursitis and tendinitis. Some anti 
inflammatory meds  were prescribed which worked. This was good news since I really didn't want to pay for an mri 
or have surgery. I realize that not everyone may not be so lucky with their diagnosis. He spent a lot of time with me 
and yet I still feel like I was in and out. His staff was kind and courteous. I rarely write reviews but my experience was 
just too good to not mention”, first describes the whole procedure from providing personal medical history (occasional 
hip pain), being diagnosed (bursitis and tendinitis), and to being prescribed medications (anti-inflammatory). At the 
end, the review makes an evaluation of the doctor’s overall professional skills based on the previous procedures. 

 

 

 

 

549



  

Table 3. Aspects under Clinical.  

Aspect Keywords Examples Proportion 
Treatment possibilities, protocol, 

appropriately, prognosis, 
method, symptoms, remedy, 
pharmaceuticals, determining, 
effectively 

Dr. X diagnosed and effectively treated a very 
burdensome problem that many previous 
physicians could not help me with 

23.8% 

Diagnose diagnoses, conclusions, 
direction, prognosis, 
recommendations, findings, 
possibilities, assessments, 
evaluation, judgements 

Dr X did not listen to our needs. She was very 
full of herself.  misdiagnosed sinus infection as 
a virus. Had to go to another doctor to get 
treated. 
 

22.2% 

Medication anti-inflammatory, prednisone, 
inflammatory, anti-depressant, 
zoloft, depressants, toxic, 
temporary, topical, statins 

I went to her throughout my pregnancy.  She 
recommended antidepressants such as Zoloft 
which cause birth defects.  She had no idea of 
what she was doing.  Even the nurses that 
worked with her told me that I should switch 
doctors. 

19.2% 

Personal 
conditions 

pulmonary, ovarian, 
gallbladder, colon, cancerous, 
artery, lymph, cervical, fluid, 
blockage 

Definetely i do not recommend this dr. to 
nobody, I had my gallbladder removed last 
year and this surgery went bad. I had 
unexpected life threatening complications. She 
never took the time to figure out what she did 
wrong in the surgery. Result of this procedure 
i was admitted to hospital 5 and a half months 
. weeks of being intubated. i also have 
permanently health impairments. 

17.6% 

Professional 
skills 

diligent, insightful, intuitive, 
keen, astute, meticulous, 
forthright, realistic, well-
informed, precise 

Dr. X is thorough, insightful, kind and 
accurate.  He quickly diagnosed my case and 
proposed a plan and solutions.  I wish he were 
available as a primary care doctor--he is a top 
flight emergency  physician! 

17.2% 

We identified five aspects that fall under management: Timing and access, Bureaucracy, Finance and billing, Service 
issues and Staff and resources, as shown in Table 4. Timing and access refer to timely and easy access to healthcare 
services. For example, patients commented on their waiting time to be seen by doctors, and ease of scheduling and 
rescheduling appointments. Bureaucracy refers to the administrative rules and procedures during patients’ interaction 
with the healthcare organization. For instance, it may involve having a prescription verified and getting a signature or 
authorization from the office. Finance and billing refer to the financial components of healthcare services such as 
insurance, billing and payment. For example, users shared their experience of being overcharged or having difficulty 
in their billing processes. Service issues refer to hospital services provided for patients in their encounters. These 
include follow-ups and resolving issues. For example, a patient wrote that the billing code was entered incorrectly, 
and no one has followed up and resolved this problem. Staff and resources refer to whether the healthcare 
organization has adequate and well-trained staff and appropriate resources. Among the five aspects, timing and access, 
bureaucracy and finance and billing are mentioned most. We also noticed that management-related OPRs are 
significantly longer than relationship-related OPRs and clinical-related OPRs, which could be attributed to a more 
detailed description when talking about aspects under management.  

Table 4. Aspects under Management.  

Aspect Keywords Examples Proportion 
Timing and 
access 

noon, wednesday, tuesday, 
thursday, rescheduled, 8am, 
app, 10:30, notified, 
reminder 

Once a patient it’s becomes increasingly hard to get 
an appointment or seen in between the “follow-up” 
visits 

22.1% 
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Aspect Keywords Examples Proportion 
Bureaucracy verified, expired, insist, 

declined, processed, 
application, signature, 
issued, authorizations, 
approve 

can't get anyone to ever call me back for follow up 
and for help with getting prescriptions sent out or 
verified. 

21.9% 

Finance and 
billing 

charging, co-pays, cards, 
owed, 250, fees, payments, 
refund, agency, deductible 

HE IS EXCELLECT, JUST VERY UNAWARE THAT 
HIS STAFF IS CHARGING FULL ENGORGED 
OFFICE PRICES FOR CASH PAYMENTS, 
DESPITE INSURE COMPANIES ONLY PAY 
ABOUT A THIRD AND ITS ACCEPTABLE FOR 
THE INSURED!!!! 

21.2% 

Service 
issues 

processes, informs, speed, 
follow-ups, monitors, 
consultations, adjusts, 
receptive, conflicting, 
resolution 

Dr. X is a caring and problem solving doc. she 
always support and provides her best consultations 
at par. she and her nurse practitioner provides 
support even if we had left them a message and they  
phoned us back providing the refer and 
consultations. 

17.5% 

Staff and 
resources 

inefficient, unwelcoming, 
sloppy, untrained, 
understaffed, 
uncooperative, inattentive, 
clerical, chaotic, staff's 

Dr. X is professional, engaging and pleasant.  The 
receptionists and other low-level staff are, however, 
quite unprofessional.  They all need training on how 
they handle people and how to conduct  themselves 
in an office or she will lose patients based purely on 
her staff's behavior! 

17.3% 

Fig. 3 showed the distribution of different aspects mentioned in 1-star and 5-star reviews. Each topic-relevant review 
was assigned one aspect. Overall, a physician’s patience, compassion, professional skills, accurate diagnosis, 
effective treatment and good services are appreciated by patients in positive (5-star) reviews. In negative (1-star) 
reviews, patients often refer to their personal conditions and medication to contextualize their complaints, especially 
on lack of respect and bureaucratic processes. 

 
Figure 3. Aspect distribution in different topics and ratings 
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Discussion 

In this paper, we developed a novel computer-assisted qualitative coding methodology to mine coarse-grained topics 
and fine-grained aspects from consumer-generated OPR data. Through manual coding and supervised machine 
learning, we extracted three major topics from OPRs: management, clinical, and relationship. Through unsupervised 
word vector clustering and qualitative coding, we further identified fine-grained aspects such as timing and access, 
diagnosis, and communication. We compared their proportions in the reviews to further understand patients’ concerns 
with healthcare services.  
 
A general methodology for fine-grained analysis of consumer-generated texts. Free-text patient reviews are often 
mixtures of factual topics intertwined with personal feelings across multiple dimensions and granularities. To fully 
uncover the fine-grained semantics from texts, it is unrealistic to solely rely on unsupervised algorithms such as topic 
modeling or their semi-supervised variants that only take one round of human input. Instead, an interleaving of human 
coding and machine learning is essential to achieve nuanced understanding of these texts. This work introduces a 
novel analysis methodology that takes a divide-and-conquer approach: it first divides the content into coarse-grained 
topics, and then zooms in on each topic to locate fine-grained concerns. Human coding is amplified through supervised 
learning in the first stage and aided by unsupervised learning in the second stage. Together, the methodology 
effectively interleaves a small but essential amount of human effort with the large-scale processing capability of 
machine learning in a qualitative analysis task. This general methodology can be useful in a variety of scenarios where 
fine-grained analysis of consumer-generated texts is needed. 
Implications for healthcare service quality improvement. At the coarse-grained topic level, we found that relationship 
was discussed in 93.4% of the reviews, suggesting that patient-provider relationship is of high-priority for patients. In 
addition, we found that users discussed management-related topics much more often in 1-star reviews than in 5-star 
reviews. A hypothesis to explain this phenomenon is that poor management would greatly affect patients' experience 
with healthcare service, while good management is less noticeable and thus not frequently mentioned in favorable 
reviews. This finding echoes with previous work which suggests that “[...] 80-94 percent of the damage done by poor 
service quality is traceable to managerial actions or the system set up by management”22. Therefore, though 
management is not directly related to clinical performance, it could be the triggers for healthcare consumers to leave 
unfavorable reviews online. These findings also suggest that the inconsistency between online physician ratings and 
objective clinical performance could be in part due to the fact that they are evaluating very different aspects. Healthcare 
providers and government agencies should consider better ways of measuring healthcare consumers’ satisfaction with 
their services by gaining insights from consumer-generated online data and including more non-clinical related 
aspects. Through unsupervised word vector clustering and manual coding, we were able to identify fine-grained 
aspects that greatly complement OPR literature by providing a granular and richer description of healthcare 
consumers’ narratives on OPR websites, which further shed light on more substantial solutions to improve healthcare 
service quality. We found that consumer-generated OPR data encompass a wide range of healthcare service aspects, 
including timing and access, finance and billing, diagnoses, medication, and communication, etc. In management 
related reviews, timing and access, bureaucracy and finance and billing were mentioned more often than staff and 
resources and service issues. This indicates that healthcare consumers discussed more about whether they had timely 
and easy access to healthcare services and whether their interaction with the healthcare organization was smooth.  
Limitations and future work. First, we only studied one OPR website and the findings may not generalize to other 
OPR websites with different designs or target users. Second, we only included family physicians in this study. Patients 
may value different aspects of family physicians compared to other specialists such as surgeons and dentists. We plan 
to conduct cross-platform and cross-specialty comparisons in our future work.  
  
Conclusion 
We developed a novel computer-assisted qualitative coding method to mine multi-level patient concerns from a large-
scale heterogeneous OPR corpus. We identified coarse-grained topics (management, clinical, relationship) as well as 
fine-grained aspects (e.g., bureaucracy, diagnosis, communication) which provide more granular and richer 
information of patients’ evaluation of healthcare quality online. Our results complement previous OPR research by 
contributing the multi-level patient concerns and the novel method for mining large-scale heterogeneous consumer-
generated texts.  
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Abstract 

A longstanding issue with knowledge bases that discuss drug-drug interactions (DDIs) is that they are inconsistent 
with one another. Computerized support might help experts be more objective in assessing DDI evidence. A 
requirement for such systems is accurate automatic classification of evidence types. In this pilot study, we developed 
a hierarchical classifier to classify clinical DDI studies into formally defined evidence types. The area under the ROC 
curve for sub-classifiers in the ensemble ranged from 0.78 to 0.87. The entire system achieved an F1 of 0.83 and 0.63 
on two held-out datasets, the latter consisting focused on completely novel drugs from what the system was trained 
on. The results suggest that it is feasible to accurately automate the classification of a sub-set of DDI evidence types 
and that the hierarchical approach shows promise. Future work will test more advanced feature engineering 
techniques while expanding the system to classify a more complex set of evidence types. 
Introduction 

Identifying drug combinations that could result in a clinically meaningful alteration to patient safety or therapeutic 
efficacy is an important patient care activity, especially given that clinicians are known to have incomplete knowledge 
about drug-drug interactions (DDIs)1,2. Computerized alerting systems can help clinicians by providing relevant 
reference information and suggestions, intelligently filtered and presented at appropriate times3. Unfortunately, the 
knowledge bases underlying these systems have long been known to be incomplete and inconsistent with one another. 
For example, a recent study by Fung et al. found that only 5% of 8.6 million unique interacting drug pairs were present 
in all 3 of the knowledge bases they included in the study4. 

We refer to individuals who maintain knowledge bases used by clinicians for DDI clinical decision support as 
compendium editors. In our prior work, we established that the workflow of compendium editors generally involves 
topic identification, evidence search, evidence synthesis, and generating recommendations5. Focusing on the evidence 
synthesis step, compendium editors tend to evaluate evidence informally, with no dedicated support from information 
tools such as reference management software or databases. Although there exist systematic approaches to evaluate a 
collection of evidence relevant to establishing DDIs6,7, compendium editors generally reported using heuristic and 
subjective approaches to determine when sufficient evidence had been gathered to make a recommendation. Variation 
in evidence assessment suggests a potentially important factor underlying the lack of agreement that exists among 
different DDI knowledge base.  

Evaluating study design is a critical component of evidence synthesis that can present challenges because the nuances 
of flawed studies are not always obvious. We previously reported on an experiment that found inter-rater agreement 
on evidence sufficiency among compendia editors to be poor8. Among the possible explanations for the finding is that 
experts tend to be subjective when assessing an evidence item’s type and study design. The degree of subjectivity 
might be related to an expert’s experience and knowledge of specific in vitro and in vivo pharmacology research 
methods.  

We think that a particularly promising future research direction would be computerized support to help experts be 
more efficient and objective in assessing DDI evidence from biomedical literature. In this pilot study, we tested the 
feasibility of using machine learning to classify clinical DDI studies into the formally defined evidence types present 
in the DIDEO- the potential Drug-drug Interaction and potential Drug-drug Interaction Evidence Ontology9. The goal 
was to determine the feasibility of accurate automatic classification of study evidence types that could form the basis 
of a more efficient and objective approach to DDI evidence synthesis. 
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Methods 

The DIDEO ontology is a foundational domain representation that contains 44 evidence types used in in vitro and in 
vivo pharmacokinetic DDI research10. DIDEO specifies the necessary and sufficient conditions for each evidence type 
using terms either defined in DIDEO or imported from other formal ontologies11.  We set out to test machine learning 
classifiers that predict seven of the 44 specific types of DDI evidence being reported in a DDI paper (blue boxes in 
Figure 1). These seven evidence types were chosen because they are commonly used in in vivo study designs that we 
thought would be useful for showing proof-of-concept and identifying requirements for a larger scale study. During 
the development of the training corpus for this study, we found a need to create additional evidence types. For example, 
for those papers that were annotated as Pharmacokinetic (PK) Trial at the second level but were neither Genotype PK 
trial nor Phenotype PK trial at the third level, we labeled them as “non-polymorphic enzyme/transport PK Trial” which 
provides a novel alternative evidence type at the second level. Figure 1 also shows the novel evidence types that we 
added (in orange) and the number of papers in each category in our training set. 

 
Figure 1. Evidence types hierarchy that was used in the classification system. The blue boxes represent the portion 
of DIDEO’s evidence type hierarchy that we used in this study. The orange boxes were added to cover the full range 
of evidence types identified in the training corpus. Numbers of papers in the training set for each category are shown 
below each box. 

The machine learning approach tested in this pilot study was an ensemble of hierarchical classifiers. This was chosen 
based on the observation that there exist multiple logical distinctions between the evidence types. For example, 
participant randomization is the major distinction between a Randomized DDI Clinical Trial and the two Non-
Randomized DDI Clinical Trial types. Similarly, genetic genotyping distinguishes the two polymorphic 
enzyme/transport PK trial types. The hierarchical approach is a combination of five sub-classifiers—each of which 
was designed as a binary classifier that distinguished a specific pair of evidence types using models that operates at 
each level of the hierarchy. Our intuition was that each model in the hierarchical ensemble would pick up on the 
primary distinguishing features better than a single model that forms the non-hierarchical approach.  

The implementation of the classification system consisted of four main steps which are shown in Figure 2 and 
described further below. 

 
Figure 2. Implementation steps used in this study to build a hierarchical evidence type classification system.  
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Prepare data 

The training dataset for this study contained 214 unique papers about DDIs that were systematically collected by DDI 
experts during  previous knowledge representation research involving 65 drugs12–14. The papers were manually 
annotated to assign evidence type labels from the DIDEO ontology using an annotation guideline15. One investigator 
(RB) was the primary annotator with a second (BS) independently annotating one-third of the dataset for quality 
assurance. The developer of the classification system (LH) also observed the annotation process in order to identify 
relevant text that could be used for training the classifier. The annotation process was repeated to add two additional 
data sets that were used for “hold out” testing of the classifiers.  One data set contained 32 DDI studies involving the 
same 65 drugs as for the training set. The other data set contained 94 papers identified using the same search strategy 
used for the other two datasets but focusing on drugs other than the 65 that were the focus of prior research. More 
details about the search and screening strategies used to construct all three datasets can be found in a written protocol 
available on the project’s github15. 

In the preprocessing step, we automatically collected the papers’ metadata, including titles, abstracts and PubMed 
publication types through the PubMed API16. We also manually collected full-text PDFs of these papers and converted 
them to plain text using the PDFMiner Python library17. For PDFs that were scanned images, we manually copied text 
from the PDFs and saved as plain text. We then standardized the plain text files by converting the text into lowercase 
and removing English stop words from the Natural Language Toolkit (NLTK) library version 3.4.518 run on Python 
version 3.7.  

The features extracted from the papers included stemmed unigrams taken from the titles, abstracts, and the Methods 
sections of the papers. The Methods sections were included based on our observation during the annotation process 
that the section often contained information needed to determine the DDI evidence type that was not present in the 
title or abstract. Stemming was applied based on our observation that many words that experts use to distinguish 
evidence types have the same roots (e.g. genotyped, genotyping and genotype) and should not be treated by the 
classification system as different features. In order to avoid overfitting, we used MetaMap19 to remove all of the drug 
and enzyme names from the text as well as regular expression to eliminate numeric strings, including numbers tied 
with measurement units. After the final feature engineering process, our feature space contained 11325 features for 
the 214 instances, corresponding to the 214 papers in our training set. 

Develop the classification system 

In the hierarchical classification system, a DDI clinical paper (one input instance) would be passed through a series 
of sub-classifiers until the paper reaches the lowest level of the evidence type hierarchy and is predicted with a specific 
evidence type. Corresponding to the hierarchy of evidence types shown in Figure 1, our final hierarchical classification 
system was a combination of five sub-classifiers, each designed as a binary classifier that distinguished a specific pair 
of evidence types, hierarchically divided into three levels (Figure 3). Each sub-classifier was trained using the support 
vector machine (SVM) algorithm (linear kernel, class weight balance applied).   

In order to prevent over-estimation of the classification system’s accuracy, we used cross-validation (5 folds) to 
randomly split the train and test sets to develop the sub-classifiers. More specifically, in each cross-validation iteration, 
data was randomly split into a training set and a testing set. All papers in the training dataset were used to train and 
test the top-level sub-classifier. A subset of the training set from the top-level classifier was passed down to and used 
to train the next lower level sub-classifiers following a particular path in the hierarchy. Similarly, a subset of the testing 
set from the top classifier was used to test the next level sub-classifiers. This process was repeated until the sub-
classifiers at the lowest level were trained and tested. 

Evaluation of the classification system 

Precision, recall, balanced F measure (F1), and the area under the receiver operating characteristic curve (AUC ROC) 
were used to evaluate the classification performance during training. These metrics were calculated based on the 
predictions of each sub-classifier at each level against the actual labels of the papers at the same level. The four metrics 
were calculated for each sub-classifier for each cross-validation iteration. We then calculated the average of each 
metric, by dividing their sum by the number of cross-validation iterations (five). To take into account the hierarchical 
classifier structure, we supplemented these metrics with hierarchical precision, hierarchical recall, and F1 metrics for 
hierarchical classification systems20. We describe this in more detail in the next paragraph. The weighted average of 
the hierarchical classifier was calculated by dividing the sum of the hierarchical metrics by the number of cross 
validation (5 of them). After training the hierarchical classifier, we evaluated its performance on the two held-out 
datasets mentioned above.  
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The hierarchical metrics aggregate the predictions of all sub-classifiers for every single data point into their formula20. 
For example, suppose that an instance is classified into the label “Non RCT non parallel DDI Clinical trial” while it 
really belongs to label “Non RCT parallel DDI Clinical trial” (Figure 1). To calculate our hierarchical measure, we 
extend the set of real labels: {Actual	Label}	=	{“Non	RCT	parallel	DDI	Clinical	Trial”} with all its ancestors: {Actual	
Labels}’ = {“Non	RCT	parallel	DDI	Clinical	Trial”,	“Non	RCT	DDI	Clinical	Trial,	“DDI	Clinical	Trial”}. We also 
extend the set of predicted labels: {Predicted	Label}	=	{“Non	RCT	non	parallel	DDI	Clinical	Trial”} with all its 
ancestors: {Predicted	Label}’	=	{“Non	RCT	non	parallel	DDI	Clinical	Trial”,	“Non	RCT	DDI	Clinical	Trial,	“DDI	
Clinical	Trial”}. Then, the hierarchical precision (hP), recall (hR) and F1 (hF) score were calculated based on the 
extended label sets as following: 

hP = {@ABCDE	FDGHEI}
J∩	{LMHNOABHN	FDGHEI}P

{LMHNOABHN	FDGHEI}P
   hR = {@ABCDE	FDGHEI}

J∩	{LMHNOABHN	FDGHEI}P
{@ABCDE	FDGHEI}P

 

 

hF = QR
S	TUV.XL	.XY
(RS	.XLTXY)

	 (𝛽 = 1	𝑔𝑖𝑣𝑖𝑛𝑔	𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑎𝑛𝑑	𝑟𝑒𝑐𝑎𝑙𝑙	𝑒𝑞𝑢𝑎𝑙	𝑤𝑒𝑖𝑔ℎ𝑡𝑠) 

According to these formulas, the number of correctly assigned labels for this instance from the extended set would be 
the union of the actual labels and the predicted labels, which is 2, instead of 0. This approach reduces the penalty for 
misclassification when the predicted label is “near” the actual label in the hierarchy. 

  
Figure 3. Design of the hierarchical classifier. 

Error Analysis 

We obtained insight into the classification system’s behavior by examining the most informative features (unigrams) 
that were associated with each evidence type as ranked by a Pearson’s Chi-squared statistical test. We also looked at 
the papers that were given wrong predictions by the hierarchical classification system on the held-out datasets and 
analyzed the papers’ titles, abstracts and Method sections in order to identify the possible reasons for the wrong 
predictions.   
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Results 

Classification Performance 

Table 1 reports the sub-classifiers’ prediction performance on the training dataset. Table 2 shows the performance of 
the hierarchical classifier with the two held-out testing datasets.  

Table 1. Hierarchical classification system performance on the training dataset. Shown is the performance of each 
individual classifier at each level in the evidence hierarchy from Figure 1. 

Level Sub-classifier 

Average 
AUC ROC 

(over 5 
folds) 

Average 
Precision 

(over 5 
folds) 

Average 
Recall  
(over 5 
folds) 

Average 
F1 (over 5 

folds) 

1 DDI Clinical Trial vs. Pharmacokinetic 
Trial 0.79 0.87 0.87 0.86 

2 Randomized DDI Clinical Trial vs. Non-
randomized DDI Clinical Trial 0.87 0.89 0.88 0.87 

2 
Polymorphic enzyme/transport PK Trial vs. 

Non-polymorphic enzyme/transport PK 
Trial 

0.78 0.79 0.77 0.77 

3 
Non-randomized parallel DDI Clinical Trial 

vs. Non-randomized non-parallel DDI 
Clinical Trial 

0.78 0.87 0.85 0.85 

3 Genotyped PK Trial vs.  
Phenotype PK Trial 0.78 0.92 0.88 0.87 

 

Table 2. Classification performance of the hierarchical classifier on the two held-out datasets. 

Dataset 
Hierarchical classifier 

Hierarchical 
Precision 

Hierarchical 
Recall 

Hierarchical 
F1-score 

Performance on the held-out 32 papers about the same 
drugs as in the training set 0.8 0.86 0.83 

Performance on the held-out 94 papers about entirely 
different drugs than in the training set 0.81 0.51 0.63 

 

Error Analysis  

We printed out the most informative features (unigrams) associated with each evidence type, ranked by Chi-square 
scores. We found that evidence types that have terms strongly associated with them are easier to predict. For example, 
“Randomized DDI clinical trial” has terms related to this study design, including “random”, “double”, “blind”, while 
“Genotyped PK Trial” has terms related to drug metabolism and excretion, including “genotype” and 
“polymorphism”.  

Another observation is that certain unigrams are highly correlated with some of the evidence types but not others, 
based on their Chi-square score ranking. For example, the “random” unigram and its variants (e.g. randomis, 
nonrandom) were given higher Chi-square scores and thus is more highly relevance ranked for RCT DDI Clinical 
Trial than any other types. In contrast, while the “genotyp” unigram was ranked as the most important unigram for 
Genotyped PK Trial evidence, it was ranked as less important for the others. Similarly, the “phenotyp” unigram is one 
of the top relevant unigrams for Phenotype PK Trial but not for Genotyped PK Trial. Table 3 shows the list of study 
design-associated features and their corresponding ranks in each evidence type.  
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Table 3. Examples of the common unigrams between different evidence types and their rankings. 

 

Table 4. Examples of incorrect predictions of the hierarchical classifier on the held-out 32 papers. 

Example 
Actual 

evidence 
type 

Predicted 
evidence type Sample  text from the paper 

1 
Non RCT 
parallel DDI 
Trial 

Non RCT non 
parallel DDI 
Trial 

Title: “Almorexant effects on CYP3A4 activity studied by its 
simultaneous and time-separated administration with 
simvastatin and atorvastatin.” 

Abstract: “…To characterise further the previously observed 
cytochrome P450 3A4 (CYP3A4) interaction of the dual orexin 
receptor antagonist almorexant. Pharmacokinetic interactions 
were investigated (n_=_14 healthy male subjects in two 
treatment groups) between almorexant at steady-state when 
administered either concomitantly…” 

2 

Non 
polymorphic 
enzyme 
transport PK 
Trial 

RCT DDI Trial 

Title: “Population pharmacokinetics and pharmacodynamics of 
rivaroxaban--an oral, direct factor Xa inhibitor--in patients 
undergoing major orthopaedic surgery.” 

Abstract: “…This analysis was performed to characterize the 
population pharmacokinetics and pharmacodynamics of 
rivaroxaban in patients participating in two phase II, double-
blind, randomized, active-comparator-controlled studies of 
twice-daily rivaroxaban for the prevention of venous 
thromboembolism after total hip- or knee-replacement 
surgery…” 

 

We also conducted an error analysis of incorrect predictions on the held-out 32 papers. Two examples are shown in 
Table 4. We found that the unigram features are not sufficient to assist the hierarchical classifier in making correct 
predictions in some cases where the study designs should be determined based on the whole context rather than single 

Ancestor 
evidence type Evidence type Examples of features and their ranks 

(unigrams in stemmed format) 

 

 

DDI Clinical 
Trial 

Randomized DDI 

Clinical Trial 
placebo (rank 7),  crossov (rank 24), random (rank 26), doubl 
(rank 61),  blind (rank 64), pharmacokinet (rank 1149) 

Non-randomized (non-
parallel) DDI Clinical Trial 

placebo (rank 26), random (rank 84), blind (153), doubl (rank 
317), crossov (rank 807), pharmacokinet (rank 3807) 

Non-randomized 

parallel DDI Clinical Trial 
crossov (rank 166), placebo (rank 579), blind (847), doubl 
(rank 1670), random (rank 3898), pharmacokinet (rank 7518) 

PK Trial 

Non-polymorphic 

enzyme/Transport PK 

Trial 

genotype (rank 84), phenotyp (rank 389), pharmacokinet (rank 
580) 

Genotyped PK Trial genotype (rank 1), pharmacokinet (rank 398),  phenotyp (rank 
1218) 

Phenotype PK Trial phenotyp (rank 49), pharmacokinet (rank 93), genotype (rank 
1394) 
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words. For example, in the first example of Table 4, the actual label is “Non RCT parallel group DDI trial”, however, 
there are no mentions of “parallel” in the text. Instead, the authors described the parallel design differently by using 
phrases such as “simultaneous and time-separated administration” and “in two treatment groups”. In the second 
example in Table 4, the classifier’s incorrect prediction of “RCT DDI Trial” was likely caused by the “doubl”, “blind” 
and “random” unigrams which are among the most informative features for the RCT DDI Trial evidence type. 
However, in this case, they occur in the context of describing a population pharmacokinetics study rather than a DDI 
study.  

Discussion 

The results suggest that it is feasible to accurately automate the classification of a sub-set of DDI evidence types. They 
also suggest that the hierarchical ensemble approach we tested based on the DIDEO evidence is a promising approach 
to build upon in future work. To our knowledge, this is the first study to test a hierarchical approach for classifying 
DDI clinical studies into highly specific evidence types. A 2020 study on extracting evidence of drug repurposing 
classified studies into more basic evidence types such as “Pre-clinical” (F1 = 0.96), “Clinical observational study” (F1 
= 0.84), and “Clinical trial” (F1 = 0.80)21. Compared to that study, we target a more detailed set of evidence types. 
While further work will be necessary to improve the NLP performance and expand the classifiers to in vitro evidence 
types, this study is an important step towards more sophisticated computer support for DDI evidence synthesis.  

Using existing knowledge about DDI evidence provided by the ontology was beneficial in several ways. First, the 
annotation process allowed us to identify evidence types that do not exist in the current ontology, resulting in novel 
evidence types that we plan to contribute to the ontology. Second, the ontology suggests an efficient design for the 
hierarchical classification system. Machine learning classifiers depend extensively on training data. Using the 
hierarchical structure of the evidence types suggested by the ontology helps to reduce the quantity of papers needed 
to train the classifiers successfully (especially in our case where the dataset is quite small to start with). This two-way 
feedback contributes to both the machine learning classifier development and can inform further development of the 
ontology. In future work, we plan to rigorously compare the performance of our hierarchical approach with alternative 
approaches to multi-class labeling. 

The performance of the hierarchical classifier on two different held-out datasets did raise some possible concerns. 
While the precision scores are comparable between the two held-out datasets, recall and F1 on the second held-out set 
(different drugs) decrease significantly compared with the first held-out set (the same drugs as used in the training 
data). This result could be interpreted as: with “unseen” data (new drugs, different language and contexts), the 
hierarchical classifier did a good job picking up true positives but also produced a high number of false negatives. 
This could be an indication that the current features generated from the training set might favor some evidence type 
labels over others. In future work we plan to test if this is an issue with the classifier, feature engineering techniques, 
or both.  

The error analysis results suggest improvements for the classification system in the future. We think that more 
sophisticated representation of key entities such as drugs and enzymes might be useful as features to enhance the 
prediction performance. In this pilot study, we implemented a preprocessing approach using Metamap and regular 
expressions to remove all of the drug entities and numeric strings from the text, which helped us to avoid potential 
overfitting problems. However, one of the strong textual indications to distinguish genotyped papers from phenotype 
papers is mention of genes or enzymes (like CYP2B6 or CYP2C19) along with certain symbolic/numeric strings. 
However, when we tested keeping these drug-related features as unigrams, we observed significant overfitting. More 
advanced methods such as term embedding (e.g., word2vec22) might overcome these issues by de-emphasizing term 
syntax and increasing the emphasis on term context. Also, we think that relationships between the drug entities should 
also be taken into account, such as information about which drugs play object vs. precipitant roles in the interactions. 
We learned from this study that evidence type associated words/phrases are important but that contextual features 
would be helpful to more accurately classify complex edge cases. 

Our study has several potential limitations. The training and held out datasets were relatively small. To overcome this 
problem, we need to obtain and have experts annotate more data. Alternately, a computational approach to increasing 
the annotated data would be to semi-automatically collect and label the data using techniques such as rule-based distant 
supervision23. Another limitation is that our implementation used all features (unigrams) to train all of the sub-
classifiers regardless of which labels they were predicting. In the future, developing different feature selection 
strategies tailored to different sub-classifiers could be helpful, because in the error analysis, we found that some 
specific words and phrases (especially the ones indicating study design) are more important for some labels than 
others. 
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Conclusion  

We combined machine learning and knowledge representation in a pilot experiment classifying evidence types of 
from the DDI literature. Drawing on an existing ontology of evidence types, DIDEO, we built a hierarchical classifier, 
which combined a series of sub-classifiers to categorize a DDI study’s evidence type. In the future, such an automatic 
classification system could be a key component of a computerized system to help experts be more efficient and 
objective in DDI evidence assessment, ultimately assisting drug experts as they assess evidence items. Other 
promising applications of the technology would be to support automatic identification of new clinical DDI papers, 
and to help extend the DIDEO ontology to new evidence sub-types.  
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ATTENDEE TAKE-AWAY 

This presentation will help attendees better understand the competing interests caregivers 

have, how this can negatively affect patient record quality, and how that effect can be 

measured using data science techniques. 

ABSTRACT  

Clinicians from different care settings can distort the problem list from conveying a 

patient’s actual health status, affecting quality and patient safety. To measure this effect, 

a reference standard was built to derive a problem-list based model. Real-world problem 

lists were used to derive an ideal categorization cutoff score. The model was tested against 

patient records to categorize problem lists as either having longitudinal inconsistencies or 

not. The model was able to successfully categorize these events with ~87% accuracy, ~83% 

sensitivity, and ~89% specificity. This new model can be used to quantify intervention 

effects, can be reported in problem list studies, and can be used to measure problem list 

changes based on policy, workflow, or system changes. 

INTRODUCTION 

Clinician under-utilization of the electronic problem list is a long-recognized issue, with 

many potential causes, such as the time burden required to maintain such records1, 2, the 

lack of financial incentive 3, 4, and a lack of personal benefit for maintaining the record5-10. 

Many estimates put the problem list’s accuracy at only 50%11-13. Such low-quality medical 

records have the possibility of leading to patient harm14, which is why it is crucial to 

understand the root causes of poor problem-list usage in more detail. These studies have 

proposed some reasons why the problem list is inaccurate and underutilized.  Our prior 

research15 suggests that competing clinician interests may also be contributing to 

longitudinal inconsistencies. Literature searches provided neither prevalence of this type 

of issue nor of commonly reported metrics for this type of scenario. 

Typical problem list metrics include the average number of problems on a patient’s 

problem list, the time the clinician takes entering or maintaining the list, completeness of 

the problem list, how clinicians feel about problem list usage16,17, and how often a clinical 

decision support system (CDSS) alert was accepted or ignored based loosely on problem 

list data18. None of these measure the issue of unjustified modifications to the problem list 

caused by competing clinician interests. A new model was developed to measure what we 

refer to as Tension, or a loss of fidelity on a patient’s problem list due solely to caregiver 

preferences and not because of medical necessity. An example of Tension is when a 

clinician marks a problem as “inactive” simply to remove it from the problem list because 

it is not perceived as relevant to the clinician’s current encounter with the patient.” 
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MATERIALS AND METHODS 

To develop a model to measure Tension, the methodology that is illustrated by Kirshner19 

and van Walraven20,21 was followed and validated using insights from Kelly22 (see Figure 

1).  The methodology includes establishing validity, building a reference standard, building 

a scoring matrix, building and training a model, and testing the model. 

Establishing Validity 

The first step was to achieve face validity: do a group of experts understand the issue being 

described, do they agree that it is an issue, and do they agree with the plan to measure it? 

A group of 13 clinicians from Intermountain Healthcare (IH), the Salt Lake City Veterans 

Affairs Hospital, and the University of Utah Healthcare system met to discuss 

sociotechnical clinical information system issues (Figure 1, box A). The scenario was 

explained, and they agreed it was an issue they have observed but were uncertain how to 

measure it. As a result, this group decided to build a survey to send to other clinicians. 

The survey aimed to identify scenarios that would need to arise in a problem list before 

clinicians felt it exhibited Tension. Each of the following problem types available in the 

Figure 1. Research Design Process 
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legacy IH electronic medical record (EMR) system was listed. The IH data warehouse uses 

a single longitudinal problem list per patient and does not have a separate inpatient or 

billing problem list. (Figure 1, box B). 

Two problem states were defined: T1 represents the state of the problem at the previous 

encounter with the outpatient clinician; T2 represents the state of that problem at the next 

encounter with an outpatient clinician (Figure 2). Responses from a RedCap survey23 

(Figure 1, box C) scored how likely the problem state change indicated Tension, using a 

Likert scale of 1-7. 

 

Figure 2. Example problem lists at initial (T1) and subsequent (T2) encounters. Status changes are highlighted in T2 
and may reflect Tension. Clinicians used these side-by-side lists to identify the presence or absence of Tension. 

Build a Reference Standard 

The survey results were used to determine which patterns the clinicians felt were most 

likely to result in Tension.  Based on the survey results, 201 problem lists in the IH 

electronic data warehouse (EDW) with these patterns of Tension (Table 2) were identified 

(Figure 1, box D). Those problem lists were scored by a new group of three clinicians who 

identified lists with Tension (Figure 1, box E) (0 = no Tension; 1 = Tension) (Figure 2). 

Sample size calculation 

Reliability is demonstrated with test characteristics (sensitivity, specificity, the area under 

the curve, and receiver operating characteristic curve), reported with 95% confidence 

intervals.  The sample size was calculated based on precision, that is, a sample large enough 

to provide a satisfactorily narrow confidence interval24,25 to predict the needed dataset to 

hone and test our model. 

Using the precision method for calculating sample size the standard 5% was used as the 

margin of error, and 49,813 as the patient population (discussed in “Inclusion and 

Exclusion,” below). Since it was uncertain how the scoring clinicians would score the 

problem lists, a conservative response distribution of 50% was used, which lowered the 

confidence level to 85% and resulted in a sample size of 201. 

The sample-set was split into two-thirds for a training set (n = 134) and one-third for a test 

set (n = 67) using a proportional stratified sample of one-third without Tension, one-third 

with questionable Tension, and one-third with obvious Tension. It was anticipated that the 

expert chart reviewer would identify one-half of these with Tension, so n = 33 Tension on 

the reference standard and n = 34 without Tension on the reference standard.  It was 
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assumed that both the sensitivity and specificity of 70% could be achieved (23/33 = 

70%).  A Wilson 95% confidence interval would then be (53%, 83%).  This is considered 

narrow enough for the sensitivity and specificity estimates to be sufficiently precise. 

Inclusion and exclusion criteria 

The data for the reference standard came from historical IH problem list data in the EDW.  

To be included, a patient had to have at least five problems on the problem list, as well as 

two encounters: the first in an outpatient setting, the second in an inpatient or ED setting. 

The problem list also needed at least one of the Tension scenarios identified in the final 

scoring scheme. The 23 survey respondents gave insight into what the polled clinicians felt 

would indicate Tension (Table 1). 

Table 1. Survey Results from clinicians, sorted by the mean value. Scores in the 1-7 columns are the percentage of total 

respondents who made that selection. 
Type T1 T2 1 2 3 4 5 6 7 Mean Mode Skewness 

Diagnosis Active Error 9.09 0 9.09 9.09 13.63 22.72 36.36 5.318 7 -1.052 

Diagnosis Active Resolved 0 9.09 4.54 13.63 27.27 9.09 36.36 5.318 7 -0.591 

Diagnosis Active Inactive 4.54 18.18 4.54 36.36 13.63 4.54 18.18 4.227 4 0.104 

Soc./Fam Hx Active Resolved 0 22.72 22.72 18.18 9.09 18.18 9.09 4.054 4 0.341 

Soc./Fam Hx Active Error 0 22.72 18.18 22.72 9.09 13.63 13.63 4.033 4 0.339 

Soc./Fam Hx Active Inactive 4.54 27.27 18.18 13.63 9.09 18.18 9.09 3.863 2 0.293 

Diagnosis Inactive Error 4.54 18.18 27.27 22.72 13.63 0 13.63 3.772 3 0.608 

Diagnosis Error Active 18.18 13.63 22.72 18.18 9.09 9.09 9.09 3.5 3 0.364 

Diagnosis Inactive Resolved 4.54 31.81 22.72 18.18 13.63 0 9.09 3.409 2 0.816 

Soc./Fam Hx Error Active 13.63 27.27 22.72 13.63 13.63 4.54 4.54 3.181 2 0.612 

Diagnosis Resolved Error 13.63 45.45 9.09 13.63 4.54 4.54 9.09 3 2 1.057 

Diagnosis Inactive Active 13.63 27.27 27.27 22.72 9.09 0 0 2.863 3 0.098 

Soc./Fam Hx Inactive Active 13.63 36.36 18.18 22.72 4.54 0 4.54 2.863 2 0.997 

Soc./Fam Hx Resolved Error 4.54 54.54 18.18 4.54 13.63 0 4.54 2.863 2 1.375 

Soc./Fam Hx Inactive Resolved 13.63 36.36 22.72 18.18 4.54 0 4.54 2.818 2 1.116 

Soc./Fam Hx Resolved Active 22.72 31.81 13.63 13.63 13.63 0 4.54 2.818 2 0.815 

Diagnosis Resolved Active 22.72 31.81 13.63 18.18 9.09 0 4.54 2.772 2 0.877 

Soc./Fam Hx Inactive Error 9.09 50 13.63 18.18 4.54 0 4.54 2.772 2 1.347 

Soc./Fam Hx Error Inactive 18.18 45.45 13.63 4.54 13.63 0 4.54 2.681 2 1.2 

Diagnosis Error Inactive 27.27 31.81 22.72 4.54 4.54 4.54 4.54 2.59 2 1.263 

Soc./Fam Hx Resolved Inactive 22.72 50 9.09 4.54 9.09 0 4.54 2.454 2 1.544 

Soc./Fam Hx Error Resolved 22.72 50 9.09 4.54 9.09 0 4.54 2.454 2 1.544 

Diagnosis Error Resolved 40.9 31.81 9.09 4.54 4.54 4.54 4.54 2.318 1 1.414 

Diagnosis Resolved Inactive 36.36 36.36 13.63 4.54 4.54 0 4.54 2.227 1 1.722 

Using the scored patterns, a proportional stratified sample was built from the population of 

49,813 patient problem lists.  This was done by identifying relevant problem list 

characteristics (chronicity, problem type, problem status in both the encounters), and then 

stratifying the pool into three non-overlapping subsets based on whether the problem list 

showed no Tension (low ranked patterns), questionable Tension (medium ranked patterns), 

or obvious Tension (top-ranked patterns). Samples were randomly pulled from each of the 

strata until there was a pool of 201 patient problem lists. 

Internal Consistency and Construct Validity Testing 

Scoring 201 problem lists is a time-consuming task for a clinician. There was concern that 
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the latter scored lists may be less reliably scored than those at the start due to fatigue. To 

control for this, each clinician received their 201 lists in random order. Eight duplicate 

problem lists were introduced that served as a repeated measure, to determine whether the 

clinician would score these consistently, acting as their own control. Using the known 

group method, three problem lists that had no status changes were also added, which 

should, therefore, receive a score of 0. This was to test whether the clinician had correctly 

understood the instructions for the task, to strengthen the construct validity. These 

additional control lists brought the total problem lists to 212; only the original 201 lists 

were later scored for patterns. 

Build and Hone the Model 

The clinician’s task was to mark each list with a “1” if they concluded the problem list 

might have Tension, or a “0” if it did not. After reading each clinician the same introductory 

paragraph describing Tension, we let them decide on their own how that concept would 

manifest itself in these lists.  Clinicians were blinded to each other’s responses. The results 

are presented in the Discussion section below. 

Two-thirds of the reference standard data was taken at random (Figure 1, box F). Of the 

problem lists that received a score of “1”, the problem type, chronicity, and status change 

combinations were recorded. Those patterns were subdivided into 3 groups: (1) all 3 

clinicians thought the list was in Tension; (2) 2 clinicians indicated Tension; and (3) a 

single clinician thought the list was in Tension (Table 2) (Figure 1, box G). 

Table 2. Count of discrete problem attributes scored by clinicians to denote Tension. 

All 3 clinicians agree the list was in Tension. 

Chronicity Problem type T1 Status T2 status Frequency 

Chronic Diagnosis Active Error 20 

Acute Diagnosis Active Error 4 

2 clinicians agree the list was in Tension. 

Chronicity Problem type T1 Status T2 status Frequency 

Acute Diagnosis Active Error 14 

Chronic Diagnosis Active Resolved 11 

Chronic Diagnosis Active Inactive 4 

Chronic Diagnosis Active Error 4 

Acute Diagnosis Resolved Active 2 

A single clinician thinks the list was in Tension. 

Chronicity Problem type T1 Status T2 status Frequency 

Acute Diagnosis Active Resolved 10 

Chronic Diagnosis Resolved Active 9 

Acute Diagnosis Resolved Active 7 

Chronic Diagnosis Active Inactive 6 

Chronic Diagnosis Active Error 6 

Acute Diagnosis Active Inactive 4 

To calculate the cutoff score a ROC was built (Figure 1, box H). The ROC identifies the 

threshold value that maximizes both the sensitivity and specificity simultaneously; this 

allows quantification of the accuracy of the model’s ability to discriminate between a list 

in Tension or not in Tension (Figure 1, box I). 
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After the model was trained on 2/3 of the reference standard data and an ideal cutoff score 

was determined, the testing phase began. The scoring matrix and cutoff score were applied 

to the final 1/3 of the reference standard lists (Figure 1, box J), classifying each problem 

list as being in Tension or not (Figure 1, box K). The results from the new model were 

compared to what the clinicians built in the reference standard to see how well the model 

was able to classify a problem list as having Tension. Those results were quantified using 

sensitivity and specificity (Figure 1, box L) and graphed to see how well the model was 

able to classify a list as being in Tension or not (Figure 1, box M). 

RESULTS 
Establish Validity 

Forty-five outpatient clinicians from IH were chosen to take the survey due to their high 

level of interest in problem lists; 23 responded, with a response rate of 51%.  The scores 

from the survey were tallied and ordered according to the mean, mode, and skewness in 

Table 1. Only five combinations had a median Likert value of 4 or higher. 

Build a Reference Standard 

The example in Figure 2 shows a list with definite Tension, as scored by the clinician 

experts. For all 201 scored problem lists, a tally was kept for those lists that received a “1”, 

to determine which lists were marked as having Tension by all three clinicians (n = 32), by 

two of the clinicians (n = 45), and by just one clinician (n = 47). There were 77 problem 

lists that none of the clinicians felt exhibited Tension, which is close to the original estimate 

of 67 used when calculating sample size. 

Reliability 

Inter-rater reliability was calculated on the n = 201 problem lists, where each of the three 

raters scored all 201 lists.  The reliability was moderate [kappa = 63%, 95% CI (53%, 

71%)].  Intra-rater reliability was assessed by interspersing two copies of an additional 

eight problem lists of varying complexity into the stack of 201 problem lists, so that each 

rater scored them twice, making it unlikely that they would remember the score they 

assigned the first list.  The intra-rater reliability was 100%. 

Build a scoring matrix 

Two-thirds (134) of the 201 scored lists were taken at random to hone the model. An 

analysis was performed on the problem lists that received a score of “1”. Those results 

were tallied as shown in Table 2. 

A common approach to predictive modeling is to let a regression equation provide weights 

for the predictors in the model, where the weights are the regression coefficients, or derived 

from the regression coefficients.  In this situation, there were thousands of possibilities in 

the predictors (multiple diagnoses, changing the status of diagnoses across time).  This was 

accounted for by using a scheme based on clinical importance or content knowledge, using 

a power function for each pattern weighted by frequency (Table 3). 

Table 3. Scoring matrix derived from the most frequently scored pattern. 

Chronicity Type T1 status T2 status Frequency Clinician 
agreement 

Power 
score 

Chronic Diagnosis Active Error 30 3 16 (24) 

Acute Diagnosis Active Error 18 2 8   (23) 
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Chronic Diagnosis Active Resolved 11 2 4   (22) 

Acute Diagnosis Active Resolved 10 1 2   (21) 

Chronic Diagnosis Resolved Active 9 1 1   (20) 

Acute Diagnosis Resolved Active 9 1 1   (20) 

No change/add only   0 

 
Cutoff score 

Following the standard Receiver Operating Characteristics (ROC) curve approach, we 

found the ideal point on the ROC curve that optimized both sensitivity and sensitivity by 

plotting our training data model's ability to classify the problem lists correctly when 

varying the discrimination thresholds. The ideal cutoff score was determined to be 3 

(Figure 3). That means problem lists with a Tension score of 3 or higher will be categorized 

as being in Tension, and those with a score below three will be categorized as having no 

Tension. The area under the curve (AUC) was calculated to determine how well the model 

was able to classify a problem list as having Tension or not. AUC was calculated to be 

.84673.   

 

Figure 3. Receiver Operating Characteristics 

Prevalence 

Using the scoring matrix, and the cutoff score to categorize a problem list as being in 

Tension, Table 4 depicts the prevalence of Tension within the entire IH organization during 

a 2-year window from 2015 to 2017 and compares this with Intermountain Medical Center 

and the clinicians in our study. 

Table 4. Prevalence of Tension at different levels of granularity. 

Location Population Problem lists 
with a Tension 
item 

Problem lists with a score of 3 
or higher (Tension) 

Intermountain Healthcare 348,071 11,790 (3.4%) 834 (0.25%) 

Intermountain Medical Center 71,858 2,878 (4%) 191 (0.27%) 

Intervention clinicians only 49,813 1,491 (3%) 104 (0.21%) 

Test the Model 

Each of the final 68 lists (1/3) in the test set were scored using the matrix. The results of 

569



 

 

the test data were compared to the reference standard to calculate its classification ability. 

For the test set: true positive count is 25, the true negative count is 34, the false-positive 

count is 4, and the false-negative count is 5. Sensitivity is 83.3% (95% CI: 65.28% – 

94.36%), and the specificity is 89.47% (95% CI: 75.2% – 97.06%). Positive predictive 

value is 86.2% (95% CI: 70.93% – 94.12%); the negative predictive value is 87.17% (95% 

CI: 75.2% – 93.85%). Accuracy is 86.76% (95% CI: 76.36% – 93.77%). 

Finally, the results were graphed to visualize how well the new model classified a problem 

list in Tension, as seen in Figure 4. The Tension series shows that most of the problem lists 

in the test set that received scores over the cutoff of 3 did have Tension, while the lists 

below 3 did not have Tension. This is visually evident by the fact that the Tension scored 

lists are well-separated from the non-Tension lists, with their peaks far from one another. 

 

Figure 4. Classification Ability of the Model 

DISCUSSION 

The majority of the lists marked with Tension concentrated on status changes that removed 

items from their list, such as a status change to Error, and less so with those that would 

make a problem harder to find within the list, such as changing a problem to Inactive and 

Resolved. This knowledge may aid in the development of improved problem list systems 

and workflows. 

Our new model misclassified 9 of the 68 lists from the test set.  Some lists did not have 

Tension, yet received scores of 4 and 16 (Figure 4). The only change on the list with a 

score of 16 had a diagnosis of “Bicuspid aortic valve” that was active in T1 but was marked 

as being in error in T2. According to the scoring matrix, this deserved a score of 16 and 

should have been in Tension; however, only one of the three clinicians scored this list as 

being in Tension. Likewise, on the problem list with a score of 4, a single chronic diagnosis 

of “Colitis” moved from active in T1 to resolved in T2. This earns a score of 4 from the 

scoring matrix, but again, only one clinician marked this as being in Tension. 

Understanding the reasons for these scores should improve the model’s overall accuracy. 

Conversely, one problem list had a diagnosis of “Pregnancy” as active in T1, and inactive 

in T2. This pattern was not one of the final scoring patterns because it is a normal evolution 

of an acute problem. However, it was marked as being in Tension by two different 

clinicians. Leading one to believe that looking at the problem type, chronicity, and status 

metadata alone may not be sufficient; it may be necessary to also look at the specific 
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diagnoses themselves. However, from previous work (15), it was clear that this is no small 

task. The top 80% of problems that clinicians used (not the entire ICD/SNOMED) were 

pre-coordinated, and there were still over 8,000 diagnoses. Doing similar work for Tension 

would not only take considerable time but would also diminish the generalizability of the 

model. 

Several problem lists that had no changes to existing problems were marked as being in 

Tension. These were thought to be mistakes by the clinicians, but upon further discussion, 

they remarked that these were in Tension because the sheer number of new problems that 

were added at the T2 snapshot warranted follow-up with the patient or prior caregiver. 

Additionally, one clinician remarked that if many problems were added at one time, it could 

be because many problems were removed prior, and they were merely adding them back.  

The addition of problems was not considered an event that may lead to Tension, primarily 

because that is the regular use of a problem list. The addition of many problems 

simultaneously as a cause for Tension may need to be accounted for to improve the 

accuracy of the model. 

While there is evidence from the inter-rater reliability that other clinicians may have scored 

the lists similarly, there is no guarantee that the lists chosen were the best representatives 

to use for scoring.  The 201 problem lists were chosen randomly from each stratification 

group. It might be more fruitful to purposefully choose the lists to test for specific boundary 

conditions, to assess granularity and thresholds of detection criteria. 

Because this study was performed retrospectively at a single organization, policy, 

workflow, and system differences were not controlled variables. At the time the problem 

list data were collected, IH did not have an organization-wide policy about how problem 

lists fit into the clinical workflow, leaving decisions to each clinician. Due to a lack of 

policy, some results may not be generalizable to other organizations with different 

processes and systems in place. Expanding this study to other organizations would likely 

provide a better measure of Tension and regress towards the true mean. 

A lack of standard and easily reportable metrics hinders progress and makes it difficult to 

describe changes to the problem list in a common vernacular. We have shown that our 

proposed Tension model can identify longitudinal inconsistencies that decrease the 

reliability and use of the problem list. Calculating the Tension score before and after a 

change in policy, incentive, workflow, or system changes will allow for a post-intervention 

score, allowing quantification of the intervention to serve as a quality assessment measure 

to improve problem list usage.  
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Abstract 

Many medical providers employ scribes to manage electronic health record (EHR) documentation. Prior studies have 
shown the benefits of scribes, but no large-scale study has quantitively assessed scribe impact on documentation 
workflows. We propose methods that leverage EHR data for identifying scribe presence during an office visit, 
measuring provider documentation time, and determining how notes are edited and composed. In a case study, we 
found scribe use was associated with less provider documentation time overall (averaging 2.4 minutes or 39% less 
time, p < 0.001), fewer note edits by providers (8.4% less added and 4.2% less deleted text, p < 0.001), but significantly 
more documentation time after the visit for four out of seven providers (p < 0.001) and no change in the amount of 
copied and imported note text. Our methods could validate prior study results, identify variability for determining best 
practices, and determine that scribes do not improve all aspects of documentation.  

Introduction 

Medical providers struggle to use electronic health records (EHRs) efficiently. This difficulty is, at least in part, due 
to poor EHR usability and prescriptive billing and documentation requirements which have resulted in time away 
from patients1,2 and greater EHR burden.3,4  Due to providers’ growing concern with EHR documentation, use of 
medical “scribes” has become a popular way to ease clerical burden so that providers can focus on interacting with 
patients and avoid burnout.5–7   
 
Assessing how well scribes improve provider efficiency and reduce burnout has been the subject of multiple studies 
using a variety of methods.  Quantitative studies have primarily focused on how scribes affect financial metrics such 
as patient volume,8–10 relative value units (RVUs),10,11 revenue,12,13 and length of stay.13  Qualitative studies on the 
other hand have typically measured self-reported impacts on provider’s professional well-being including provider 
satisfaction,8,10,14–16 EHR burden,14 and perceived documentation time.7,17,18  Some small observational studies 
(under 120 patients and a few days of observed shifts) have measured the impacts of scribes on clinical workflow 
including time with the patient as well as the amount and timing of work done in the EHR.7,19–21 However, there are 
no large-scale quantitative studies of scribe impact on provider documentation — the amount of it, the time it takes 
to complete, and how it is composed.  Since alleviating provider documentation burden is one of the main goals of 
medical scribes, we feel this is an important gap in the literature to address. 
 
During the process of EHR documentation, data is generated which can be used to observe documentation 
workflows at scale. These include audit log timestamps, multiple saved versions of the same note, and the authors 
and source of note text. In this study, we used this data to develop novel methods for 1) identifying when a scribe 
was present during a clinical office visit or encounter, 2) measuring the time providers spent documenting during 
and after the encounter, 3) identifying differences in the amount of text providers added to and deleted from notes, 
and 4) studying the amount of text imported or copied into the progress note. To demonstrate the utility of these 
methods, we performed a case study of the impact of scribes on documentation workflows during over 14,000 
outpatient ophthalmology visits. Ophthalmology is a high-volume specialty where scribe documentation assistance 
could have large impacts for providers. This paper argues that the impact of scribes on clinical documentation can be 
assessed at scale through the analysis of the diverse EHR data generated during the documentation of patient care. 
Moreover, understanding how scribes affect documentation will help assess benefits and drawbacks of scribe use, as 
well as potentially develop better scribe practices and workflows. 
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Methods 

This study was approved by the Institutional Review Board at Oregon Health & Science University (OHSU) which 
granted a waiver of informed consent for analysis of EHR records.  

Setting and Case Study Dataset 
This study was conducted at the Casey Eye Institute, the ophthalmology department of OHSU, a large academic 
medical center in Portland, Oregon.  The study was a collaboration between the departments of Medical Informatics 
and Clinical Epidemiology (DMICE) and Ophthalmology. OHSU implemented an institution-wide EHR (EpicCare; 
Epic Systems, Verona, WI) in 2006. All ambulatory practice management, documentation, order entry, medication 
prescribing, and billing are performed with this EHR.  Scribes were first used in outpatient ophthalmology clinics in 
2015 and by 2018 seven attending ophthalmologists regularly used scribes. 
 
For the case study, we analyzed all outpatient office visits between January 1, 2018 and December 31, 2018 at the 
Casey Eye Institute performed by 7 attending ophthalmologists who regularly used scribes. We excluded pre-op and 
post-op visits, visits where scribe presence was unclear, and visits where a trainee (resident or fellow) was identified 
as being present. Trainees were identified in an encounter based on a previously validated method which combines 
the unique ID of each user from an encounter with the time spent on the EHR by each user during the encounter.22  
For two of the methods (assessing note editing and note composition) we additionally excluded visits without the 
standard workflow of a technician creating the note first, and a scribe and/or a provider editing it afterwards (i.e., 
any visits with no technician, two technicians, two scribes, multiple progress notes, no provider note, or no scribe 
note when a scribe was present).  
 
This study leverages diverse EHR data extracted from OHSU’s clinical data warehouse to 1) identify scribe 
presence and identity 2) measure provider documentation time during and after the office visit, 3) examine how 
providers edit note text, and 4) examine how providers import note text. Below, we describe the data, analysis, and 
validation steps involved in employing each of these methods.  

A. Scribe Presence and Identity 

Purpose: Automatically identify if a scribe documented an office visit, and if so, the identity of the scribe. 

 

 
Figure 1. Scribe Analysis Methodologies.  A. Using Smartphrase data, identify scribes by templates that 
contain the word “scribe” and are used to create the note. B. In EHR audit log data, count the number of minutes 
that have entries for the patient during and after the visit. C. Compare the scribe and provider versions of the 
notes using the Levenshtein edit-distance algorithm to determine the amount of note text an attending provider 
changed.  D. Calculate the amount of text that entered by copying, using a template, or manually typing using 
note composition data from the EHR. 
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Data:  For each office visit, we extracted data related to “Smart phrase” use (templated text which can be inserted 
into a note using a single keyword).  This data included the user who invoked the smart phrase and the smart phrase 
text. 
 
Method: We reviewed all smart phrase data and text and determined that a scribe was present if 1) the word “scribe” 
appeared in a smart phrase invoked for that visit (i.e., a scribe attestation phrase), and 2) the user who invoked that 
smart phrase was not the visit provider. Figure 1A illustrates a template with a highlighted scribe attestation. 
 
Validation: We validated this method of identifying scribed visits by manually examining 110 randomly sampled 
visits in the EHR, both for the accuracy of determining scribe presence and scribe identity. 

B. Documentation Time 

Purpose:  Measure the total amount of time an attending provider spends documenting each office visit, subdivided 
into documentation time during the visit and after the visit. 
 
Data:  For each office visit, we collected audit log entries generated by the providers, along with visit data such as 
office visit check in, checkout, and visit closure times. 
 
Method:  To calculate the amount of time the provider documented during the visit, we counted all minutes with at 
least one audit log entry by the provider for that visit between the patient’s check in and checkout times.  To 
calculate the amount of provider documentation time after the visit, we counted all minutes with audit log entries by 
the provider for the visit between the check out and visit closure time. Total documentation time was calculated as 
the sum of during and after visit documentation times. Figure 1B shows sample audit log data with a single 
encounter’s entries highlighted. 
 
Validation: This method for calculating documentation time was validated in our prior study that measured EHR 
documentation time during outpatient ophthalmology office visits.23  

Note Editing 

Purpose: Determine the amount of note text an attending provider changed (adds and deletes) for each visit.  
 
Data: For each visit, we extracted all saved versions of the progress note, along with the user that authored the 
version and the time the version was last saved. 
 
Method:  We capitalized on the typical note writing workflow for each visit, which in our case study clinics was as 
follows: 1) an ophthalmic technician started a progress note when he/she rooms the patient. This was the first saved 
version of the note.  2) If a scribe was present, he/she modified and added to the initial version of the note.  This was 
the second saved version of the note.  3). The provider modified the previously saved version of the note:  the 
technician saved version if there was not a scribe, or the scribed saved version if there was a scribe.  This was the 
final saved version of the note. We compared the final version of the provider’s progress notes with the last version 
saved by a scribe or a technician using sequence alignment via the modified Levenshtein edit-distance algorithm.24 
To determine the percent of note text that was added by the provider,  we calculated the percent of words in the 
provider’s note that did not align with (i.e., match) the last scribe or technician note. To determine the percent of 
note text that was deleted by the provider, we calculated as the percent of words in the last scribe or technician note 
that did not align with the provider note. Figure 1C shows the two different versions of the note, with highlighted 
text that was added. These calculations were performed in Python.25 
 
Validation: The modified Levenshtein edit-distance algorithm is a well-established technique for determining the 
similarity of text, and has been used to determine similarly of clinical documentation in multiple studies, including 
our prior study measuring the redundancy of notes from consecutive office visits.26,27 
 
Note Composition 
Purpose: Determine how much of the progress note text is imported—copied from the chart or a previous note or 
generated from templates—or manually entered. 
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Data: For each visit, we extracted data about 
how the progress note was composed by each 
user that edited the note.  This included data 
about how much text the user added to the 
note and the text entry method (imported or 
manually entered).  
 
Method: For each visit, we computed the total 
amount of text that was manually entered (i.e. 
typed by the user), or imported—copied (from 
the chart or a previous note) or generated by 
templates (i.e. smart phrases, smart links, 
smart text). Figure 1D shows the note 
composition data, with entries for one 
encounter highlighted. 
 
Validation: We validated this note 
composition analysis in a previous study 
analyzing the composition of progress notes in 
opthalmology.28 
 
Statistical Analysis 

Mean documentation time and the percent of note text added to and deleted from notes for visits with and without 
scribes were compared for each individual provider using 2-tailed Welch t-tests. P values for these t-tests were 
adjusted using Bonferroni correction for multiple comparisons. To estimate the effect of scribe use on 
documentation time across all providers, we built a multivariable linear mixed model where scribe presence was the 
fixed effect and patient and provider identity were random effects. All data processing and statistical calculations 
were conducted in R (version 3.5.0),29 and linear mixed effects models were constructed using lme4.30 
 
Results 
Case Study Data Set 
Case study providers included four comprehensive ophthalmologists, one cornea specialist, one glaucoma specialist, 
and one retina specialist who together performed 23,263 office visits in 2018 with a total of 11 unique scribes. After 
applying exclusion criteria, 14,149 visits were analyzed. For the note editing and composition sub-analysis, 8,637 
visit notes from six of the seven case study providers met inclusion criteria.  
 
Scribe Presence and Identity 
Manual chart review demonstrated our 
method for identifying scribe presence 
had an accuracy of 100% (110/110 
total cases) and our method for 
determining scribe identity had an 
accuracy of 98% (48/49 cases where a 
scribe was present). In our case study, 
out of 14,149 visits, 7,990 (56%) visits 
were determined to have a scribe 
present (“scribed”) and 6,159 (44%) 
without (“non-scribed”). 
 
Provider Documentation Time 
Total provider documentation time 
(mean ± SD) was 4.7 ± 2.9 minutes for 
scribed visits (2.7 ± 2.2 minutes 
during the visit, 2.0 ± 2.1 minutes 
after) versus 7.6 ± 3.7 minutes for 
non-scribed visits (5.9 ± 3.2 during, 

 
Figure 3. Mean electronic health record documentation time after 
the visit by provider. Statistically significant differences for 
individual providers tested with Bonferonni corrected Welch t-tests. 
Asterisks denote P-values <.001.    

 
Figure 2. Mean electronic health record documentation 
time with vs. without scribes by time of documentation. 
Significance was tested with a mixed-effects linear model. 
Asterisks denote P-values <.001. 
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1.7 ± 2.5 minutes after) (Figure 1). A linear model predicted a 2.4 minute/patient reduction in total documentation 
time for scribed visits across providers (P<.001), as well as a 2.5 minute/patient reduction in documentation time 
during the visit (P<.001). This effect was consistent with all 7 providers having significantly less total 
documentation time (P<.001) and less documentation time during the visit (P<.001) for scribed visits. However, 
providers 1-4 had significant increases in documentation time after the visit for scribed visits (P<.001), while 
providers 5 and 6 had significant decreases (P<.001) (Figure 2).  
 

Note Editing 
A total of 8,637 visit notes from six of the seven case study providers met inclusion criteria for this sub-analysis: 
5,253 from scribed visits and 3,382 from non-scribed visits. On average, providers added less to scribed notes than 
they added to notes without a scribe (mean ± SD, 13.7 ± 10.2% vs. 22.1 ± 13.0% respectively, P<.001) (Figure 3). 
Providers also deleted less on average from scribed notes than non-scribed notes (1.7 ± 2.8% vs. 5.9 ± 7.1% 
respectively, P<.001). 
 
Note Composition 
Notes that were written without a scribe were composed of 10% ± 7% manually entered text, 11% ± 14% copied 
text, and 80% ± 15% text generated from templates.  Similarly, notes written with a scribe were composed of 10% ± 
7% manually entered text, 9% ± 9% copied text, and 81% ± 11% text generated from templates.  In addition, as 
shown in Figure 4, for all 6 providers, the notes written with scribes were on average longer than those written 
without them. 
 
Discussion 
This study has three key findings: 1) our novel methods that reuse EHR data allowed for large-scale evaluation of 
providers’ documentation practices with and without scribes, 2) these large-scale methods measured variability in 
scribe impact that can elucidate best practices for scribe use, and 3) these methods evaluate broad aspects of 
documentation which demonstrate that scribes alone may not address all EHR and documentation burdens for 
providers. 
 
First, our novel methods that reuse EHR data allowed for large-scale quantitative evaluation of documentation 
practices with and without scribes.  This EHR data includes a unique combination of audit log data, multiple note 
versions, and note author and source. Other studies have analyzed EHR data as well, but have been limited to 
financial information, patient volume, and length of stay, not data related to documentation.8–13 Similarly, other 
studies have attempted to measure documentation through self-reported surveys or small observational studies.7,17–21 
The methods and data used in this paper allow the evaluation of multiple aspects of documentation—time, editing, 
and composition—on a larger scale. While the number of providers in the case study was small (7) due to limited 
scribe adoption at Casey Eye Institute, we were still able to evaluate documentation time for over 14,000 office 

 
Figure 4. Mean percent of electronic health record notes revised by 7 ophthalmology providers with vs. 
without scribes. A) Percent Added, B) Percent Deleted. Statistically significant differences for individual providers 
tested with Bonferonni corrected Welch t-tests. Overall significance tested with a mixed-effects linear model. 
Asterisks denote P-values <.001. 
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visits, and analyze over 
8,000 progress notes for 
note editing and 
composition, 
automatically detecting 
which notes involved a 
scribe. Further, these 
metrics could easily be 
scaled to a much larger 
study of documentation 
impacts of scribes, with 
more providers, more 
specialties, and more 
settings.   
 

These large-scale 
methods validated 
findings from other 
studies—both smaller 
observational studies and 
qualitative studies. First, 
our methods confirmed previous studies’ findings that scribe use improved providers documentation burden.  
Overall, total provider documentation time per visit was 39% less for scribed than non-scribed office visits (Figure 
1). This decrease in documentation time is consistent with previously published literature involving scribe 
implementation and providers’ perceived reduction in documentation time when using scribes,14,15 providers’ 
increased satisfaction with scribe use,8,15,16 and an observed 36% reduction in overall documentation time using 
scribes in an emergency department.31 More specifically, we found provider documentation time during the visit 
decreased by an average of 54%, consistent with one time motion study which showed a 34% reduction in provider 
documentation time during emergency department shifts when using scribes.7 The decrease in total documentation 
time was also reflected in the way providers edited scribed notes: the percent of note text added and deleted by 
providers was significantly less for scribed versus non-scribed (Figure 3).   

 
In addition, these large-scale methods identified trends that other studies did not.  Our case study showed that scribe 
use was associated with significant increased documentation burden after the visit for 4 of the 7 providers studied, 
which was in contrast to previous studies of self-reported reduced documentation time after-hours.14 We reviewed 
volume for days when providers worked with a scribe versus those without and the volumes were essentially the 
same (data not shown), so observed increases were not a result of increased patient volume. Since this increased 
documentation is occurring after the visit, it is particularly concerning, as Gardner et. al. reported 1.9 times higher 
odds of burnout for providers reporting EHR use at home versus those without.6 It is unclear the reasons this result 
was inconsistent with prior studies– scribes’ notes may not have completely captured the visit, or providers may 
have been particular about their notes and spent time polishing them. It is also possible that qualitative studies may 
not be accurately capturing increases in documentation time after the visit if providers feel they can focus better on 
patients during the visit and are performing less documentation overall.   
 
In short, without these large-scale methods for studying documentation, scribe studies are limited to small 
observational studies, or somewhat larger qualitative studies that rely on providers self-reporting their experiences 
with scribes. In general, humans are not reliable at estimating time;32 hence, efficiency impacts of scribes on self-
reported metrics such as documentation time after the visit may not be accurate.  Using EHR data to calculate these 
metrics are potentially more accurate, and can measure the metric over an extended period of time and for thousands 
of office visits, thereby presenting a more complete picture of scribe impact.  
 
The second key finding of this study is that these large-scale methods measure variability in scribe impact that can 
elucidate best practices for scribe use. This variability is apparent in the amount of text revised by providers in 
scribed notes, as well as the documentation time after the visit (Figures 2 and 3). The variability may be due to 
differences in sub-specialty requirements for documentation, the documentation habits of both the scribe and 

 
Figure 5: Note composition for visits with and without a scribe. Mean text length 
for each provider with and without a scribe, divided into text that was generated by a 
template, copied, and manually entered. 
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provider, as well as scribe skill and experience, as some of the scribes in our case study were trained ophthalmic 
technicians, while others had no prior ophthalmology training.  Additionally, it may be due to onboarding practices, 
training, or length of time working as a provider-scribe pair. Previous research also suggests differences in 
providers’ preferences for note content may also impact variability in editing scribed notes.33 Since our case study 
was not designed to assess this variability, more research is needed to understand the reasons for these differences.  
 
Nevertheless, this variability suggests that providers are not following a single best practice on how best to work 
with scribes.5,10,34,35 While there appear to be benefits to scribe use, these might be increased if provider-scribe 
interaction were studied more systematically to define best practices in training, scope of practice, and 
documentation.34,35 Using large-scale quantitative methods to evaluate the impact of different scribe practices on 
documentation will be important for discovering these best practices, as well as for validating that they are effective 
later, after testing and implementing them. 
 
The final key finding of this study is that these methods evaluate broad aspects of documentation, which 
demonstrate that scribes alone may not address all EHR and documentation burdens for providers. These methods 
measure time spent documenting both during and after the visit, as well as how the notes are written—how much 
text is imported versus manually entered, and how much attending providers change in a note. Not only did we find 
that scribes did not always decrease after visit documentation time (Figures 1 and 2) or eliminate editing of the note 
(Figure 3), they also did not change the amount of imported text or decrease the length of the note (Figure 4).  All 
of these findings suggest that problems associated with EHR documentation are not entirely eliminated through the 
use of a scribe.  Our previous study showed that ophthalmology progress notes have steadily been getting longer 
over the past decade;36 the results from our case study suggest that scribe use has not improved this problem.  
Documentation requirements for quality metrics and billing requirements are reasons often cited for excessive note 
length,37,38 but the design of the EHR may also be to blame.  Because patient data is stored in disparate locations in 
the EHR, providers often use progress notes as a way to synthesize and consolidate patient information.39  Further, 
to compose these long notes in a reasonable amount of time, providers or their scribes rely on importing text, either 
by copying it from elsewhere in the chart or using templates to pull in data automatically. The note composition 
results from our case study showed nearly identical proportions of copied and templated text (combined for about 
80% of total note text) in notes written with and without scribes (Figure 4).  Studies have shown that imported text 
can reduce the accuracy of the note when outdated information or errors are mistakenly copied into the note, which 
can negatively impact patient safety.40,41 In addition, providers often struggle with finding relevant information in 
long, bloated notes, and may have difficulty determining what has been done or what has changed.42 Without 
addressing these problems, the EHR will still be a source of burden for providers.  Therefore, we feel that 
improvements in EHR design are still merited, regardless of scribe use. 
  
This study has several limitations. First, it was limited to a single academic institution and outpatient specialty with 
a relatively small number of providers, which may not be representative of other institutions, providers, specialties, 
and settings.  More studies are needed to determine if these results generalize. Second, the scribes in our case study 
had different levels of training in an ophthalmology setting, which may impact results but for which we did not 
differentiate. Third, excluding appointments from the dataset when we were unable to clearly differentiate scribe 
presence may have biased our results. Fourth, the note editing analysis method assumed a workflow where 
technicians and scribes saved note versions before providers edited them; without this workflow, the note version 
comparisons would not be possible. Fifth, our case study was not designed to determine the reasons behind our 
quantitative findings; more qualitative studies are needed to identify the reasons for the variability of documentation 
time and note editing.  Finally, our case study was not designed to evaluate other important factors such as the 
quality of notes generated, the review of medical records by providers (and what portions were performed by 
providers versus scribes), or the impact on quality and safety of care.  

Conclusion 

As providers struggle with documentation in the EHR, employing scribes has become a popular way to manage note 
writing in a clinical setting.  Qualitative and small observational studies have shown that scribes allow providers to 
have improved interactions with patients, as well as decreased documentation time during the visit.  We proposed 
methods for large-scale studies of scribe impact on documentation and found they are useful for validating prior 
study findings, as well as identifying new trends. They can also identify variability in scribe practices, which will 
support efforts to determine best practices for scribe implementation.  Finally, they suggest that the use of scribes 
alone does not fully address documentation burden for providers.  More studies are needed to improve 

579



  

documentation experiences for providers, and large-scale methods for quantitative studies of documentation will be 
an important part of this future research. 
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Abstract 

Addressing patients’ social determinants of health via community resource referrals has historically been the primary 
domain of social workers and information and referral specialists; however, community resource referral platforms 
have recently entered the market. We lack an account of the process of community resource referrals and the role of 
technologies within it. Using sociotechnical systems theory, we analyze data from 12 focus groups (n=102) with 
healthcare providers, and community organization staff and volunteers in Metropolitan Detroit to describe the process 
of community resource referral. Findings reveal a deeply sociotechnical process including the following steps: 
assessing patients’ social needs; choosing appropriate referral sources; and facilitating connections. We characterize 
the importance of knowledge and skills, personal relationships, interorganizational networks, and data sources such 
as service directories in the referral process. Findings suggest that digital platforms may augment referral functions, 
but should not be seen to replace interpersonal work, relationships, and interorganizational networks. 

Introduction 

Social determinants of health (SDOH) account for up to 80% of the individual variance in health outcomes. SDOH 
are those conditions in which individuals are born, live, and work.1 Factors associated with negative health outcomes, 
such as food insecurity or housing instability, are referred to as “social risk factors.”1 From a patient’s perspective, 
“social needs” are the most pressing social risk factors, taking into account specific preferences and priorities.1 To 
address patients’ social needs, working together with patients, healthcare providers may offer social care, including 
referrals to community social service agencies such as food pantries or temporary housing.2 By screening patients for 
social risks during routine healthcare, providers can systematically identify their social needs and provide subsequent 
social care via referrals to social services for necessary resources, potentially improving patient health outcomes.3 

Information and referral (I&R) services, such as that provided by the national 211 helpline operated by the nonprofit 
United Way in North America, maintain information about community resources and coordinate referrals to connect 
patients to healthcare resources or social services agencies.4 Information and referral professionals, who may receive 
the Certification for I&R Specialists (CIRS) credential from the Alliance of Information and Referral Systems (AIRS), 
routinely maintain and update databases of services, assess patients’ needs, identify relevant resources to meet these 
needs, and provide referrals to chosen resources.4,5 In addition to I&R professionals primarily working in the nonprofit 
sector, larger healthcare organizations have also employed social workers, and increasingly patient navigators and 
community health workers, whose responsibilities may include community resource referrals.  

Furthermore, aligned with the increase in social risk screening in healthcare organizations in the United States (US),6 
there are now at least eleven technological platforms, including Aunt Bertha and Healthify, designed to identify 
community social service agencies and facilitate referrals to these organizations.7 Community resource referral 
platforms features include databases that serve as social service agency directories, sending referrals to community 
organizations, tracking post-referral outcomes, integrating with electronic health record (EHR) systems at healthcare 
organizations, suggesting resources based on social risk screening results, and generating analytic reports.7 While such 
platforms may increase awareness of social service agencies, these tools may have important limitations, namely, 
insufficiently frequent directory updates, limited interoperability with various EHR vendors or limited compatibility 
with agencies with minimal technological capacity, and prohibitive costs for smaller agencies.7 As a result, community 
resource referral platforms alone may be insufficient to ensure that patients get connected to necessary services. 
Moreover, little is known about the pre-existing processes of community referrals into which new systems are being 
introduced, which is necessary to achieve the ideal of “joint optimization” of social and technical systems.8 Using 
focus groups with social service agency staff, healthcare providers, and community leaders conducted before many of 
the tools on the market became available, we explore how healthcare and social service providers accomplished 
community referrals across the full cycle of steps, from identifying needs to completing the referral. Using 
sociotechnical systems as a theoretical framework, we cast analytical attention upon the social subsystem and its role 
alongside technologies and processes in accomplishing community referrals. Ultimately, we argue for a sociotechnical 
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approach to designing systems intended to support community referral; that is, social and technological subsystems 
should be jointly optimized. Building on prior work in community I&R services and sociotechnical systems theory, 
this paper addresses the following research questions:  

1. How do providers and staff assess patients’ needs? What is the role of social, technical, and external 
environmental subsystem elements in this work?4,8 

2. How do providers and staff choose referral sources to meet patients’ needs? What is the role of social, 
technical, and external environmental subsystem elements in this work?4,8 

3. How do providers and staff facilitate or restrict referrals to social service agencies and resources? What is 
the role of social, technical, and external environmental subsystem elements in this work?4,8 

Theoretical Framework 
Because community resource referrals rely on both the social relationships of I&R professionals and information 
resources, sociotechnical systems (STS) theory is an appropriate lens through which we consider community resource 
referrals, as it suggests that organizations are work systems made up of two independent but interacting systems: the 
social subsystem and technical subsystem (Figure 1).8,9 STS theory is a reminder that objects of design in informatics 
go beyond technology and into the social subsystem, including workflows and rules. The social subsystem is made up 
of people and their knowledge, skills, and values, relationships, and incentive and authority structures. The technical 
subsystem comprises technology, tasks, and processes.10 The two subsystems interact to produce the output of the 
work system; they also result in the level of work performance. In their ideal form, STS result in joint optimization of 
the human and the technological aspects of the overall system while accounting for the constraints and influences of 
the external environment subsystem, which may include factors such as interorganizational networks.10,11 
Sociotechnical systems theory is used to describe and explain organizational performance, and in the tradition of the 
Tavistock Institute, to design new technologies and organizational processes. We use it to characterize community 
resource referrals as a work system in which elements of each subsystem contribute to the completion of referrals. 

Methods 

As part of a larger community-based participatory research (CBPR)12 
project conducted in partnership with the National Kidney Foundation of 
Michigan (NKFM), we conducted 12 focus groups with 102 healthcare, 
service provider, and community leader participants. Focus groups were 
conducted in three high-poverty, predominately African-American cities 
in southeastern Michigan: Detroit, Inkster, and Flint. In each city, a 
community advisory committee (CAC) consisting of representatives of 
4-6 organizations was established. These CACs reviewed and provided 
input on study instruments, including focus group discussion guides and 
demographic surveys. NKFM staff and CAC members identified and 
recruited participants from various organizations, primarily through 
community-wide, multidisciplinary health coalitions focused on 
preventing and managing diabetes, hypertension and kidney disease. 

NKFM had formed coalitions in each of these areas with project funding from the Centers for Disease Control and 
Prevention (i.e., Inkster Partnership for a Healthier Committee, Detroit Community Against Diabetes, Flint – Better 
Health Together; these have been described elsewhere).13,14 Participants were recruited through emails, phone calls, 
and announcements at meetings. Inclusion criteria included being a staff member, trainee, or volunteer at a local 
organization relevant to SDOH, including healthcare organizations, public health organizations, nonprofits such as 
food pantries or health promotion organizations, businesses such as healthcare suppliers or pharmacies, schools, 
churches, libraries, block clubs, law enforcement, community mental health services, and services for children or older 
adults. Focus groups were led by NKFM staff and University of Michigan researchers, conducted at public libraries 
and nonprofit community organizations, and lasted two hours on average. Participants received a $20 honorarium for 
their participation. Each focus group conversation was directed using a semi-structured discussion guide. Participants 
were asked to complete a brief demographic survey. Focus group discussions were audio recorded and professionally 
transcribed. Transcripts were initially analyzed using an iterative process coding approach incorporating deductive 
codes based on steps in the referral process identified in the extant literature5,7 and inductive codes using NVivo 
qualitative data analysis software.15 Following this, two researchers used the codebook to independently code the full 
transcripts; the Cohen’s kappa for the coding was 0.84, indicating excellent agreement. Following coding, memos 
were written to further synthesize the coded data and aggregated into a cross-case, time-ordered display.16  
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Results 

Characteristics of Participants 
Focus groups were held in Flint, Inkster, and Detroit, with Flint representing the largest proportion of participants. 
African-American participants were the largest group, followed by White participants. Participants had high levels of 
educational attainment, with 64.71% having at least an associate degree. Many were employed full time (42.16%), 
but nearly a quarter were retired or on disability benefits. Such individuals primarily served as volunteers at nonprofits 
such as churches and faith-based ministries.  

Table 1. Characteristics of Focus Group Participants (n=102) 

Process of Community Resource Referral 

As Figure 2 shows, findings revealed three major 
steps involved in community resource referral, 
producing the output of a completed referral. 
These steps are outlined below, alongside their 
attendant sub-tasks. For each sub-task, we 
describe the role of the social subsystems (people, 
personal relationships), technical subsystems 
(technologies), and external environmental 
subsystem (interorganizational networks). 

Assessing Patients’ Social Needs  

Knowing Patients and Respecting their Agency 

Assessing patients’ social needs is an essential 
part of connecting them to resources (Figure 1). 
This process primarily involved interactions 
between people, and over time, resulted in 
knowing patients through interpersonal 
relationships (People, Social Subsystem). One 
nonprofit staff member described providers’ need 
to know enough about a patient to translate that 
knowledge into an understanding of their needs: 
“You need enough about them to help them 
navigate the system to get to what they need.” 
Knowing patients requires going beyond health 
needs to learn about social and financial 
circumstances: “You need to know about the 

person, you need to know about where they are and what their circumstances are because you can’t give them the 
best advice… if you don’t start with where they are.” Knowledge of the patient could be developed through designated 
tasks that were part of healthcare encounters: “When a physician does their family health history or their individual 
health history, that’s the time where you can get a lot of that information.” However, participants emphasized the 
difficulty of not having sufficient time and care continuity to build knowledge-sharing relationships with patients 
during healthcare encounters17: “Most of these doctors have not been with the patient for any length of time. They’ve 
just come into contact with them or they’re rotating in and out of residencies. So there is really no long-term knowledge 
base or relationship with the patient so what you’re getting is a lot of guessing most of the time.” Aside from records 
acquired during history taking, this knowledge appeared to be something which clinicians and social service providers 
primarily kept “in their heads.” 

Respect for patients expressed the values of some people involved in providing referrals and was enacted through 
dialogue with patients (People, Social Subsystem). For example, one participant described the need for healthcare 
providers to let patients identify the problems they were experiencing, recognizing the agency and motivation of the 
patient rather than pressing them to make  changes: “I think that when we refer it’s because they brought a problem 
to us, so they’re generally appreciative of that… So it’s not us saying ‘you need to do this’ but rather ‘we perceive 
this as a problem, do you agree?’ and then ‘here’s some resources available that might help you.’ So it’s really 
generated from them, not us.” Trust between patients and staff/providers was seen as an important facilitator of patient 
information sharing: “Trust allows them to share these needs with us.” Patient trust was thought to be built over time 

Characteristic Mean SD 
Age 49.5 13.64 
Focus Group Location N % 
   Flint 43 42.16% 
   Inkster 32 31.37% 
   Detroit 27 26.47% 
Race/Ethnicity   
   Black or African American 70 68.63% 
   White 28 27.45% 
   American Indian or Alaskan Native 2 1.96% 
   Hispanic/Latino 2 1.96% 
   Arab Descent 3 2.94% 
   Other 6 5.88% 
Education   
   Grades 9 to 12, no diploma 2 1.96% 
   High school graduate or equivalent 13 12.75% 
   Some college or associate degree 33 32.36% 
   Bachelor’s degree (e.g., BA, BS) 15 14.71% 
   Graduate or professional degree 
   (e.g., MA, MD, JD) 

37 36.27% 

Employment   
   Full-time 43 42.16% 
   Part-time 12 11.76% 
   Student 6 5.88% 
   Unemployed, retired, disability  
   benefits, or other 

41 40.19% 
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and cumulative encounters, as one nurse ambulatory coordinator explained: “Their first visit, their guard’s up and 
they’re apprehensive and they’re scared and they’re overwhelmed and they’re kind of ‘I’m not gonna do this.’ But 
really it does have to do with time that you spend with those patients and then they earn your trust and boy! We’ve 
really seen some people come around. So it definitely needs to be more than one interaction….” Without trust, patients 
may resist disclosing sensitive information, such as information about finances, that may facilitate referrals: “There 
is a segment…who want nothing to do with free services or whatnot because they don’t want to have to tell you all 
their business, they don’t want anybody to know how much money they have.” As a result, providers often have to 
work without this information or make inferences (People, Social Subsystem), as one respondent explained: “We have 
to be the psychics most times because they’re not gonna be just forthcoming with that information.” 

In some cases, participants believed, clinicians may do a poor job of assessing patient needs by resorting to negative 
judgments or biases: “or the physician does not open them up to the resources in this area because they don’t feel that 
they deserve it... it’s a judgment call that they’re actually judging the person based on what they see in that five 
minutes versus an hour walking in their shoes.” 

 
Figure 2. Process of Connecting Patients to Resources 

Assessing and Promoting Patient Readiness to Use Resources 

Focus group participants believed that patients’ readiness to seek and use a resource is an important precursor to the 
use of a community resource; accordingly, they described assessing patient readiness. Participants identified a 
variety of components of patient readiness. First, patients must be ready to share information about their social needs 
with providers (People, Social Subsystem) in order to receive information or referrals to resources: “I don’t think they 
bring a lot of the issues to us per se in my experience in my clinic. But if I hear of an issue then I offer [a resource] 
and put it in their hands. If they want it and when they’re ready, they’ll use it or not.”  

Patients must be ready to accept the help that a resource may provide, which may lead to delays in use. A healthcare 
provider explained, “We let them know there’s a social worker available to speak to in our clinic. And if they’re ready 
to talk they’ll say okay. But if they’re feeling overwhelmed, they usually just don’t access that resource until they’re 
ready for it….” Patients may also face competing demands that prevent use of a resource, which may also result in 
delays. One healthcare provider advocated following up to promote resource use in such instances: “They do have a 
lot of other stuff going on… So I think the follow up and the community would be very beneficial.”  

Participants indicated that patients may even actively resist using available community resources due to negative 
connotations—for instance, support groups may be seen as resources for people with problems—or due to negative 
experiences with organizations or parts of the healthcare system, as one participant explained (People, Social 
Subsystem): “I have a friend and she just doesn’t like doctors… she just refuses to go… She just says ’all doctors are 
like this’ because she’s had bad experiences with a person. [One bad experience] will definitely make them think twice 
about going to something similar or going to somebody similar.” Thus, participants indicated that persuasion was 
sometimes needed: “When we talk, we be referring, we be pushing, we be like ‘c’mon, go!’”  

Choosing Referral Sources 

Finding Available Resources: Knowledge, Skills, Personal Networks, Routines and Technologies 

Once patients’ needs are identified, providers must find the most appropriate community resources to address those 
needs (Figure 2). This step was facilitated in part by the attributes of referral providers (People, Social Subsystem) in 
terms of their knowledge of resources and skills at finding them, as well as the technical subsystem in the form of 
processes of routine referrals for recurring needs and technologies in the form of resource directories and resources 
found on the Internet. 
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Providers may be more effective at referring patients to resources if they themselves have baseline knowledge of 
available resources that are needed on a regular basis (People’s Knowledge, Social Subsystem): “The competent 
healthcare provider would also know where to refer their patients for additional help and education, realizing that 
there are other competent healthcare providers in the area that can add to their education.” Knowing about resources 
includes knowing where medications are available for free or at discounted rates: “Our doctors do know to prescribe 
only the $4 medications.” In some organizations, there was also a staff role which was charged with maintaining 
knowledge of available community resources: “[the social worker] knows all the resources…” Another individual 
recalled that their organization “hired a social worker … she knows all the resources. She works in Flint. So with 
that she knows where everything is.” Patient navigators also played this specialist role in some organizations. Part of 
this involved knowing about specific eligibility requirements for some services and their availability depending on 
patients’ health insurance. For instance, one participant observed, “As far as getting transportation…some 
insurances…offer the transportation.” Another provider explained, “A lot of the clientele does not know their 
Medicaid/HMO has transportation resources for them so we frequently identify that resource for them. There’s the 
bus service, there’s YourRide. I think those things are pretty plentiful here in Flint….” 

However, participants complained about a lack of knowledge among some healthcare providers in their communities, 
which resulted in patients not receiving needed referrals (People’s Knowledge, Social Subsystem). Physicians may be 
unable to refer patients because they may be unaware of resources: “The physicians don’t know or either don’t refer 
in a timely manner…. If the physician community isn’t also engaged in some of these educational processes we still 
have a problem.” One explanation for providers’ lack of awareness of resources is that many do not have a professional 
focus on referrals to resources: “It is not their job to wonder about…low-cost pharmacies….” Social service staff 
members described the need to advertise resources to physicians to raise awareness, which was “a challenge…from a 
program perspective, other than advertising to the physicians, which I’m pretty sure we all do.” 

Personal connections and experiences were critical to creating knowledge of resources (People & Relationships, 
Social Subsystem): “I think it’s individuals and relationships, who you personally know, who you’ve worked with, 
who you like. So, two ways. We have a resource guide but then we also have people we know that we have worked 
with that we know might help with this thing.” One respondent described how they learned about free medications 
available at a local grocery store through their brother: “My brother [works at the grocery store] and he got [free 
medication] and he let me know, that’s how I found out.” 

In terms of the “organization” part of the social subsystem, some participants described routine selection of sets of 
referrals in response to common social needs among patients, including transportation and low-cost pharmaceuticals. 
For example, one provider described recurring referrals made to help patients acquire medication and supplies.  

Technologies facilitate information sharing across interorganizational networks, a key part of the external 
environment subsystem. In particular, local email lists for people working in a given sector facilitated awareness. One 
respondent described their organization’s efforts to send information via email to caseworkers, who in turn relayed 
this information to clients: “We send information through various LISTSERVs, or can be people working in various 
health arenas or case workers, because our case workers are working directly with their clients, so any time there is 
anything useful... It gets pushed to at least the case workers... There's always a constant flow of information coming 
to them that they can then, if the opportunity arises, pass along to their clients.” Paper-based resources were also part 
of the technologies that supported interorganizational networks (Technology, Technical Subsystem). One participant 
described leaving flyers for their program on the reception desk of primary care providers’ offices: “Most of the PCPs 
in the area allow me to drop off my flyer to leave on their reception desk about our classes.” Sharing information with 
other providers and organizations may enable that information to be incorporated into other organizations’ referral 
work. Occasionally, interorganizational communication did not occur, resulting in a lack of information sharing. One 
respondent described the need for improved communication between organizations: “[Some] agencies and groups in 
the community… have their own mission, they are seeking to use their vision in the community. And they’re not 
collaborating at all with individuals or organizations in the community to share or to provide information.” 
Participants indicated a need for more interorganizational communication between organizations of all types: “Venues 
around Inkster need to start communicating with each other what’s going on.”  

Some organizations attempt to provide education and informational tools (Technology, Technical Subsystem) to 
physicians to facilitate awareness of resources and subsequent referrals: “One of the things we’ve done… is create the 
Green Book and send it to all the physicians and provide education to physician groups about what’s available in this 
community. The Green Book is a listing of all the physical activity and nutrition education programs geared towards 
children and families… it was created was because we heard from our health insurance partners that the physicians 
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didn’t know where to provide referrals for their patients that needed help.” In some cases, social service agency staff 
may use multiple directories to identify resources: “We have a community resource list that we generated and also 
the Greater Flint Health Coalition has put one together.” However, keeping printed directories up to date with 
sufficient information about accessing services was considered challenging: “There is a booklet of listings of all the 
free and low-cost health services in Wayne County, however I think it’s only printed like once every so many years 
and by the time it comes truly into print the clinic is closed.” 

The technical subsystem may also provide knowledge of available resources in the form of resource directories, such 
as the United Way’s 211 service, as one participant explained: “We can send ‘em to get information as far as United 
Way, we also... give them resources for cheaper supplies and medications. Some options for them to discuss with their 
doctor.” One respondent described their process for determining how best to refer a patient, indicating the need for 
better informational resources (Technology, Technical Subsystem): “It depends on what the question is and what 
they’re looking for. If they need health care… we’ll usually refer them to 211 or if you have to, go to the ER, they have 
to treat you, even if you can’t pay, but it usually is not that urgent… if it’s not directly health-related… we can make 
some referrals for that too, so, but again there’s definitely a need for more information about the resources that are 
out there.” Informational tools, including physical information displays and hospital phone directories, were seen as 
valuable resources (Technology, Technical Subsystem): “We have racks in all of our education rooms with community 
resources where they can go like brochures… a lot of times that triggers for our patients to say something to us 
because we’re offering the information and what kind of resources they do need.”  

Participants in the three cities articulated a need for “some type of database,” in the words of one participant 
(Technology, Technical Subsystem). Such a database may be populated with details about the availability of healthcare 
providers and community resources, including services offered and pricing. It could feature tagging for relevant 
diseases or circumstances, allowing for rapid identification of relevant resources, as one respondent described: “Put 
all the information free clinics, free meals, this physician will take X amount of people, these are open a certain 
amount of days, this is for almost low cost, this is gonna cost you $40, and this is a sliding income scale, as much 
information as we can.” However, participants complained that most directories featured missing information: “And 
besides they don’t print all the information about the various clinics like how much you have to have or is it based on 
income or things like that.” 

Providers might do individual research to identify relevant resources for patients, which reflected both the skills of 
people (people, social subsystem) and available data on the Internet (Technology, Technical Subsystem). Some 
providers kept lists of resources based on their own research: “We also have a resource list. But I think sometimes we 
get stuck in a rut in our profession… So I like to have a list of mental health resources available and also support 
groups.” Identifying affordable sources of medication was also a major research task in healthcare organizations. 

Evaluating the Quality and Value of Referral Resources 

Participants felt a responsibility to facilitate access to community resources that offered high-quality services. In part, 
this was because patient experiences with organizations to which they were referred reflected on their own 
organizations, and them as individual providers. One said, “If you can’t give a good referral or you don’t know how 
to refer, people gonna lose confidence real quick. It’s a challenging proposition, but I would just say you need to 
really really learn the community more than anything.” 

Locating reputable community resources required additional groundwork to verify quality: “Any information you get, 
once you get it, you check it out. You could call the number and if they said, ‘yes we can help you, no we can’t.’” 
Verification included asking patients about “success stories” and experiences using a given resource (People, Social 
Subsystem): “We always try and listen to people when they go and find out if it was a good place.” Quality assessment 
involved both social and external environmental subsystems, often incorporating a patient feedback loop (Figure 2). 

Trusted referrals may also be made based on personal relationships (Relationships, Social Subsystem) such that staff 
and volunteers relied on personal connections to identify high quality resources: “If somebody has kidney disease and 
they were like ‘what do I do?’ I would be like ‘Oh! You should probably talk to [name of nonprofit employee] she can 
help you.’ I’d look for a person that I knew and trusted, that had expertise in that area.” Staff and volunteers may 
even leverage connections with patients for information about resources: “I’ve had patients tell me about resources 
in the community too, so then I add those to the list, or she says I’m telling them something wrong, so the education 
goes both ways.” 

Staff and volunteers may also look to the Internet for information (Technology, Technical Subsystem), though this 
was described as less desirable due to a lack of personal experience with the quality of the resource: “I would probably 
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be a little bit cautious of just looking something up on the Internet because I don’t know the programs… what if it’s a 
terrible program? And then they quit it and then they are like ‘Oh I went to one of those programs it was horrible so 
I’ve never doing it again,’ so I’d rather call somebody that I know….” 

Some healthcare staff members suggested that information needed to make referrals was available to providers, but 
that the determinant of the use of this information was whether the provider valued the resource (Peoples’ Values, 
Social Subsystem): “[Information is] out there! But it all goes back to valuing. If they are looking for it, I think they 
can find it because for all the collaboratives and relationships with all the hospitals with all the community 
organizations partnerships that’s why they were established was to share all that information.” 

Facilitating Connections 

Leveraging Interorganizational Networks 

Leveraging interorganizational networks may help to facilitate referrals to resources (External Environment 
Subsystem, Figure 2). In particular, community coalitions and networks that met regularly created mutual awareness 
of services. As one nonprofit worker explained, “Through all our collaboratives we learned about [a local university] 
extension… I think we do a pretty good job of communicating internally, communicating externally.” Participants 
showed how organizations build interorganizational communication, referral, and information sharing networks: “If 
[patients] are looking for it, I think they can find it because for all the collaboratives and relationships with all the 
hospitals and with all the community organizations partnerships that’s why they were established was to share all 
that information.”  

Interorganizational networks may facilitate patient first contacts and their intake by organizations. Staff may help by 
making phone calls to ensure that people are accepted by a service: “I would make the call for ‘em as far as getting 
transportation because some insurances they offer the transportation.” For instance, staff members and providers 
may help patients by filling out forms: “We have one nurse who does nothing but find free medication from the 
pharmaceutical companies. All pharmaceutical companies have a free option in there but they’ll give you a stack of 
papers like this to fill out in order to get that patient into their system for free medication. But she does it anyway” 
(People’s skills, Social Subsystem; Technology, Technical Subsystem; External Environment Subsystem).  

Additionally, interorganizational networks may help patients use services. This included helping people understand 
when and where to get services, as well as making sure people could timely access to a specific resource: “If I think 
they are personally in a state where they really need health evaluation right away, I’ll figure out a way with the 
secretaries to get them in without having to wait 3 or 4 weeks.” Where necessary, staff may facilitate referrals by 
accompanying patients to visits to resource providers: “We don’t just send them along, we take them with us.”  

Helping Patients Use Services 

Participants described a need for both patients and providers to know how to navigate the healthcare and social service 
system in order to get connected to necessary resources (People’s Knowledge, Social Subsystem). To begin, it was 
seen as important that patients know of available resources: “The actual call to the clinic and... making the 
connection... that goes back to navigating the system, the whole idea of navigating the system how do you find what 
you need if you don’t have access to all of the information?” Having enough information to get started was seen as a 
potential obstacle: “Not knowing where to get started is a big part… but also not knowing what’s out there and what’s 
available.” Knowing how to navigate the system may be challenging for patients, as one respondent explained: 
“People have a very difficult job just trying to navigate the whole system and trying to get what you need.” Navigating 
the system was seen as challenging in part due to the lack of a coherent inter-organization service system that could 
help patients understand how to access resources: “There isn’t a real good structure there that’s a foundation that 
even talks about when you can even give them resources [or] how they use them [or] who helps them integrate them.”  

A patient may face additional barriers once in the system when seeking resources (External Environment Subsystem). 
First, accessing resources may take much time, as one respondent explained: “The length of time it takes to get through 
the system is difficult. I’ve signed up for the county health plan and it was a lot of ‘fill this out and come back (laughs) 
and fill this out and turn this in.’” Filling out paperwork and other administrative time demands may be additionally 
burdensome to patients who work multiple jobs. One individual described being unable to complete a process: “I 
gotta leave my place in the line at the health department and go get on the bus so I can go to work on time.” Literacy, 
perseverance, access to transportation, and having a valid driver’s license were indicated to be other prerequisites (and 
potential barriers) to accessing social services.  
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Patient navigators may help patients by facilitating connections between patients and relevant resources; this 
work requires longer-term personal relationships with patients and navigator knowledge and skills (Social Subsystem), 
technologies such as telephones, email and record-keeping systems (Technical Subsystem), and interacting with 
outside organizations (External Environment Subsystem). For patients who require developing a long-term care 
routine, providers may assign a patient navigator to support the patient and ensure they stay on track, as one respondent 
explained: “The primary physician then says to the nurse ‘this person needs to be followed; [they] need to have some 
support.’” Patient navigators may help patients overcome barriers, as one individual explained in a story about a 
diabetes patient who received help from a navigator: “She figured out what all these barriers were, she got all of his 
‘scripts lined up, she got them all in mail order, she got him discounts … in exchange she says now ‘you… give me a 
sugar reading once a day…’ for someone who’s just diagnosed…, it gives you a basis and a foundation.” 

While participants worked hard to overcome referral barriers, participants also suggested that patient initiative was 
needed: “[Patients have] got to do their part too. I mean we’re here, we’re helping, but people have to value it and 
take responsibility and accept the help that’s out there. I think that’s a stumbling block for us now.” Participants 
described a distinction between knowing about resources and actively seeking them out, suggesting that making the 
effort did not always happen: “Most of the time we can’t make folks. It’s the action part. Just because we know all 
this knowledge and we done gave it to them, they still don’t make a move to do anything with it.” 

Discussion 

This study used STS theory to describe the key steps involved in the process of connecting patients to resources in the 
community, as well as the roles of components of the social, technical, and external environment subsystems which 
make up the sociotechnical community resource referral work system. Assessing patients involves patient-provider 
communication to elicit patients’ social needs and determine patients’ readiness to use the resources to which they are 
referred. Primarily, this involves elements of the social subsystem. Choosing a referral source requires finding 
resources and evaluating their quality in order to make the best choice for patients. Finding resources involved all 
subsystems, although quality assessment occurred primarily in the domain of the social subsystem. Finally, personal 
relationships (social subsystem) and interorganizational networks (external environment subsystem) were most 
prominently engaged in facilitating connections between patients and resources. Communication technologies such as 
email lists, telephones, and flyers played a role but were less prominent than in choosing referral sources. 

This research emphasizes the importance of the social and external subsystems in the work completed by community 
service, church volunteers, and healthcare providers to refer patients to community resources. As potentially part of 
the technical subsystem, community resource referral platforms offer useful functionalities, including maintaining 
resource directories, managing and tracking referrals, offering case management services, providing analytics and 
reports, screening for SDOH, and automatically suggesting resources, which emulate and potentially automate existing 
capacities of I&R specialists, and healthcare and community organization staff and volunteers.5,7 While automating 
these capacities may create efficiencies of volume and speed, it cannot replace the role the personal and external 
subsystems in the process, such as gaining interpersonal trust that may be required to elicit disclosure of social needs, 
and helping people with acute needs get appointments at another organization more quickly than “rules” permit. Given 
the importance of non-technical subsystems in community referrals, attempts to offload work onto technologies such 
as referral platforms may introduce new challenges that necessitate the continued participation of people in referrals. 

Findings showed that the assessment of patients is a complex interpersonal task involving assessing patients’ social 
needs and readiness to act on those needs. Current standardized SDOH screening tools may be used to automatically 
assess patients’ social needs and prompt digital worflows;18 furthermore, they may help to address possible healthcare 
provider bias against some patients. However, previous research has shown that the sole use of standardized tools to 
screen patients for social needs may result in failure to capture narrative information about a patient, which is important 
to understanding a patient’s social needs and how to address them, including the patient’s readiness to use a resource.19 
Community organization staff or volunteers, healthcare providers, and I&R specialists may be uniquely qualified to 
capture and evaluate contextual narrative information while respecting patients’ agency, resulting in more accurate 
assessment of patients’ social needs and readiness. Moreover, as participants outlined, the trust and care continuity 
that develops in the context of longer-term relationships, and the resultant phenomenon of “knowing the patient,” may 
result in more disclosure and more support for patients in developing readiness to use resources. However, there may 
be components of readiness assessment for which digital tools are well suited. For example, some screening tools ask 
patients if they want help with their social needs.20 More extensive assessment tools could also be developed, building 
up the technical subsystem and allowing for joint optimization to occur.8 Furthermore, persuasive technologies have 
been shown to promote health and wellness behaviors, including physical activity, smoking cessation, and healthy 
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eating,21 suggesting the potential for use of these technologies to help patients follow through with resource use. 
Persuasive technologies may thus aid in enhancing patient readiness and improve resource use outcomes. While these 
technologies may offer value, the technical subsystem alone cannot fully substitute for the work of the social 
subsystem; joint optimization is necessary to leverage their combined strengths. 

Similarly, the process of choosing referral sources may benefit from human-computer collaboration. A strength of 
community resource referral platforms is their potential for maintaining comprehensive and frequent agency directory 
updates. However, depending on the frequency of updates and the accuracy of data sources from which databases are 
maintained,7 they may not reflect the current availability in an area. As participants said, services may come and go, 
and smaller agencies may have limited online presence from which a platform could scrape data, suggesting the need 
for local expertise in dedicated roles, and facilitated by interorganizational communications and committees. 
Additionally, databases may have limited ability to evaluate resource quality and navigate trust relationships between 
patients and community resources, although crowdsourced ratings and recommender systems offer some promise. 
Participants described a trust-building feedback loop, in which staff and volunteers ask patients about personal 
experiences using community resources in order to inform future referrals. By learning about the quality of resources 
from personal experiences, they may develop a better understanding of where best to refer patients. Community 
resource referral platforms may offer interorganizational communication and follow up services, though these 
capacities should be implemented to allow for the joint optimization of both the technical and the social subsystems, 
considering existing referral networks to complement rather than replace the social subsystem.  

Facilitating connections to community resources is a complex process that may go beyond giving patients contact 
information; instead, participants leveraged interorganizational networks to connect with resources, and helped 
patients navigate complicated care systems. Warm handoffs, in which providers personally connect patients to a 
representative of a resource, have been shown to be more effective in enrolling patients in tobacco quitlines than 
simply providing contact information.22 Referrals are a sociotechnical process that results from the interplay of 
interpersonal relationships, interorganizational networks, and technology. While databases and communication 
technologies are important parts of facilitating connections, it is important to recognize the role of relationships in the 
referral process. Relationships broker trust between patients and the resources to which they are referred. By 
leveraging both local community expertise and referral databases, patients can be matched to trusted up-to-date 
resources. Local expertise and personal relationships play important roles in negotiating patient referrals, which aligns 
with findings from previous work demonstrating the role of interpersonal negotiations when transferring patients 
between hospitals.23 Using an STS perspective, the dual advantages of both comprehensive and rapidly queried 
databases and patient navigators’ social and relational work may be leveraged to jointly optimize the community 
resource referral system, facilitating connections between patients and necessary resources.  

This study has limitations to consider. First, we collected data in three cities in Michigan, and while the sites offer 
diversity in both population and services, experiences at these sites may not generalize nationwide, particularly to 
higher-income areas. Similarly, focus groups were conducted in 2013, before the implementation of many community 
resource referral platforms. However, we believe that this underscores the importance of the social subsystem in the 
community referral system, as robust referral systems existed before new database-driven platforms.  

This study supports the ongoing importance of the social and external environmental subsystems even as new 
community referral platforms become available. Thus, informaticists should appreciate that implementation of 
community resource referral platforms may be made more successful by new or continued investment in people, 
personal relationships, and interorganizational networks. Consequently, we advocate sociotechnical design 
approaches when developing novel interventions to enhance community referrals.9,10  

Conclusion 

Community resource referral is a sociotechnical work system in which social, technical, and external environmental 
subsystems play roles. The process involved, from assessing patients, to choosing resources to facilitating connections, 
may benefit from new technologies—but also relies upon people’s knowledge and skills, personal relationships, and 
interorganizational networks. Organizations should consider how community resource referral platforms can enhance, 
rather than replace, the interpersonal work of community organization staff or volunteers, patient navigators, 
healthcare providers, and I&R specialists to improve community resource referrals.  
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Abstract 

 

The application of deep learning algorithms in medical imaging analysis is a steadily growing research area. While 

deep learning methods are thriving in the medical domain, they seldom utilize the rich knowledge associated with 

connected radiology reports. The knowledge derived from these reports can be utilized to enhance the performance 

of deep learning models. In this work, we used a comprehensive chest X-ray findings vocabulary to automatically 

annotate an extensive collection of chest X-rays using associated radiology reports and a vocabulary-driven concept 

annotation algorithm. The annotated X-rays are used to train a deep neural network classifier for finding detection. 

Finally, we developed a knowledge-driven reasoning algorithm that leverages knowledge learned from X-ray reports 

to improve upon the deep learning module's performance on finding detection. Our results suggest that combining 

deep learning and knowledge from radiology reports in a hybrid framework can significantly enhance overall 

performance in the CXR finding detection.  

 

 

Introduction 

 

Applications of deep learning (DL) in healthcare cover a broad range of problems ranging from cancer screening and 

disease monitoring to personalized treatment suggestions. In the next few years, DL-based applications can be a 

significant part of routine clinical workflow and can assist healthcare providers in predicting diagnosis, prescribing 

medications, and suggesting treatments and patient management strategies1. The notion of applying deep learning-

based algorithms to medical imaging data is a growing research area. With fast improving computational power and 

the availability of enormous amounts of data, deep learning has become the de facto standard for a wide variety of 

computer vision problems. Currently, in the clinical setting, a large portion of the interpretations of medical images 

are being done by medical experts. The number of medical images that emergency room radiologists have to analyze 

can be overwhelming. DL techniques can help radiologists sift through the data and analyze medical exams more 

efficiently. In medical imaging, X-rays are the most common imaging exam being conducted in emergency/urgent 

care. Moreover, recently, several large CXR (Chest X-ray) datasets (such as ChestX-ray142, Chexpert3, and MIMIC 

III4) are made available to the scientific community. Thus, in recent years, we see a surge of DL based algorithms for 

the CXR finding detection.  

 

While DL methods are thriving in the medical domain, they seldom utilize the rich knowledge associated with 

connected radiology reports. For example, DL models developed for detection of findings from radiology images such 

as X-rays do not take into account the statistical correlation between the detected findings. CXR reports are a great 

source of knowledge, and by analyzing an extensive collection of the reports we can identify patterns between reported 

findings based on their co-occurrences across the report collection. Such knowledge can improve DL models’ 

performance by recommending missed as well as overcall findings. Consider the following scenario – by analyzing 

CXR reports, we have identified “pleural effusion” and “opacity” have a very high probability of co-occurrence across 

the report collection. If an image-based deep learning model running on the associated CXR only detected “pleural 

effusion” and missed “opacity”, we could improve (boost) the predictive score for “opacity” by a delta and turn a 

missed finding into a detected finding. Similarly, we can potentially improve the deep learning model’s performance 

by utilizing knowledge to decrease the number of false-positive findings. 

 

In this work, we are focusing on CXR findings. The interpretation of a CXR can diagnose many conditions such as 

pleural effusion, pneumonia, infiltration, nodule, atelectasis, pulmonary edema, cardiomegaly, pneumothorax, 

fractures, and many others. We have used 473,057 CXR images for 63,480 unique patients and associated 206,574 

radiology reports. We used a comprehensive CXR finding vocabulary to automatically annotate an extensive 
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collection of CXRs using associated radiology reports and a vocabulary-driven concept annotation algorithm5. The 

annotated X-rays are then used to train a multi-label deep neural network classifier for CXR finding detection. In the 

knowledge-driven approach, the correlation between different radiology findings is learned by leveraging the 

radiology reports to compute the statistical correlation between findings. The reasoning algorithm modifies the 

prediction score from the DL models based on the label correlations and using a hyperparameter optimization by 

performing an exhaustive grid search in a 4-dimensional space. This approach improves the overall performance of 

DL models with a 9% relative improvement in the F1-score. The approach to combining deep learning and knowledge-

driven reasoning in a hybrid framework will potentially transform existing methods for building computational models.  
 

Related work 

 

One main challenge in the DL driven medical image analysis is the availability of large datasets with reliable ground-

truth annotation. Therefore, transfer learning approaches, as proposed by Bar et al.6, were often considered to 

overcome such problems. Bar et al.6 applied a pre-trained Decaf Convolutional Neural Network model7 to detect the 

chest pathology in X-rays. ChestX-ray142 is one of the largest publicly available CXR dataset, and it consists of 

112,120 frontal CXR images from 30,805 unique patients. Due to its size, it is have received considerable attention in 

the deep learning community and has been used by several researchers to address the CXR findings classification 

problem. Wang et al.2 evaluated several state-of-the-art convolutional neural network architectures and reported an 

average area under the ROC curve (AUC) of 0.75. Gündel et al.8 proposed a location aware dense networks to classify 

pathologies in CXR images. Yao et al.9 developed a model to exploit dependencies among the disease labels. They 

used Densenet10 as an encoder for image and long short-term memory (LSTM)11 as a decoder to generate labels. 

Rajpurkar et al. proposed transfer-learning with fine-tuning, using a DenseNet-12112, that raised the AUC results on 

ChestX-ray14 for multi-label classification even higher. Guan et al.13 considered the problem of multi-label thorax 

disease classification on CXR images by proposing a Category-wise Residual Attention Learning (CRAL) framework. 

Wang et al.14 developed the Text-Image Embedding network (TieNet) architecture with the integration of CNN and 

RNN. The TieNet architecture is used for thorax disease classification and reporting in CXR. 

 

Materials and Methods 

 

Dataset  

 

For this work, we have primarily used the CXR collection from MIMIC III4 dataset from the Laboratory for 

Computational Physiology at MIT. The dataset consists of 63,480 unique patients, 206,574 radiology reports, and 

473,057 DICOMs (X-ray images). Each report is associated with one or more images in DICOM format of different 

views. For a patient, there can be multiple reports including follow-up examinations. 

 

2.1 Preliminaries 

 

In this subsection, we will be describing our prior work that is essential for the completeness of this paper.  

 

CXR findings vocabulary 
 

Currently, there is no vocabulary in UMLS14 or outside UMLS that captures all possible findings that radiologist 

considers in the real clinical setting. To address this problem, we have developed a custom, comprehensive CXR 

vocabulary with the help of clinical experts and radiologists. The vocabulary is a collection of all major radiology 

findings in CXRs and the modifiers used to describe their anatomical locations, laterality, size, and severity. The 

vocabulary captures various abbreviations, misspelling, and semantically equivalent ways of describing the same 

radiology concepts (synonyms and alternate forms) as shown in (Table 1). A team of clinicians consisting of three 

radiologists and one internal medicine doctors was assembled to assist in the vocabulary generation and validation 

process. We have utilized a combination of top-down knowledge (from radiologists and clinical textbook) and bottom-

up knowledge (large-scale CXR reports) to identify CXR related core findings. sources provided top-down knowledge. 

With this process, we identified about 1500 terms useful for findings vocabulary. These terms are reviewed and 

validated by four radiologists. The terms retained in the vocabulary after radiologist review are hereafter referred to 

as core findings for CXR vocabulary.  

 

 

594



CXR findings Associated CXR findings 

pleural effusion 
Pleural effusion, pleura fluid, layering effusions, pleural fluid/thickening, loculating 

fluid, intrafissural fluid, hemothorax, etc.  

consolidation 
consolidation, conslidation, consolidated, airspace opacity, alveolar opacity, 

alveolar infiltrate, etc.  

pneumothorax pneumothorax, pneumothoraces, ptx, pneumoptx, deep sulcus sign, etc. 

multiple masses/nodules 
multiple masses/nodules, masses, nodules, lesions, rounded densities, miliary 

pattern, etc.  

 

Table 1. CXR findings and their mapped related concepts from the findings’ vocabulary  

 

CXR report annotation:   
 

Deep learning models requires a large amount of training dataset as model’s performance is mainly dependent on the 

quality and size of the dataset. However, unavailability of the annotated dataset is one the most significant barrier in 

the success of deep learning in medical imaging. The development of significant medical imaging data is quite 

challenging as annotation process is time consuming and requires clinical expertise. To address this problem, we have 

developed the auto-annotation methodology that annotates the vast collection of radiology reports with CXR findings 

using a vocabulary-driven concept annotation algorithm5. Specifically, by selecting all terms from the CXR 

vocabulary as potential concepts, the algorithm for concept annotation was used to spot their occurrence in the 

extracted sentences from selected sections of the report (‘Findings’ or ‘Overall impression’). Negation is often seen 

in radiology reports, and it is essential to detect negations accurately to facilitate high-performance core findings 

detections from the reports. The negation pattern detection algorithm iteratively identifies words within the scope of 

negation based on dependency parsing. We evaluated the performance of the concept annotation algorithm on 2771 

radiology reports using two radiologists. The radiologists manually validate 10,842 findings in their flagged sentences 

and found only 84 semantically inaccurate detections leading to an overall finding annotation precision of 96.2%.  

 

Using this algorithm, we annotated 206K the CXR reports from the MIMIC III with the core findings from the CXR 

vocabulary. After the annotation step, we represented each report as a vector of unique annotated core findings. For 

core findings mentioned in the negative context, term “no” is added before the core findings. For example, here is a 

sample core findings vector that represents a report in the format of positive and negated core findings - [“no 

pulmonary edema”, “aspiration”, “pneumonia”, “no pneumothorax”]. Each report is associated with one or more CXR 

images. The core findings vector generated from the 206K reports are used to annotate the associated 473K CXR 

images from MIMIC_III dataset with CXR findings. 

 

2.2 Experimental set-up 

 

Our objective in this experiment is to predict a large set of CXR findings using a deep neural network classifier and 

improve prediction outcomes using a knowledge-driven reasoning algorithm. We have selected a set 54 labels (Table 

2) that represents clinically essential CXR findings and for which we had enough training data (at least 1000 images 

per label). These labels are reviewed by our clinicians to define their semantics and scope. For the experiment, we 

used the annotated reports and CXR images mentioned in the previous section. To generate an experimental dataset, 

we selected 339,558 CXR images out of 473,057 CXR images from the MIMIC III dataset, that are annotated with at 

least one selected label. The dataset is divided into training (70%), validation (10%) and testing (20%) dataset. The 

data sampling algorithm maintains similar frequency distribution of labels within training, validation and test data. 

The splitting algorithm sorts the distribution of labels by their frequency of occurrences, and iteratively assigns the 

images from distinct patients to the three datasets taking care to maintain the ratio of 70%, 10%, 20% for training, 

validation and test datasets. This dataset is used for the training and testing of the deep neural network classifier. The 

outcome of the DL module (i.e. the deep neural network classifier’s label prediction on the testing dataset) is given as 

an input for the reasoning module. The reasoning module splits the output from the DL module into training (80%) 

and testing (20%) datasets. Next, we will describe our methodology for computing statistical correlations between the 

labels and the reasoning algorithm. 

 

azygous fissure (benign), bone lesion, bullet/foreign bodies, calcified nodule, clavicle fracture, consolidation, 

contrast in the gi or gu tract, cyst/bullae, degenerative changes, diffuse osseous irregularity, dilated bowel, 

dislocation, elevated hemidiaphragm, elevated humeral head, enlarged cardiac silhouette, enlarged hilum, fracture, 
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hernia, humerus fracture, hydropneumothorax, hyperaeration, increased reticular markings/ild pattern, 

linear/patchy atelectasis, lobar/segmental collapse, lobectomy, lymph node calcification, mass/nodule (not 

otherwise specified), mediastinal displacement, multiple masses/nodules, new fractures (acute fractures), normal 

anatomically, not otherwise specified calcification, not otherwise specified opacity (pleural/parenchymal opacity), 

old fractures, osteotomy changes, other soft tissue abnormalities, pleural effusion or thickening, 

pneumomediastinum, pneumothorax, post-surgical changes, pulmonary edema/hazy opacity, rib fracture, scapula 

fracture, scoliosis, shoulder osteoarthritis, spinal degenerative changes, spinal fracture, sternal fracture, sub-

diaphragmatic air, subcutaneous air, superior mediastinal mass/enlargement, tortuous aorta, vascular calcification, 

vascular redistribution 

 

Table 2. List of selected 54 CXR findings labels 

 

2.3 Compute statistical correlations between labels 

 

In this step, we compute the statistical correlation between labels based on their co-occurrence with other labels across 

the entire reports collection (206K reports). A label can be mapped to multiple core findings (a one to many mapping) 

from the CXR vocabulary. The mapping between the core findings is identified and reviewed in the CXR vocabulary 

generation process (Section 2.1). Clinicians reexamine the mapping between the selected 54 labels and the core 

findings to ensure the correctness. As mentioned in the previous Section 2.1, each report from the report collection is 

annotated with the core findings and represented as a core finding vector. For the label correlation computation, we 

took 206K core findings vectors as an input. Using the label to core findings mapping, we transform all the core 

findings vectors to label vectors by replacing the core findings with their respective mapped label. Since only a subset 

of the CXR findings are mapped to selected labels and not all reports contain findings related to the selected labels, 

after the vector transformation some label vectors were empty. As we are computing the co-occurrence, after the 

vector transformation, we retained only the vectors that have at least two labels. 

 

In the next step, for each selected label, we scan all the report label vectors and keep a count of the number of times a 

label co-occurs with the rest of the labels from label-set. Here is a of label co-occurrence count example (Table 3) that 

shows "pleural effusion or thickening" has co-occurred with "opacity" in 53,338 label vectors and with "linear/patchy 

atelectasis" in 20,389 label vectors. 

 

Label Co-occurred labels co-occurrence count 

pleural effusion or thickening 

opacity 53338 

linear/patchy atelectasis 20389 

not otherwise specified opacity 

(pleural/parenchymal opacity) 

16766 

consolidation 7734 

lobar/segmental collapse 4114 

chest tube 2466 

 

Table 3. Label co-occurrence example 

 

Finally, we computed co-occurrence normalization that rescales the co-occurrence values into a range of [0,1]. Here 

1 is  the highest co-occurrence and 0 being the least co-occurrence. We have used feature scaling normalization 

formula, Xnorm=(X−Xmin)/Xmax−Xmin , where X is the original co-occurrence frequency, Xnorm is the normalized co-

occurrence value, Xmin and Xmax are the minimum and maximum co-occurrence frequencies.  

 

An important point to note is that the normalized co-occurrence between two labels is a function of the label’s co-

occurrence frequency with other labels. Thus, two labels (A, B) may have different normalized co-occurrence values 

for (label A, label B) and (label B, label A). To illustrate this fact, consider the following 7 documents represented as 

label vector with labels L1-5.  

 

Doc 1: {L1, L3, L5} 

Doc 2: {L1, L3} 

Doc 3: {L1, L3, L4} 
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Doc 4: {L1, L4, L5} 

Doc 5: {L1, L4} 

Doc 6: {L1, L3} 

Doc 7: {L3, L4} 

 

We calculated the normalized co-occurrence between labels using the feature scaling normalization formula (Table 

4). In this example, normalized co- occurrence values for L1 and L3 are the same i.e.  (L1, L3) = (L3, L1) while for L3 

and L4 they are different i.e. (L3, L4) ≠ (L4, L3).  

 

Metric Values 

Co-occurrence frequency L1 {L2 = 0, L3 = 4, L4 = 3, L5 =2} 

Normalized co-occurrence values for L1 (L1, L2) = 0, (L1, L3) = 1, (L1, L4) = 0.75, and (L1, L5) = 0.50 

  

Co-occurrence frequency L3 {L1 = 4, L2 = 0, L4 = 2, L5 =1} 

Normalized co-occurrence values for L3 (L3, L1) = 1, (L3, L2) = 0, (L3, L4) = 0.50, and (L3, L5) = 0.25 

  

Co-occurrence frequency L4 {L1 = 3, L2 = 0, L3 = 2, L5 =1}  

Normalized co-occurrence values for L4 (L4, L1) = 1, (L4, L2) = 0, (L4, L3) = 0.66, and (L4, L5) = 0.33 

 

Table 4. Normalized label co-occurrence using feature scaling  

 

We followed these identical steps to compute the co-occurrence between all label pairs for the selected 54 labels using 

the report label vectors.  

 

2.4 Deep learning Module  

 

As mentioned in the experimental set-up (section 2.2), DL module used of 339,558 CXR images dataset labeled with 

selected 54 labels. An architecture of our DL model (deep neural network classifier) shown in Figure 315. It combines 

the advantages of pre-trained features with a multi-resolution image analysis through a feature pyramid network16 for 

fine-grained classification. Specifically, VGGNet (16 layers)17 and ResNet (50 layers)18 were used as the initial feature 

extractors and trained on multi-million image collection from ImageNet19. Dilated blocks composed of multi-scale 

features20 and skip connections21 were used to improve convergence while spatial dropout was used to reduce 

overfitting.  Group normalization (16 groups)22 is used, along with a Rectified Linear Unit (ReLU) as the activation 

function. Dilated blocks with different feature channels are cascaded with max pooling to learn more abstract features, 

and bilinear pooling is used for effective fine-grained classification23.  

 

Once trained, the neural network can be used to predict the likelihood of a label in a given image. To ensure we report 

as few irrelevant findings while still detecting all critical findings, we select operating points or threshold on the ROC 

curves per label such that an objective function reflecting this tradeoff is minimized. Specifically, we form an objective 

function 𝐿(𝜃) = −ln(
1

𝑛
∑ F1i𝑛
𝑖=1 (𝜃)), by averaging the F1 score per image 𝑖 across all images 𝑛 of a validation set. 

The neural network architecture shown in Figure 1 was used to train and predict the 54 findings on the dataset.  The 

images were of high resolution (1024x1024) so training completed in approximately 8 days using multi-GPU 

machines. We have used F1-score for optimizing the per-label thresholds to maximize the DL module’s performance.  
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Figure 1. Deep learning module’s neural network architecture for CXR finding detection 

  

2.5 Knowledge-driven Reasoning 

 

The objective of the reasoning algorithm is to improve upon the DL model’s label prediction outcome by leveraging 

the knowledge about label co-occurrences. The outcome of the DL module (i.e. the neural network classifier’s label 

prediction for each image in the testing dataset) is given as an input for the reasoning module. The label prediction 

vector contains the DL module’s probabilistic prediction values (between 0 and 1) for all 54 labels. DL module also 

provides the threshold for each label. The DL model determines the threshold that maximizes the model’s performance. 

The threshold is used to determine if the predicted label is true (1) or false (0). If the predicted value for the label is 

greater or equal to the threshold, then the label is true otherwise, it is false.  The reasoning module spilt the output 

from the DL module into training (80%) and testing (20%) datasets. The training dataset is used for the reasoning 

algorithm development while the testing dataset is used to test the performance of the reasoning algorithm on the 

unseen data. 

 

Following are the major steps involved in the algorithm:  

 

1. For each image in the development set, transform the DL module’s output prediction vector into a binary 

vector (0/1) using the labels’ threshold values.  

2. Compare the DL module’s predicted binary vector (from step 1) with the ground truth binary vector. Based 

on this comparison, compute the DL module’s performance (precision, recall and F1-score). This is the 

baseline performance for the reasoning algorithm.  

3. The reasoning algorithm modifies the label prediction value from DL module based on label co-occurrence 

scores.  The four algorithm parameters are:  

a. Label co-occurrence boosting threshold: This parameter signifies the threshold for normalized label 

co-occurrence score above which the algorithm boosts (increases) the predictive value of other label 

classes. In other words, for a given true label_a, the algorithm increases the predictive value of other 

label classes if they have a normalized co-occurrence score with the label_a above the boosting 

threshold.  

b. Label Co-occurrence discounting threshold: This parameter signifies the threshold for normalized 

label co-occurrence score below which the algorithm discounts (decreases) the predictive value of 

other label classes. In other words, for a given true label_a, the algorithm decreases the predictive 

value of other label classes if they have a normalized co-occurrence score with the label_a below 

the discounting threshold.  

c. Boosting delta: This parameter signifies the value by which the algorithm increases the predictive 

value of co-occurred label classes. 

d. Discounting delta: This parameter signifies the value by which the algorithm decreases the 

predictive value of co-occurred label classes 

4. In a nutshell, given a class label (radiology finding) is true, the algorithm  

a. boosts the predictive value of other label classes that have the normalized label co-occurrence score 

above the Label co-occurrence boosting threshold  

b. discounts the predictive value of other label classes that have the normalized label co-occurrence 

score below the Label Co-occurrence discounting threshold. 
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5. The objective function is to find optimal values for these 4 parameters that will maximize the performance 

of the algorithm. To do so, we use a hyperparameter optimization technique by performing an exhaustive 

grid search in a 4-(parameter) dimensional space. 

6. In order to identify the optimal values for the 4 parameters, the algorithm iterates over multiple combinations 

of possible values of each parameter. Following are (Table 5) the ranges and delta by which these parameters 

are increased in each iteration. 

 

Parameter Range 
Delta increase 

in each iteration 
Iterations 

Label co-occurrence 

boosting threshold 

0.4 -1.0 0.01 60 

Label Co-occurrence 

discounting threshold 

0 -0.2 0.01 20 

Boosting delta 0.01 – 0.5 0.01 50 

Discounting delta 0.01 – 0.5 0.01 50 

 

Table 5. Total number of algorithm iterations 3 million, algorithm complexity n4  

 

Results 

 

We used a vocabulary-driven concept annotation algorithm and enhanced with natural language processing to annotate 

206K the CXR reports from the MIMIC III dataset with the core findings from the vocabulary. We represented these 

reports in the format of the core finding vectors.  In order to compute the statistical correlation between selected 54 

labels, we transformed the core finding vectors to label vectors based on the labels to core findings mapping. We 

calculated the normalized co-occurrence score between labels based on their co-occurrence with other labels across 

the entire reports collection. We used a deep neural network architecture for finding detection and optimized the DL 

module’s performance on F1-score. The outcome of the DL model is given as an input for the reasoning module. The 

reasoning algorithm modifies the prediction score from the DL model based on the label correlations and using a 

hyperparameter optimization by performing an exhaustive grid search in a 4-dimensional space. We calculated mean 

average label-based precision, mean average label-based recall and mean average label-based F1-score detected labels 

for both DL module and reasoning module. The reasoning algorithm takes DL module’s performance as the baseline 

and improves upon it by investigating different configurations of co-occurrence based on hyperparameter optimization. 

The algorithm performs 3 million iterations to find optimal values of the algorithm’s four parameters that can 

maximize the overall algorithm performance (F1-score).  

 

Configuration Algorithm Precision Recall F1-Score 
% improvement over 

baseline F1-Score 

Baseline DL Module 0.7822 0.7647 0.7733 - 

With boosting only Reasoning 0.7999 0.7708 0.7850 1.51% 

With discounting 

only 
Reasoning 0.8407 0.8193 0.8298 7.30% 

With boosting and 

discounting (Overall)  
Reasoning 0.8540 0.8335 0.8436 9.09% 

 

Table 6. Performance of deep learning module as a baseline and performance of reasoning algorithm with different 

configurations of the reasoning algorithm 

 

In the “boosting only” configuration, for a true label, the algorithm boosts (increases) the predictive value of other 

label classes (by a boosting delta) that have the normalized label co-occurrence score above the Label co-occurrence 

boosting threshold. While in the “discounting only” configuration, for a true label, the algorithm discounts (decreases) 

the predictive value of other label classes (by a discounting delta) that have the normalized label co-occurrence score 

above the Label co-occurrence discounting threshold. In the “boosting and discounting” configuration, both boosting 

and discounting functions are performed. The results of the experiments are shown in (Table 6).  The last column in 

the (Table 6), shows the relative percentage improvement over baseline F1-Score and it is calculate using percent 

increase formula ((new value− old value)/(old value))×100. The algorithm improved the baseline F1-score by 1.51% 
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with the “boosting only” configuration. We observed significant improvement in the F1-score (by 7.30%) with the 

“discounting only” configuration. With both the “boosting and discounting” configuration, the reasoning algorithm 

significantly (9.09%) improves upon the baseline deep learning module performance.  

 

Discussion and Conclusion 

 

Currently, radiologists are overwhelmed with the rising number of medical images that they need to interpret per day. 

With the promise of AI and exponential growth the deep learning in the medical image analysis field, there is a hope 

that in the near future, some of the radiologists’ workload can be alleviated with DL based radiologist assistants. In 

this work, we are focusing on the CXRs as they are the most common imaging modality read by radiologists in 

hospitals and teleradiology practices. DL methods are state-of-the-art techniques for CXR findings detection. While 

there are many papers published in the area of CXR findings detection using DL techniques, there is a not much focus 

on leveraging knowledge from the associated radiology reports to improve DL models’ performance. CXR reports are 

a great source of knowledge. Tapping into such knowledge and using it in conjunction with DL models can further 

advance the success of DL techniques in the medical image analysis field. In this paper, we presented a knowledge-

driven reasoning algorithm that leverages knowledge learned from X-ray reports to improve upon the DL module 

performance for CXR finding detection. The reasoning algorithm takes the DL module’s performance as the baseline 

and improves upon it by investigating different configurations of co-occurrence based hyperparameter optimization. 

The reasoning algorithm significantly improves upon the baseline deep learning module performance on F1-score (by 

7.30%) with the “discounting only” configuration and (by 9.09%) with both the “boosting and discounting” 

configuration. These results indicate that the reasoning algorithm improves the overall performance by considerably 

reducing false positives. 

 

Our results suggest that combining deep learning and knowledge from radiology reports as extra information in a 

hybrid framework can further enhance overall system’s performance in findings detection. Building upon prior 

observations is an essential source of knowledge in learning. “Knowledge-Asssisted Learning,” the blending of 

deep/machine learning with knowledge, can be very powerful, as shown in this study. This work can be further 

extended in multiple directions. One possible direction is to investigate the utilization of other information features 

from the radiology reports that can be incorporated into the knowledge assisted deep learning framework. The other 

information features include demographic information (gender, age-groups), the reason for visit information, and 

mentioned signs and symptoms. The DL algorithms are like a black box and they often ignores domain knowledge 

and structure in favor of massive data sets. The features discovered by deep learning exhibit complexity and subtlety 

that make them challenging to analyze and understand. The utilization of relevant knowledge facilitates explainability. 

This hybrid framework will potentially promote the use of knowledge in building computational models. While the 

impact of this approach is transferable to (and replicable in) to other domains, the clear implications are potentially 

immense for the healthcare domain. We hope that this work provides a step towards the usage of knowledge from 

radiology reports into traditional image-only based deep learning frameworks. 
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Abstract 
 
Predictive models can be useful in predicting patient outcomes under uncertainty. Many algorithms employ 
“population” methods, which optimize a single model to perform well on average over an entire population, but the 
model may perform poorly on some patients. Personalized methods optimize predictive performance for each patient 
by tailoring the model to the individual. We present a new personalized method based on decision trees: the 
Personalized Decision Path using a Bayesian score (PDP-Bay). Performance on eight synthetic, genomic, and 
clinical datasets was compared to that of decision trees and a previously described personalized decision path 
method in terms of area under the ROC curve (AUC) and expected calibration error (ECE). Model complexity was 
measured by average path length. The PDP-Bay model outperformed the decision tree in terms of both AUC and 
ECE. The results support the conclusion that personalization may achieve better predictive performance and 
produce simpler models than population approaches. 
 
Introduction 
 
A central challenge in clinical medicine is accurate prediction of risk of developing disease and of outcomes in those 
with existing disease. For example, clinicians seek to assess the risk of developing diseases such as chronic 
pancreatitis and to estimate the chance of serious morbidity and mortality in patients with conditions like heart 
failure and community acquired pneumonia (1). Predictive models have the potential to provide high-quality 
predictions that guide clinical decision making to improve patient care. 
 
Machine learning methods produce predictive models for specific patient outcomes by identifying patterns in large 
clinical and biomedical datasets. In the standard paradigm, a single model is produced from a collection of patient 
cases, and then the model is applied to all future patients to predict the outcome of interest. Such a population model 
is optimized to perform well on average on an entire population of future patients. This approach does not ensure 
optimal performance for every member of the population, however. 
 
An alternate approach when seeking to make a prediction for a specific patient of interest (or test case) is to 
construct a model tailored to the specific features of that patient. This approach allows a method to use information 
about the test case to guide optimization of the model, resulting in a personalized model. In contrast to the 
population model, the personalized model is optimized to perform well for the test case of interest. This optimization 
is achieved by utilizing information about the test case to guide the search for the best model.  
 
Personalized methods may therefore result in improved predictive performance because every test case has a tailored 
predictive model. Additionally, they may produce more concise, simplified models, as each model must only predict 
well for a single test case, not for all possible cases. These concise models may be easier for clinician-users to 
interpret, leading to better understanding of both the strengths and limitations of the models. Also, a personalized 
modeling approach may better identify rarely occurring but highly predictive features that might otherwise be 
overlooked in a population model, allowing personalized models to not only produce better predictions but also 
provide insight into personalized risk factors. 
 
An example of a classical personalization method is k-Nearest-Neighbor (kNN) (2). In this approach, the k most 
similar samples to the test case are selected from the training dataset, and an average or majority vote is used to 
make a prediction for the test case. kNN does not construct a model, per se, but uses the matched cases directly to 
predict an outcome. It is possible, however, to apply machine learning to matched cases to construct a personalized 
model. For example, decision trees (a popular type of population model in biomedicine) can be personalized. One 
approach to personalizing the decision tree is to use the cases in the training dataset that are most similar to the test 
case to construct just one path in the tree. Such personalized-decision-path approaches have been shown to improve 
predictive performance and generate simpler models than the standard decision tree (3–5). 
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In this paper, we present a new method called the Personalized Decision Path that uses a Bayesian score (PDP-Bay). 
We hypothesized that the new method will perform better than population decision tree approaches and a previously 
described personalized decision path method called the Personalized Decision Path that uses an Entropy score (PDP-
Ent), and we evaluated this hypothesis on a range of synthetic and real datasets. 
 
Background 
 
In this section, we provide brief descriptions of decision trees that are population models and decision paths that are 
examples of personalized models. 
 
Decision Trees. The decision tree model consists of interior nodes that represent predictor variables and (terminal) 
leaf nodes that represent parameters of the predictive probability distribution of the target variable, such as a clinical 
outcome (6). We differentiate between a variable and a feature; a feature is a variable – value pair. For example, if 
variable V denotes a history of angina and takes values absent and present, then V = absent and V = present are 
features. Note that there are two distinct features that correspond to a single binary variable V, and a patient will 
have only one of the two features for V. A path in the tree from the root node to a leaf node represents a conjunction 
of features, and the parameters in the leaf node are estimated from the known outcomes of cases in the training set 
whose features match the features in the corresponding path. 
 
To perform inference for a test case using a decision tree, a path in the tree is identified such that all of the features 
in the path match the features of the test case, and the parameters in the leaf node specify the probability distribution 
of the target variable. Each test patient will have only one applicable path in the tree.  
 
As it is computationally intractable to exhaustively search the space of all possible entire decision trees, decision 
tree methods rely on heuristic search to derive a locally optimal model from a dataset. Many decision tree methods 
use greedy search (called recursive splitting) to optimize a specified scoring criterion. At each step, every candidate 
variable is scored using the criterion, and the best-scoring variable is added to the tree, splitting the variable space 
into distinct branches in the process. The next best-scoring variable is then identified; this process is repeated until a 
stopping condition is met. Decision tree methods differ in the scoring criterion used: the Classification And 
Regression Tree (CART) uses the Gini index (7), while the Interactive Dichotomizer 3 (ID3) and the C4.5 use 
entropy (6).  
 
Decision Paths. A decision path model is also derived from a dataset using greedy search and optimizes a scoring 
criterion. Unlike a decision tree, the decision path model consists of a single path (rather than a collection of paths) 
whose features are shared by the test case. The search proceeds by extending the path by appending one feature 
(rather than a variable as in the tree) at a time from the test case that optimizes the scoring criterion.  
 
Figure 1 illustrates the difference between a decision tree model and a decision path model for predicting in-hospital 
mortality for a patient admitted with heart failure. For the current patient, the decision tree model contains a path 
with features that are present in that patient, and the decision path model contains just one path with features from 
the patient. The probabilities of in-hospital mortality estimated by the decision tree and the decision path are 1.0 and 
0.03 respectively. The patient in this case did not die in the hospital. With a probability threshold of 0.5, the decision 
tree would misclassify the patient, but the decision path would classify them correctly. Furthermore, the features in 
the two paths differ, and in this example the path in the tree has more features than the personalized path.    
 
Several methods that construct decision path models have been described in the literature. One of the earliest 
methods is the Lazy Decision Tree (Lazy DT) (3), which uses a greedy search strategy and entropy as the scoring 
criterion to build a single path. Ferreira et al. developed two patient-specific decision path methods (4) that use 
entropy and balanced accuracy as the scoring criteria and apply pruning to the models. Visweswaran et al. described 
three personalized decision path methods (5) that use a Bayesian score, entropy, and area under the receiver 
operating characteristic curve (AUC) as scoring criteria. All personalized path methods demonstrated improvements 
in performance over decision trees in terms of accuracy or AUC.  
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Figure 1. An example decision tree and a personalized decision path for predicting in-hospital mortality for a 
patient admitted with heart failure. Panel (a) lists the variables and corresponding values for a patient (test case) 
whose outcome we want to predict. Panel (b) shows a decision tree and the path (arrows in bold) used for inference 
for the patient, and panel (c) shows a personalized decision path (derived by the PDP-Bay method that is described 
in the section on Algorithmic Methods) for the patient. Terminal leaf nodes contain counts of corresponding training 
samples who survived or died during hospitalization. The patient in this case survived. 
 
Algorithmic Methods 
 
In this section, we provide details of the novel personalized decision path method. We first describe the PDP-Bay 
method in depth and then provide brief descriptions of PDP-Ent and decision tree methods used for comparison. 
 
The PDP-Bay Method 
We first describe the model structure, then the search strategy, and finally the scoring criterion of PDP-Bay. 
 
Model structure. A decision-path model M is represented as M = (S,q ), where S is a path and q are the parameters 
of the probability distributions over the target T, which can take r possible values denoted by (t1, t2,… tk,…, tr). Let V 
= (X1, X2,…, Xi,…, Xn) be a list of the n variables in the training dataset D. A path S consists of a conjunction of q 
features, such that S = (X1 = x1 Ù X2 = x2 Ù … Xj = xj Ù … Ù Xq = xq). The variable list VS = (X1, X2,…, Xj,…, Xq) is a 
subset of V. The value list vS = (x1, x2,…, xj,…, xq) consists of values for the variables in VS in the test case. Finally, 
the parameter list q = (q1, q2,…, qk ,..,qr) denotes the r probabilities for the distribution P(T | VS = vS) over the target 
variable T.  

604



The values of those probabilities are estimated from the cases in the training set for which VS = vS. To control for 
overfitting, we use a Bayesian estimator called the K2 score for calculating these probabilities. The estimate for 
probability qk is given as follows:  
 
𝜃! ≡ 𝑃(𝑇 = 𝑡!|𝑽" = 𝒗") =

#$%!
&$%

	,         (1) 
 

where N is the number of cases in the training set that satisfy VS = vS and Nk is the number of those cases that satisfy 
VS = vS and for which T = tk. 
  
Search strategy. The pseudocode for the PDP-Bay method is shown in Figure 2. The method uses a forward-
stepping, greedy hill-climbing search and a sample-normalized Bayesian score (explained below) as the criterion for 
evaluating features for inclusion in the path. Beginning with an empty path S, the algorithm successively adds 
features to S that locally maximize the score, until the score can no longer be improved. Currently, the method is 
designed to work with discrete data only. 
 
PDP-Bay uses a training dataset D and a test case Test. For each possible feature X = x, the algorithm temporarily 
appends X to S to produce candidate path S’. This path is scored using training data DTemp, which is the data for all 
cases that share values with Test for the features in S’. If the score of S’ is greater than that of S, the score and 
candidate feature are stored. When all the features in V have been scored, the highest scoring feature is appended to 
S to create a new version of S, and the training dataset is reduced to cases that share values with Test for the 
variables in that new S. The growth of the path is terminated when no candidate feature can improve the score of 
path S, no remaining training cases share values with Test for the variables in S’, or all remaining cases have the 
same value for T. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Pseudocode for the PDP-Bay method. 

PDP-Bay (V, D, Test) 
 INPUT: V = (X1, X2,…, Xi,…, Xn) , 
   D is a training dataset of cases described using V and target variable T, 
   Test is data for a test case that is not in D and whose T is to be predicted 
 OUTPUT:  S, where S is a personalized path for the test case and an estimate of P(T | Test) 

1  
1 S ← path with no predictor variables with a single leaf node 
2 DPath ← D  
3 BayScore ← Bayesian score of S computed from DPath using Equation 6 

2 4    LOOP until DPath is empty or all cases in DPath have the same value for T 
3 5   BayScoreBest ←BayScore 
4 6   FOR each variable X in V whose value is not missing and takes the value x in Test DO 
5 7    S’ ← add X = x to S 
6 8    DTemp ← cases in DPath with X = x 
7 9    BayScoreTemp ← Bayesian score of S’ computed from DTemp using Equation 6 

10    IF BayScoreTemp > BayScoreBest THEN 
11     BayScoreBest ← BayScoreTemp  
12      XBest ← X 

8 13    END IF 
9 14   END FOR 
10 15   IF a XBest is found THEN 
11 16    S ← add XBest to S 
12 17    DPath ← cases in DPath with X = x 
13 18    V ← remove XBest from V 
23 19   ELSE 
24 20    EXIT from LOOP 
25 21   END IF 
26 22  END LOOP 
27 23  RETURN S with P(T | Test) that is estimated using Equation 1 from training data that satisfy S 
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Bayesian scoring criterion. The PDP-Bay method uses a Bayesian score, the derivation of which we outline in 
brief. Given a candidate path S’ that is derived from path S by temporarily appending a candidate feature X = x, we 
compute the posterior probability of the path S’ (i.e., the model) given the data, DTemp, that contains the cases that 
satisfy the path S’ as   
 
𝑃(𝑆'|𝐷𝑇𝑒𝑚𝑝) ∝ 𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆')𝑃(𝑆').        (2) 
 
We assume all paths to be equally likely a priori; therefore, 𝑃(𝑆′|𝐷𝑇𝑒𝑚𝑝) ∝ 𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆′). Using the Bayesian 
approach, we compute the marginal likelihood of the data given the path, 𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆′), by integrating over the 
parameter values: 
 
𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆′) = ∫ 𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆', 𝜽)𝑃(𝜽|𝑆')𝑑𝜽	

𝜽 ,       (3) 
 
where 𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆′, 𝜽) is the likelihood of the data given the path-model (𝑆', 𝜽) and 𝑃(𝜽|𝑆') is the prior 
distribution over different parameter values. Assuming parameter modularity and independence and that the 
variables are discrete, no data is missing, cases occur independently, and parameter priors follow a Dirichlet 
distribution, we compute the integral in Equation 3 in closed form using the K2 score (8), which is given by 
 
𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆′) = (&+#)!

(%$&+#)!
	∏ 𝑁!!&

!.# 	,        (4) 
 
where r is the number of values of the target T, Nk is the number of cases in DTemp for which T = tk, and 𝑁 =
∑ 𝑁!&
!.# , which is equal to |DTemp|.  

 
We sample-normalize the posterior probability by taking the geometric mean to enable score comparison between 
paths with varying sample sizes. The sample-normalized posterior probability represents how well on average P(T | 
Test) predicts the cases in DTemp. For computational efficiency and precision, the final score is calculated in 
logarithmic form. The score of a path S’ that includes the addition of variable X is therefore defined as 
 
𝐵𝑎𝑦𝑆𝑐𝑜𝑟𝑒(𝑆′) = log F𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆')# %/ G.        (5) 
 
Substituting the equation for 𝑃(𝐷𝑇𝑒𝑚𝑝|𝑆') from Equation 4 into Equation 5, we obtain 

𝐵𝑎𝑦𝑆𝑐𝑜𝑟𝑒(𝑆') = log HI (&+#)!
(%$&+#)!

	∏ 𝑁!!&
!.# J

#
%/ K = #

%
Ilog F (&+#)!

(%$&+#)!
G + ∑ log	𝑁!!&

!.# 	J.   (6) 

The BayScore is simpler than the Bayesian score that is used in the DP-Bay method (5). In the DP-Bay method, for 
a candidate path S’ the data is partitioned into DTemp and D – DTemp that contain cases that satisfy the path S’ and 
cases that do not satisfy the path S’, respectively. The score for the path S’ is computed as the K2 score of DTemp 
and D – DTemp. Thus, the DP-Bay score uses all the cases in D while the BayScore uses only the cases in DTemp. 
 
The PDP-Ent Method  
The PDP-Ent method is our implementation of a previously described decision path method that uses an entropy 
score (like Lazy DT (3)) and utilizes a search strategy that is similar to that used in the PDP-Bay method. For a 
candidate path S’ and data DTemp that contains the cases that satisfy the path S’, the entropy is given by 
 
𝐻(𝑆) = 	−	∑ 𝑃(𝑇 = 𝑡!|𝑽" = 𝒗") log0 𝑃(𝑇 = 𝑡!|𝑽" = 𝒗")&

!.# ,      (7) 
 
 
where P(T = tk) is the proportion of the dataset DTemp that includes samples that have the value tk for T. The search 
selects variables that maximize the model score, and so we maximize the negative entropy to minimize overall 
entropy. Thus, the score of a variable 𝑋 under consideration for inclusion in the path S’ is defined as 
 
𝐸𝑛𝑡𝑆𝑐𝑜𝑟𝑒(𝑆′) = 	∑ 𝑃(𝑇 = 𝑡!|𝑽" = 𝒗") log0 𝑃(𝑇 = 𝑡!|𝑽" = 𝒗").&

!.#      (8) 
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After some algebraic manipulation, Equation 8 can be rewritten as 
 
𝐸𝑛𝑡𝑆𝑐𝑜𝑟𝑒(𝑆′) = #

%
I∑ 𝑁!	log0

%!
%

&
!.# J,         (9) 

 
where 𝑁 is the number of cases in the training set that satisfy VS = vS, 𝑁! is the number of those cases that satisfy VS 
= vS and for which T = tk, and the term inside the parentheses is the log-likelihood. Thus, the PDP-Ent method uses 
Equation 9 instead of Equation 6 in Figure 2.  
 
In the PDP-Ent method, we use the maximum likelihood estimator to calculate the probabilities θ associated with a 
path S. The estimate for probability 𝜃! is given by 
 
𝜃! ≡ 𝑃(𝑇 = 𝑡!|𝑽" = 𝒗") =

%!
%

 ,         (10) 
 
where 𝑁 is the number of cases in the training set that satisfy VS = vS and 𝑁! is the number of those cases that 
satisfy VS = vS and for which T = tk. This is a common estimator that is used in many decision tree methods. Thus, 
the PDP-Ent method uses Equation 10 instead of Equation 1 in Figure 2.  
 
The Decision Tree Method 
The decision-tree model M is represented as M = (T,q ), where T = (S1, S2,…, Sh,…, Sm) is a collection of m paths. 
Given a training dataset D, the method performs forward stepping, greedy hill-climbing to add one variable at a time 
that locally minimizes the entropy (or maximizes information gain), which is given by 
 
𝑇𝑟𝑒𝑒𝑆𝑐𝑜𝑟𝑒(𝑇) = ∑ F|2""||2|

∑ 𝐻(𝑆3)	
3 G4

3.# ,        (11) 
 
where 𝐷𝑆3 is the set of cases in D that satisfy the path 𝑆3 and 𝐻(𝑆3) is given by Equation 7. Like in PDT-Ent, we 
use the maximum likelihood estimator as given by Equation 9 for calculating the probabilities θ associated with a 
path 𝑆3. This is a standard implementation of information gain in decision tree algorithms (6). The decision tree 
method does not perform pruning and terminates when the addition of a variable does not decrease the TreeScore.  
 
Experimental Methods 
 
In this section, we describe the datasets used for the study, the experimental design and evaluation, and the methods 
used to implement the experiments. 
 
Datasets 
We used five main datasets that included synthetic, genomic, and clinical datasets. We provide brief descriptions of 
the datasets in Table 1. 
 
Table 1. Description of the datasets used in the experiments described in this paper.  
 

Dataset # Variables # Values 
per variable 

# Target values Training set 
# samples (# cases) 

Test set 
# samples (# cases) 

synthetic-large  1000  3  2  9000 (1124)  1000 (146)  
synthetic-small  35  3  2  9000 (1124)  1000 (146)  
chronic-pancreatitis  142  3  2  1761 (784)  440 (196)  
pneumonia  156  2-8  2  1601 (182)  686 (79)  
sepsis-d  19  2-5  2  1115 (130)  558 (59)  
sepsis-s  18  2-5  2  1115 (332)  558 (146)  
heart-failure-d  17  2-7  2  7453 (333)  3725 (167)  
heart-failure-c  20  2-7  2  7453 (837)  3725 (418)  
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Synthetic dataset. The large dataset consists of 1,000 single nucleotide variants (SNVs) as predictor variables and a 
binary disease variable that was modeled as a function of 35 “signal” SNVs. The first 25 signal SNVs were modeled 
as rare variants with minor allele frequencies (MAFs) sampled uniformly from (0.0001, 0.01) and odds ratios within 
(2, 10). The remaining 10 signal SNVs were modeled as common variants with MAFs sampled uniformly from 
(0.05, 0.50) and odds ratios within (1.05, 1.50). The remaining 965 SNVs serve as “noise” variants, ranging from 
common to rare with no effect on the disease status. The small dataset consists only of the 35 “signal” SNVs and the 
binary disease variable. Both datasets consist of 10,000 “patients,” of which 12.7% have a disease target value. 
 
Chronic pancreatitis dataset. This dataset was collected as part of the multicenter North American Pancreatitis 
Study 2 (9). It consists of the predictor variables, which are 142 SNVs, and a binary target variable (developed 
chronic pancreatitis or not). The data were previously de-identified and consist of 2,201 patients, 980 of whom were 
diagnosed with chronic pancreatitis, and 1,221 of whom were not. 
 
Pneumonia dataset. This dataset was collected by the Pneumonia Patient Outcomes Research Team in a multisite 
study (10). The dataset consists of 2,287 adult patients admitted with community acquired pneumonia. From data 
collected at the time of presentation, we have 156 predictor variables, which include clinical, laboratory, and 
radiographic findings. The target variable is a binary variable called dire outcome. A patient was considered to have 
experienced a dire outcome if any of the following occurred: 1) death within 30 days of presentation, 2) an initial 
intensive care unit admission for respiratory failure, respiratory or cardiac arrest, or shock, or 3) the presence of one 
or more specific, severe complications. According to these criteria, 261 patients experienced a dire outcome and 
2,026 did not. 
 
Sepsis dataset. The sepsis dataset was collected in the multisite Genetic and Inflammatory Markers of Sepsis 
(GenIMS) project (11). Data were collected on 1,673 patients who were admitted from an emergency department 
with a diagnosis of community acquired pneumonia. From the data collected at the time of presentation, we have 19 
predictor variables that consist of demographic, clinical, and genetic findings as well as inflammatory markers. Two 
binary outcome variables were used: 1) death within 90 days of enrollment in the study, which was true for 189 
patients (sepsis-d dataset) and 2) development of 
severe sepsis during hospitalization, which was true 
for 478 patients (sepsis-s dataset). 
 
Heart failure dataset. The heart failure dataset was 
collected by 192 hospitals in Pennsylvania and 
consists of 11,178 patients who presented in 
emergency departments and were admitted with a 
diagnosis of heart failure (12). There are 20 predictor 
variables that consist of demographic, clinical, 
laboratory, electrocardiographic, and radiographic 
findings. Two binary outcome variables were used: 1) 
death from any cause during hospitalization, which 
was true for 500 patients (heart failure-d dataset) and 
2) development of one or more severe complications 
(including death) during hospitalization, which was 
true for 1,255 patients (heart failure-c dataset). 
 
Experimental Protocols 
We compared the predictive performance of the novel 
personalized path method, PDP-Bay, to that of the 
previously described decision tree (DT) method and 
the PDP-Ent method on the datasets listed in Table 1. 
Each dataset was randomly split approximately 
80%/20% into a training and a test set such that the 
proportion of positive cases was the same across each 
pair of training and test sets. We trained models using 
the training sets and performed the evaluations on the 
test sets. We evaluated the methods on discrimination, 

Figure 3. ROC plots for DT, PDP-Ent, and PDP-
Bay methods applied to the chronic pancreatitis dataset. 
The respective AUCs and estimated 95% confidence 
intervals are also provided. Note that the confidence 
intervals of the PDP-Bay and DT do not overlap, 
indicating statistically significantly better performance of 
the personalized method.  
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calibration, and model complexity. For discrimination, we computed the AUC with the R package “pROC” (13). For 
calibration, we computed the expected calibration errors (ECEs), which are a measure of the difference between 
expected and predicted probabilities of outcomes (14). For model complexity, we measured the average path length 
and defined path length as the number of variables in the path that was used for inference. We statistically compared 
the path methods for each of the evaluation measures with each other and with the tree method across the datasets 
with the Wilcoxon signed-rank test statistic using the R function “wilcox.test”. We implemented the three methods 
in Python (version 3.6). We performed all experiments on a MacBook Pro with a 3.3 GHz Dual-Core Intel Core i5 
processor and 16GB of RAM, running the 64-bit macOS Sierra operating system. 
 
Results 
 
AUC. Over all datasets, the mean AUC was 0.63 for the DT method, 0.64 for the PDP-Ent method, and 0.74 for the 
PDP-Bay method. Individual AUCs for each method and dataset are shown in Table 2. As an example, the ROC 
plots for the DT, PDP-Ent, and PDP-Bay models on the chronic pancreatitis dataset are shown in Figure 3. On a 
paired two-tailed Wilcoxon signed-rank test, PDP-Bay when compared to DT had statistically significantly better 
performance at the 0.05 level (p = 0.015), and when compared to PDP-Ent had statistically significantly better 
performance at the 0.05 level (p = 0.039). PDP-Ent when compared to DT did not have statistically significantly 
better performance at the 0.05 level (p = 0.742).  
 
Table 2. AUC values with estimated 95% C.I. of DT, PDP-Ent, PDP-Bay methods for eight datasets. The bottom 
row gives the mean AUCs.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Calibration. The mean expected calibration error (ECE) was 0.16 for DT, 0.12 for PDP-Ent, and 0.10 for PDP-Bay. 
On a paired two-tailed Wilcoxon signed-rank test, PDP-Bay when compared to DT had statistically significantly 
better performance at the 0.05 level (p = 0.041), and when compared to PDP-Ent did not have statistically 
significantly better performance at the 0.05 level (p = 0.104). PDP-Ent when compared to DT had statistically 
significantly better performance at the 0.05 level (p = 0.049). ECEs for each method and dataset are shown in Table 
3. 
 
Path length. The mean path length was 7.15 for DT, 4.90 for PDP-Ent, and 5.50 for PDP-Bay. On a paired two-
tailed Wilcoxon signed-rank test, PDP-Bay when compared to DT did not have statistically significantly shorter 
paths at the 0.05 level (p = 0.148), and when compared to PDP-Ent had statistically significantly longer paths at the 
0.05 level (p = 0.039). PDP-Ent when compared to DT had statistically significantly shorter paths at the 0.05 level 
(p = 0.008). The average path length was shortest for the PDP-Ent method. Average path lengths for each method 
and dataset can be found in Table 4.  
 
 
 
 
 
 

Dataset  DT PDP-Ent  PDP-Bay 
synthetic-large  0.59 (0.55-0.63)  0.81 (0.77-0.84) 0.77 (0.72-0.82)  
synthetic-small  0.66 (0.61-0.72)  0.83 (0.79-0.86) 0.82 (0.78-0.86)  
chronic-pancreatitis  0.72 (0.68-0.77)  0.74 (0.69-0.78)  0.83 (0.80-0.87)  
pneumonia  0.67 (0.61-0.72)  0.51 (0.49-0.53) 0.66 (0.59-0.73)  
sepsis-d  0.66 (0.60-0.73)  0.55 (0.51-0.59) 0.81 (0.75-0.86)  
sepsis-s  0.63 (0.58-0.68)  0.64 (0.60-0.68) 0.74 (0.69-0.79)  
heart-failure-d  0.54 (0.51-0.57)  0.54 (0.52-0.57) 0.69 (0.65-0.73)  
heart-failure-c  0.58 (0.56-0.60)  0.52 (0.50-0.53) 0.64 (0.61-0.67)  
Mean  0.63  0.64  0.74  
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Table 3. Mean expected calibration errors (ECEs) of DT, PDP-Ent, PDP-Bay methods for eight datasets. The 
bottom row gives the average ECEs. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 4. Average ± standard deviation and range of path lengths of the DT, PDP-Ent, and PDP-Bay methods for 
eight datasets. The bottom row gives the mean path lengths. 
 

Dataset  DT  PDP-Ent  PDP-Bay 
synthetic-large  8.72 ± 1.89 (2, 13)  2.09 ± 0.396 (1, 4) 2.41 ± 0.602 (1, 4)  
synthetic-small  9.79 ± 1.91 (2, 12)  11.8 ± 4.60 (1, 25) 13.5 ± 4.85 (1, 25)  
chronic-pancreatitis  5.24 ± 2.81 (1, 11)  2.44 ± 0.720 (1, 5)  2.76 ± 0.878 (1, 6)  
pneumonia  4.78 ± 1.26 (3, 9)  2.36 ± 0.695 (1, 5) 2.96 ± 0.981 (1, 6)  
sepsis-d  5.79 ± 2.00 (2, 12)  3.15 ± 0.850 (1, 6) 3.52 ± 0.858 (1, 7)  
sepsis-s  6.25 ± 1.67 (2, 11)  3.95 ± 1.59 (0, 10) 4.26 ± 1.62 (0, 10)  
heart-failure-d  7.80 ± 2.62 (4, 17)  5.96 ± 1.60 (3, 12) 6.37 ± 1.53 (2, 12)  
heart-failure-c  8.87 ± 2.93 (2, 19)  7.42 ± 1.93 (2, 15) 8.19 ± 1.82 (2, 14)  
Mean  7.15  4.90 5.50  

 
Discussion 
 
The novel PDP-Bay method demonstrated better discriminative performance by AUC than the DT method and the 
PDP-Ent method. The PDP-Bay method also demonstrated better calibration than the DT method. Although the path 
lengths of PDP-Bay were not statistically significantly shorter than those of DT, PDP-Bay path lengths were shorter 
for seven out of eight datasets, and its mean path length overall was shorter than the DT paths. This allows for the 
possibility that the single longer average path might be an outlier. If this is the case, the search and score used in the 
PDP-Bay method may have a regularization effect and typically produce simpler models than a standard DT.  
 
As it uses a Bayesian score, the PDP-Bay method includes a parameter prior that is not present in the DT and PDP-
Ent methods, as they use an entropy score that is equivalent to the sample-normalized log likelihood. Additionally, 
the parameters for PDP-Bay are estimated using Laplace smoothing, whereas parameters for DT and PDP-Ent are 
estimated using maximum likelihoods. Both the parameter penalty and Laplace smoothing may help the PDP-Bay 
method better handle uncertainty in the data and prevent it from overfitting. We conjecture that, combined with 
personalization, these features may be responsible for its superior performance as measured by AUC. 
 
The previously described decision path method, PDP-Ent, demonstrated variable performance. Its AUC values were 
not statistically significantly better than those of DT or PDP-Bay. However, its calibration was better than that of 
DT, although it was not statistically significantly different from the calibration of PDP-Bay. PDP-Ent also produced 
the shortest path lengths. The results using PDP-Ent indicate that choice of the score highly impacts the 
discriminative performance of personalized modeling methods. 
  

Dataset   DT  PDP-Ent  PDP-Bay  
synthetic-large  0.19  0.07 0.05  
synthetic-small  0.10  0.06 0.07  
chronic-pancreatitis  0.25  0.26  0.24  
pneumonia  0.14  0.11  0.11  
sepsis-d  0.12  0.09  0.09  
sepsis-s  0.26  0.21  0.13  
heart-failure-d  0.01  0.04  0.04  
heart-failure-c  0.17  0.11 0.09  
Mean  0.16  0.12 0.10  
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There are several limitations to our approach. One limitation of the PDP-Bay approach is that it can currently only 
handle discrete data. Any continuous data must be discretized before use, and the target variable must also be 
discrete. We also used data that were collected for research purposes, which may limit the generalizability of the 
results. Further testing on a wider variety of data, such as electronic health record data, is needed. Finally, although 
the predictive performance of the PDP-Bay method was better than that of the decision tree, the average AUC was 
0.74. This leaves room for improvement, especially prior to use in clinical decision support. Future directions 
include comparing the performance of PDP-Bay to traditional personalized methods such as kNN (2), as well as 
other personalized path methods like DP-BAY (5). We will also strive to improve predictive performance by 
performing model averaging over multiple paths in an ensemble approach rather than constructing a single path 
model for prediction. 
 
Conclusion 
 
Overall, a new Bayesian machine learning method that uses personalized decision paths to predict outcomes for 8 
synthetic and real clinical datasets achieved better predictive performance than a population decision tree approach. 
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Abstract 
 
The amount of time spent working in the Electronic Health Record (EHR) has become a burden for many providers. 
We propose computational methods to learn EHR tasks of Pediatrics residents and attending physicians in the 
treatment of healthy newborns by analyzing EHR audit log data. We perform statistical analyses of the association 
between EHR events and provider role, leverage word embedding, k-means, and ProM process mining software on 
audit log data to learn EHR tasks and visualize them. Residents more commonly perform note preparation and result 
viewing relative to attendings. Attendings perform more communication and chart review. Task workflows analysis 
resulted in 2 tasks for attendings and 3 tasks for residents. The attending tasks focus on chart review patient report 
and history, and inbox service. Primary themes for residents are admit/discharge with order creation, note review, 
and result review.  
 
Introduction 
 
Primary care physicians spend over 5 hours a day using the Electronic Health Record (EHR)1. A study of ambulatory 
care providers across multiple specialties showed that time spent working in the EHR is nearly double that spent with 
patients2. Research has associated EHRs with clinician burnout1. Physicians who reported burnout spend more time 
working after hours, have lower rates of same day chart completion, and spend more time per appointment working 
in the EHR3. Understanding of EHR tasks has the potential to reduce burnout. When EHR tasks are learned, time spent 
on tasks can be quantified, from there bottlenecks can be identified, and interventions can be made to increase the 
efficiency of workflows.   
 
Past studies of physician EHR behavior leverage interviews or observation1,2,4–6, making them difficult to scale. In 
contrast, we attempt to learn provider behavior in the EHR from audit log data. Leveraging the EHR audit logs allows 
for an automated analysis of provider workflows7. The audit log data are a reflection of provider activity in the EHR 
and, are impacted by variation in provider behavior and patient needs. To address the provider behavior variation, we 
constrain our study to two departments—General Pediatrics and Pediatrics House-staff. The General Pediatrics 
department includes attendings and fellows and will be hereafter referred to as attendings. The Pediatrics House-staff 
department is composed of resident physicians and will be referred to as residents. These two departments treat a 
similar patient population, but vary in experience level. To address the variation in patient needs, we focus our analysis 
on newborn inpatients with an inpatient stay less than or equal to three days. Newborns were selected for this study, 
because in this population care patterns may be more standardized. In addition, we restrict to those with length of stay 
less than or equal to three days to reduce the likelihood that newborns with complex care are included in the study8. 
 
Selecting two departments will allow for a comparative analysis by provider role. We will study differences in EHR 
behavior at the provider level by estimating differences in frequency of EHR events and by leveraging machine 
learning techniques to cluster events into EHR tasks and visualize  EHR task processes using the ProM process mining 
software. These methods will provide insight into common EHR behaviors in the treatment of newborn inpatients and 
variation in behavior by role.  
 
Methods 
 
Study Population 
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This study was conducted at Vanderbilt University Medical Center, located in Nashville, TN. We analyze the EHR 
behaviors of resident and attending physicians leveraging EHR audit logs from the EPIC system. The EHR audit log 
contains a ledger of each activity that takes place when a patient record is open. Examples of activities include: view, 
edit, accept, cancel, print, and exit. Activities take place within EHR modules (e.g., notes, diagnoses, vital signs, etc.). 
In general, each activity and module combination is represented by a code. When a clinician enters the vital signs 
module, updates vital signs, and then exits the module; view, edit, accept, and exit activity codes will be recorded in 
the audit log with a corresponding timestamp9. We limit the patient cohort to newborn inpatients during the time 
period 3/1/2019-3/30/2019 with a length of stay less-than-or-equal to 3 days.  
 
Data Description and Preprocessing 
 
The audit log data includes a patient ID, employee ID, event ID, event description, and a timestamp for the start of 
each event. There is not a clear indication of when each event ends. In general, we use the starting time of the next 
event as the end time. However, if a physician is pulled away, or stops working in the EHR for a period of time, it 
could result in an artificially long event time. Thus, it is necessary that EHR sessions are identified in the data. A 
session being defined as a sequence of events in which the provider is working in the EHR without an extended 
interruption. To identify sessions, audit logs are sorted by provider, patient, and timestamp. A new session begins 
when there is a change in provider or patient, or there is greater than 5 minutes between timestamps10.  

 
Figure 1. Audit log sequence for a hypothetical provider. The first three events correspond to patient j. The fourth 
event corresponds to a new patient, indicating the beginning of a new session (k+1). Between Event 6 and Event 7, 
there is time difference > 5 minutes resulting in a new session (k+2).  
 
Time per event is calculated by sorting the log data by provider, patient, and timestamp. For event i, the time is the 
difference in time between timestamp i and timestamp i+1 measured in seconds. Session times are the sum of all event 
times in a session with the final event receiving a time of zero. 
 
Analytic Methods 
 
We conduct an analysis of the differences in activities between roles by identifying the events that have a higher 
relative frequency for each role. For each event we estimate the odds ratio of an event being generated by a resident 
given event type. We then perform a Wald test to calculate corresponding p-values, and event types are ranked by p-
value as a measure of deviance in event frequency between roles, that accounts for the standard error of the odds ratio 
estimate.  
 
We learn EHR tasks by identifying which events are contextually similar and then clustering into groups of similar 
events that we refer to as tasks. Contextually similar events are those that tend to be used when the preceding and 
following events are similar. In order to identify contextually similar events, we calculate vector representations of 
each event using the Word2Vec algorithm11,12. In this algorithm, each event is coded as a feature and is used to predict 
the surrounding events, and this is referred to as the context window. We set the output dimension of the Word2Vec 
algorithm for each event to 300 as in Lyu et al13.  
 
We cluster events into tasks based on vector similarity using the k means algorithm in the sklearn package14 in Python 
version 2.715. In order to constrain to a manageable number of tasks, we pre-specified the number of clusters to five 
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in the k means algorithm. The event logs are segmented by EHR task clusters and visualized in ProM Process Mining 
Software version 6.916 using the inductive miner algorithm17. The input of ProM is events and sub-sessions within a 
task. The sub-session is all events that correspond to a task within a session. A process tree is generated for each 
cluster using the inductive visual miner algorithm. Process trees are a directed hierarchical graph in which each node 
is an event with children events that are subsequent in the sub-session sequence. There are multiple behaviors for 
children in the process tree. A sequence is used when all of the children of a node are executed in order. A concurrency 
indicates that all of the children are executed, but independently of one another. The process trees are visualized with 
traces or paths that traverse the edges from the beginning to end of the graph. Edges and nodes are weighted by sub-
session counts. 
 
Results 
 
A total of 234 newborns met the inclusion criteria for this study. The audit logs for this population include 37,644 
events and 3,298 sessions. The logs included data from 93 physicians, 63 (68%) residents, and 30 (32%) attendings. 
The mean time per session in seconds is higher for attendings (172.7 vs. 159.0). However, the median time is lower 
(24 vs. 30).  We also see inconsistencies in measures of spread. Attendings have a higher standard deviation (347.0 
vs. 268.0), but lower interquartile range (IQR) (189 vs. 228).  
 
Table 1. Event and session time spent descriptive statistics by role. All times in seconds. 

    Attending Resident 
Events   
 N 9,337 28,307 

 Mean Time (SD) 16.4 (43.4) 15.3 (39.1) 

 Median Time (IQR) 1 (7) 2 (8) 
Sessions   

 N 810 2,488 
 Events per Session 11.53 11.38 

 Mean Time (SD) 172.7 (347.0) 159.0 (268.0) 

 Median Time (IQR) 24 (189) 30 (228) 
 
 
Event Frequency Analysis 
 
The note section is viewed at a rate of 6.1% for residents relative to 1.5% for attendings. Result review events such as 
“Results Review Activity Accessed” and “Results Review Activity Exited” are observed at higher rates (1.2% and 
0.8% vs. 0.1% and 0.1%) for residents than attendings. 
 
Table 2. Resident top 5 relative frequent events 

EHR Event Description P-value n % 

Attending Resident Attending Resident  
Automatic actions performed by a 
bestpractice advisory. 5.64 x 10-13 19 896 0.2% 3.2% 

This event indicates that the results review 
activity was accessed. 1.05 x 10-5 13 325 0.1% 1.2% 

Note section was viewed.  7.07 x 10-5 135 1708 1.5% 6.1% 

Results review activity exited. 1.36 x 10-4 9 223 0.1% 0.8% 

This event is logged when a user views one 
or more clinical notes in the notes activity. 3.25 x 10-4 14 260 0.2% 0.9% 
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The event with the lowest p-value for attendings is an inbox viewing activity, making up 4.6% of all observed events, 
where this event only took place 0.3% of the time for residents. Also, in the top 5 are patient history views, events for 
viewing diagnoses, and patient report viewing in the chart review tab. 
 
Table 3. Attending top 5 relative frequent events 

EHR Event Description P-value 
n % 

Attending  Resident  Attending  Resident  
In basket message of any type displayed in 
hyperspace. 1.55 x 10-57 431 77 4.6% 0.3% 

History activity accessed 1.56 x 10-42 291 87 3.1% 0.3% 

Event for viewing visit diagnoses. 2.92 x 10-34 540 296 5.8% 1.1% 

Smartsets activity selected for patient. 1.51 x 10-32 307 157 3.3% 0.6% 

This event indicates that a report for an 
encounter in the chart review encounters 
tab was viewed. 

2.15 x 10-29 233 126 2.5% 0.4% 

 
EHR Task Learning 
 
The event vectors were clustered by the k-means algorithm into five clusters or tasks, three resident and two attending.  
 
Table 4. Task Descriptions 

Physician Type Task Label Event Types N Sub-sessions N 

Resident 
R1 32 2,270 
R2 38 531 
R3 27 381 

Attending 
A1 29 447 
A2 36 707 

 
ProM inductive visual miner output was generated for each task and reviewed. The inductive miner algorithm results 
in a directed graph of the process with source indicated by  and sink  with edges and nodes weighted by the 
number of sub-sessions. Nodes are weighted by color, and edges are weighted by line thickness. The entire graph is 
too large to be included in the paper, so we includes excerpts from graphs in figures 2 and 3. In figure 2, we observe 
from the source 2,270 sub-sessions split on the concurrency symbol .  This indicates that all of the children nodes 
must be observed, but the order may vary. Of the total 2,270 sub-sessions, the “A SMARTLINK USED …” pathway 
has 1,169 sub-sessions, and the “A SMARTEXT USED …” pathway has 1,222 sub-sessions. Each of these pathways 
were observed 1,169 and 1,222 times, and at least one of these pathways was observed in every sub-session. The 
concurrency does not give us information on the order in which they occurred. In the instance when there is an edge 
split with no symbol, this indicates an exclusive choice—one child path or the other, not both—is observed. The 
pathway with the “NOTE IS SAVED” node is an example of this. Because there is no node on the other edge after the 
split, either the “NOTE IS SAVED” event is executed, or it is not. R1 is composed of events that are related to note 
creation and review. Two of the most common events in this task are Smartlink (n = 1,169) and Smarttext (n = 1,222) 
uses (see figure 2). Note signing (n = 335) and note saving (n = 230) are also common. With total sub-sessions = 2,270 
this is task accounts for the majority of EHR activity for residents. 
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Figure 2. Excerpt from ProM inductive visual miner results for task R1.  
 
R2 appears to include multiple workflows that could be described as chart review, admit/discharge, and order 
placement. As shown in figure 3, there is a concurrency relationship between the events “Report about the patient 
loaded”, “List of patient results loaded”, “Patient notes loaded for review by clinicians”, “Result table loaded for the 
particular ORD ID”. Each of these events could be described as chart review. The concurrency relation shows that the 
inductive miner algorithm found these events tended to co-occur in sub-sessions, but ordering was not consistent. The 
number of sub-sessions for the admit path is low (n = 26). Events in this workflow include: patient emergency contacts, 
address, and demographics. The order placement path has a larger number of sub-sessions (n = 189), with a deviation 
that alters order sets (n = 31). Also included in this task are number of events such as viewing notes, charts, and patient 
results.  

 
Figure 3. Excerpt from ProM inductive visual miner results for task R2. 
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R3 contains events that could be described as communication (“The Communication Management Section Of The 
Visit Navigator Was Accessed”, “In Basket Message Of Any Type Displayed In Hyperspace”), as well as printing 
patient reports (“Specifies A Printout Or Part Of A Printout”, “When A Print Group Based Report Is Printed..”). The 
most common event in this task is “Event For Viewing Visit Diagnoses” (n = 145), and “Smartsets Activity Selected 
For A Patient” is also frequent (n = 113).  
 
In A1, the most common event is “In Basket Message Of Any Type Displayed In Hyperspace” (n = 218). This suggests 
inbox service is frequent in this task. Chart review events are also common in this task, including “A Report For An 
Encounter In The Chart Review Encounters Tab Was Viewed” (n = 119) and “Chart Review Encounters Tab Selected” 
(n = 145). This may suggest that physicians in the general pediatrics department tend to perform chart review in 
conjunction with communication. A2 is the more common task for attendings. The most common event is viewing a 
print group-based report (n = 435). Note activity appears to be central to this task, including both pending (n = 151) 
and signing (n = 157) notes.  
 
Discussion 
 
Our selection of the newborn patient population with length of stay less-than-or-equal to 3 days is an attempt to reduce 
the variation in EHR workflows. This study is an exploratory effort to apply purely computational methods to learn 
EHR tasks. Because of the exploratory nature of the study and the high-dimensional nature of the dataset, we believe 
that more informative results are achievable relative to patients with complex care.  
 
Findings from the event frequency analysis show that residents have higher frequency of events in note preparation 
and result review. The note section is viewed at a rate of 6.1% and 1.5% for residents and attendings, respectively. 
“Results Review Activity Accessed” and “Results Review Activity Exited” are observed at lower rates than note 
section view, but are high relative to residents. Attendings have higher frequency events that could be described as 
inbox service and chart review. The event “In basket message of any type displayed in hyperspace” has the lowest p-
value for attendings. The event frequency analysis aligns with task learning findings. In the task R1 many of the events 
are related to note creation and review. In A1 the most frequent event is communication related. 
 
The findings of this study are limited by the documentation depth and clarity of the audit logs. Each event is supplied 
with a description, but these descriptions can at times be too vague to understand the actual EHR event. On the other 
hand, having higher level classifications of events would also prove beneficial in the interpretation of the results in 
this work. One of the difficulties in interpreting our results is the complexity of the process workflow graphs. Creating 
visualizations at a higher level of event classification would ease the interpretation of our results. Many of the studies 
cited in this work 1,2,4–6 classify EHR events by topics such as chart review and notes. These classifications are 
generated by human experts. It is possible that experts could create an ontology for the classification of all codes. 
However, the classification of certain codes may be context dependent. Computational methods like the work here are 
useful to infer the latent EHR tasks based on audit log sequences.  
 
The methods in this paper have the potential to be extended to other specialties throughout the hospital and other 
health systems. Our work is a step towards understanding more efficient use of the EHR with the potential to improve 
design and training with the long-term goal of reducing the burden associated with the use of the EHR. Recent studies 
have proposed metrics for measuring the efficiency of provider EHR use7. Future studies can apply the methods 
discussed here to learn EHR tasks at a physician level and test the association of EHR tasks with efficiency metrics. 
Our work is exploratory, and our methods are entirely unsupervised. Additional study and evaluation of alternative 
methods for task learning would be beneficial. For example, tasks can be thought of as latent states of a system, making 
a hidden markov model an appropriate method to learn tasks.  
 
Conclusion 
 
Our analysis finds variation in EHR activity between the physician roles. We find that for this patient population, 
attendings have higher event frequency in activities related to inbox service and chart review, where residents have 
higher event frequency in note generation and receive more clinical decision support alerts. Our methods are able to 
cluster common EHR tasks such as chart review, note generation, and order placement and visualize their relation. 
Future progress in this space will largely be dependent on increased depth and clarity of EHR audit log documentation. 
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Abstract 
 
The efficacy of early fluid treatment in patients with sepsis is unclear and may contribute to serious adverse events 
due to fluid non-responsiveness. The current method of deciding if patients are responsive to fluid administration is 
often subjective and requires manual intervention. This study utilizes MIMIC III and associated matched waveform 
datasets across the entire ICU stay duration of each patient to develop prediction models for assessing fluid 
responsiveness in sepsis patients. We developed a pipeline to extract high frequency continuous waveform data and 
included waveform features in the prediction models. Comparing across five machine learning models, random forest 
performed the best when no waveform information is added (AUC = 0.84), with mean arterial blood pressure and age 
identified as key factors. After incorporation of features from physiologic waveforms, logistic regression with L1 
penalty provided consistent performance and high interpretability, achieving an accuracy of 0.89 and F1 score of 
0.90. 
  
Keywords: Sepsis, fluid responsiveness prediction, MIMIC III, waveform data, machine learning 

Introduction 
 
Sepsis is defined as “life-threatening organ dysfunction caused by a dysregulated host response to infection", and it is 
the leading cause of hospital mortality in the United States.1 Sepsis-related mortality risk factors vary significantly 
due to non-uniformity of disease development. Different rules have been proposed over time to define sepsis by 
combining different physiological and laboratory observations. While sepsis-1 and sepsis-2 defined sepsis as a 
combination of systemic inflammatory response syndrome (SIRS) response and infection, they have poor specificities 
and hence overlap with symptoms of ‘sepsis-mimics’.2 In this study, we have adopted the latest sepsis-3 definition as 
a more reliable and effective diagnostic criterion to identify sepsis patients.2,3  
 
Patients in septic shock sometimes respond poorly to intravenous fluid administration.4 While fluid administration is 
a first-line strategy to combat sepsis onset, it is unclear if the patient will respond to the treatment positively. 
Aggressive fluid administration on unresponsive patients can lead to serious adverse events such as organ dysfunction, 
tissue edema, and tissue hypoxia.2-4 Many sepsis patients have prior heart problems, such as diastolic dysfunction or 
systolic dysfunction, and improper fluid administration for these patients will worsen the condition.5 Hence, the 
decision to administer fluids or not is critical for better patient outcomes.6  
 
This study builds prediction models to determine which sepsis patients are likely to respond to bolus fluid treatment 
(e.g. significant change in systolic blood pressure after fluid being administered) up to 3 hours prior to the 
intervention.7 We utilized both MIMIC III dataset and its high frequency continuous waveform data8,9 and validated 
the results across multiple time windows. We developed a pipeline to extract and convert high-resolution waveform 
data to readable numeric values from MIMIC-III Waveform Database Matched Subset and linked it to MIMIC-III 
structured data. The study also identified lead indicators (including vital signs and demographic information) to 
consider when administering fluids for sepsis patients.  
 
To the best of our knowledge, this is the first study to incorporate high-resolution waveform matched dataset with 
MIMIC-III data for volume responsiveness prediction.  
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Related Work 
 
The analysis of continuous data streams to predict sepsis has been of great interest to the research community.10-14 
Studies have also used continuous data from bedside monitoring for improving sepsis prediction in models which 
primarily have used clinical data.15,16  While these studies have focused on improving early prediction of sepsis, others 
have proposed models that aid in the management of sepsis care.17 The focus on care management is unique since a 
multitude of alternative treatment plans exist to manage complex sepsis patients, the efficacies of which may be 
uncertain in time-critical decision making.18 
 
To aid clinical decision support regarding appropriate interventions, a number of studies have demonstrated that 
volume responsiveness can be characterized earlier using various forms of clinical data, including echocardiography,19 
using non-invasive stroke volume coupled with passive leg raising (PLR)20 and using end-tidal CO2 with PLR21. These 
findings support the notion that non-invasive measures, such as those derived from Arterial Blood Pressure (ABP) 
may predict intervention effectiveness.   
 
In evaluating intervention effectiveness, there is limited evidence suggesting that machine learning methods can 
predict volume responsiveness and early initiation of vasopressors using EMR data.22-24 Table 1 highlights recent work 
that focus on modeling specific intervention efficacies for critically ill patients using public and private datasets. These 
findings reinforce the premise that salient characteristics can be captured earlier to characterize hypotensive patients 
who respond to treatment. However, these approaches use only the static clinical data in the MIMIC-III dataset and 
have not explored prediction performance within a septic cohort. Finally, to the best of our knowledge, no existing 
study has incorporated ‘physiomarkers’ derived from continuous physiologic waveform, along with clinical data from 
the EMR, to predict fluid responsiveness among septic patients. 

Table 1. Prior research on models to predict intervention efficacy among critically ill patients 

Title 
Reference 

Year Method 
The artificial intelligence clinician learns optimal 
treatment strategies for sepsis in intensive care 

Komorowski et al.17 
2018 Reinforcement Learning 

Predicting Blood Pressure Response to Fluid Bolus 
Therapy Using Neural Networks with Clinical 
Interpretability 

Girkar et al.23 

2019 RNN (with attention) 

Understanding vasopressor intervention and weaning: 
Risk prediction in a public heterogeneous clinical time 
series database 

Wu et al.22 
2017 Switching-state 

Autoregressive Model 

Improving Sepsis Treatment Strategies by Combining 
Deep and Kernel-Based Reinforcement Learning 

Peng et al.24 2018 Deep/Kernel Reinforcement 
Learning 

Methods 

Data Pre-processing: MIMIC-III Data 
The study uses 61,532 unique ICU stay records extracted from publicly available Medical Information Mart for 
Intensive Care (MIMIC-III) dataset. It includes demographics, vital signs, laboratory results, medication information, 
and bolus/fluid events of ICU patients. We applied the sepsis-3 definition to all eligible patients by calculating time 
of sepsis (tSepsis) sequentially from admission until discharge. We calculated the sequential organ failure assessment 
(SOFA) scores as follows: tsuspicion is calculated as earlier timestamp of antibiotics and blood cultures within a specified 
duration (given in ICUStay table). tSOFA is identified as a 2-point deterioration in SOFA score within a 24-hour period. 
SOFA scores for every hour can be obtained from the SOFA table. Once we have tsuspicion and tSOFA, we obtain tsepsis = 
min (tsuspicion, tSOFA ) (Figure 1). 
 

 
 

(1) 
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Similarly, building on Girkar et al.,22 we defined volume responsiveness as follows: First, we checked whether the 
bolus administered was greater than 500 ml/hr and record time of administration as tbolus. At tbolus, the change in mean 
blood pressure for the next three hours is noted. If any blood pressure value shows a change > 10%, the patient was 
labeled responsive (eqn 1) 
 

We developed a master 
dataset of such patients with 
their demographic 
information, vital signs, and 
laboratory examination 
results.  
 
While the MIMIC-III schema 
is rich with a variety of 
clinical concepts and 
relationships, extracting such 
information posed two major 
challenges: (1) understanding 
the relations among the 
entities in the complex 
schema, represented with 
multiple joins across a wide 
range of entities, to extract 
required relationships, and (2) 
generating SOFA scores for 
each patient for each hour of 

stay. Sepsis-3 event identification across an entire ICU stay of a patient requires tracking SOFA sequentially at an 
hourly level.  
 
We addressed the first challenge by identifying a list of most relevant entities and untethered this entity subset from 
the complex schema for our master dataset creation, as well as key-value pair tables, such as  D_Items and D_Labitems, 
that contained lookup maps required to map the above entities to the units, description and definition of a particular 
key used with other entities. We addressed the second challenge by creating our own custom subschema that builds 
on Johnson et al.25 to derive entities from querying the MIMIC-III database, and we roll out the tables at an hourly 
level. The simplified database contains five entities as follows: 
 

1. ICUStay:  Contains the basic demographic information of the patient. It also contains certain important flags 
such as metastatic cancer and diabetes. Attribute tsuspicion, the time of clinical suspicion as defined in26 present in 
this table, is essential for developing an accurate tSepsis timestamp.  

2. VitalsInfo: Contains information about all the vital signs monitored and recorded for the patient. This table 
contains the change in blood pressure and certain important features like Glucose, systolic and diastolic blood 
pressure. 

3. BolusInfo: Contains fluid bolus administered to the patient at a given chart time in milligram per hour.  From 
the 53,432 adult patients considered, only 30,000 patients had bolus information. 

4. Lab Values: Has Lab values for features that can improve the volume responsiveness prediction.  
5. SOFA: Consists of hourly SOFA values for a patient admitted to the ICU, with the start-time and end-time 

associated with each interval.  
 
Sepsis evaluation has routinely been performed on data using the first 24 hours of ICU stay, therefore potentially 
missing patients who go on to develop sepsis later during ICU stay.25 Attributes such as tsuspicion and tantibiotic, when the 
antibiotic is first administered, have an average value of more than one day across all the patients, presenting potential 
conflicting timestamps. Furthermore, a change of SOFA greater than 2 (the key criterion for sepsis-3 definition) is 
detected after the initial 24 hours in almost 25% of the cases. 
 
Starting from 61,532 ICU IDs in the MIMIC-III database, 29,560 (49%) were identified to be sepsis-3 related using 
the rules over the entire length of ICU stay. Fluids and vital signs information were available for 23,540 ICU IDs. 

 
Figure 1. Clinical criteria to identify time of sepsis onset 
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Linking on both criteria resulted in a master dataset of 15,062 ICU IDs, of which 10,539 (~40%) were volume 
responsive. Demographic (age, gender, race), comorbidity (diabetes, metastatic cancer), and vitals (systolic, diastolic, 
and mean arterial blood pressure, respiration rate, and oxygen saturation) information were added to the master dataset, 
resulting in 49 variables. On volume responsiveness outcome (i.e., when given a bolus of 500ml or more, a 10% rise 
in blood pressure was observed), 70% were responsive. 

Data Pre-processing: MIMIC-III Waveform Data 
Independent of the MIMIC-III data collection, the MIMIC-III Waveform Database includes recorded physiological 
waveforms obtained from patient bedside monitors. The MIMIC-III Waveform Matched Subset is the intersection of 
MIMIC-III database and the waveform records, consisting of 22,317 physiologic signals (“waveforms”) and 22,247 
vital signs time series. We identified 5,960 patients who developed sepsis-3 during their ICU stays and had high 
frequency waveforms, including electrocardiogram (EKG), arterial blood pressure (ABP) and plethysmography (PPG) 
within the matched database.  
 
Once we aggregate the waveform data for each patient, we performed signal processing methods to identify signal 
quality and baseline drifts. We applied a signal quality index to derive 5-second segments of EKG with data quality > 
80%. We derived peak detection using the Christov real-time QRS algorithm.30 Statistical features were derived from 
the R-R interval between neighboring QRS complex from each EKG. For the pulsatile signals, e.g. ABP and PPG, we 
applied peak detection algorithms by Lazaro et al.31 and Zong et al.32 Features were then derived from the peak-to-
peak interval of these waveforms from time-frequency and signal entropy domains. 

Linking All Relevant Tables 
All relevant files are linked to create a master reference dictionary. This includes data from MIMIC-III database, a 
complete list of waveform record file and fluid events. There are two reasons for joining relevant tables to create a 

 
Figure 2. MIMIC-III Data Processing, Waveform Feature Extraction, and Prediction Steps 
 

388 Unique Fluid Events 
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master reference dictionary. Fluid events are organized at the ICU stay level, while waveform records are recorded 
with patient identifiers. Thus, we need to map patient identifier to ICU stays. Secondly, boosting execution speed is 
critical. Iterating through waveform records to perform read-in and extractions, performing linear search for each 
incoming identifier for its corresponding ICU stay and then for waveforms is extremely inefficient. The time 
complexity is O(n*m*l), where n, m, and l denote the size of each file. Joining all relevant tables free up disk space as 
well as effectively shorten the time complexity to O(1) for search.  

Timestamp Check & Read in Waveform Records 
This step iterates through the list of waveform records, performs timestamp check and passes on those qualified 
waveform records for extraction. There are two check mechanisms involved in the step, one before read-in, and 
another before passing for extraction. The waveform read and feature extraction are both very expensive tasks that 
consume considerable disk space and program run time. In our test run, we observed that on average, reading in a 
waveform record with 11 hours of signals will take up approximately 5 to 10 minutes, and extracting features from 
the waveform can take anywhere from 3 to 90 minutes, depending on the size of its signal vector. Hence, we 
incorporated several heuristics into the pipeline to help improve performance.  
 
When the pipeline iterates through the waveform record list, and before it reads in the record file, we compare the 
timestamp embedded in the filename with those of fluid events under the patient identifier. If the file timestamp is 
larger than all of the recorded fluid administration, we conclude that the waveform records physiologic signals after 
fluid is given. Since our primary focus is to predict volume responsiveness prior to fluid administration, those files 
will be discarded because they will not contain important information about the patient before fluid time. Similarly, 
we compare waveform start time and end time with fluid time. We are interested in the waveform information from 
eight hours prior to fluid time to two hours prior, or [t-8, t-2], where t denotes time of fluid administration, t-fluid. If 
there is no intersection between waveform record time and the six-hour window, [t-8, t-2], we excluded the waveform 
record. 

Feature Extraction 
Receiving the waveforms from previous steps, the third step is to perform statistical transformation. We identified 
more than 150 features that are highly relevant to our study. However, this comprehensive extraction takes, on average, 
90 minutes on a 11-hour-long waveform record. Thus, we trimmed feature space down to 73 so that the entire pipeline 
is more efficient. The complete list of features extracted is available on our GitHub repository. The extraction pipeline 
takes about 60 GB disk space, 150+ storage space, and more than 90 hours of run time despite all the intelligent 
construction aforementioned. Nevertheless, we estimate that we obtained a 3X speed up with the check mechanism 
and join in place. 
 
Waveform Data Imputation 
Finally, we performed MICE (Multivariate Imputation by Chained Equations)27 to fill the missing values. It has many 
advantages over single imputation methods, such as replacing missing values by mean or median. The MICE algorithm 
works by running multiple regression models and each missing value is modeled conditionally, depending on the 
remaining variables in the dataset. We applied the IterativeImputer function from the sklearn python library to impute 
waveform related data points to handle missingness.     
 
Integration with MIMIC-III 
From the MIMIC-III sub-schema, we extracted data about sepsis-3 patients who received fluid treatment at infusion 
rate greater than 500 ml/hour and whose vitals were recorded. In this focused dataset, there were 15,062 unique fluid 
events and 10,539 events where patients were responsive to fluid volume. After matching waveform extraction results 
with MIMIC-III database, we obtain 388 unique fluid event observations with vital signs and waveform records 
present. The integrated dataset has 274 features, including 219 waveform extracted characteristics, 48 vital signs, and 
7 patient demographics. Figure 2 summarizes all the steps in the data processing, extraction and integration schema. 
 
Models and Evaluation 
We evaluated multiple machine learning models to predict volume responsiveness in sepsis-3 patients and identify 
key indicators. Due to the limited sample size and interpretability concerns, we excluded recurrent neural networks 
and other deep learning models. Accuracy, AUC, and F1 score were used as evaluation criteria, and performance 
robustness and clinical interpretability were considered in the discussions with clinicians. 
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MIMIC-III data: We applied logistic regression, random forest and support vector machines (SVM).28 
15,062 patient data were split into 80% for training using 10-fold cross validation, and 20% for testing. The best 
versions of each were evaluated on the 20% holdout data. We eliminated SVM models based on poor AUC and further 
compared the logistic regression (LR) and random forest (RF) models systematically on reduced test datasets as 
follows. First, we removed one hour of data from all the patients in the test set, then predicted the outcome with the 
two models, LR and RF. Next, we removed another hour and compared the predictions. The aim was to assess the 
robustness of the two models with minimum data for early prediction and action. 

Adding waveform data: We compared random forest (RF), XGBoost, standard Logistic Regression (LR), 
Logistic Regression with L1 penalty and sparsity (LR with L1), and Support Vector Machines (SVM) with all features 
normalized using standard scaler available in scikit learn and 70-30 train-hold out split, and conducted 10-fold cross 
validation on an extensive hyperparameter space.  

Results 
Table 2 summarizes the demographic, comorbidities and vital signs data on 15,062 ICU patients that were included 
in our final analysis. 

                         Table 2. Descriptive summary  
Category Variable Mean (SD) Occurrence 

Demographics Sex = Male  58% 
Age 66 (16)  

Race = White  73% 
Comorbidities Metastatic cancer  51% 

Diabetes  29% 
Vitals Heart rate 90 (19)  

Systolic BP 106 (19)  

Diastolic BP 55 (12)  

Mean BP 70 (13)  

Respiration rate 19 (6)  

SPO2 97 (4)  

 
MIMIC-III data: The most robust model for volume responsiveness prediction with MIMIC-III structured data was 
the Random Forest model, with an AUC of 0.84 and accuracy of 78% (Table 3). Among the demographic variables, 
Age is the most significant factor. The logistic regression coefficient for this was significant and negative, suggesting 
that older patients are less responsive to fluid administration. Gender, race and comorbidities were not significant in 
both models. However, the master dataset patients are predominantly white and have no comorbidities. Hence, we 
cannot reject the importance of race and comorbidity in volume responsiveness prediction. The most significant 
variable in Random Forest was mean blood pressure and the logistic regression coefficient for this was significant and 
negative, suggesting that a patient with low mean blood pressure is less likely to not respond to volume compared to 
one with a higher mean blood pressure. 
 
Table 3. Prediction Results with MIMIC-III and Waveform data 

 Waveform EMR 
Model Accuracy (%) AUC Accuracy (%) AUC 

Random Forest 83 0.91 78 0.84 
XGBoost 86 0.85 69 0.64 

Logistic Regression 89 0.86 79 0.86 

Linear SVM 81 0.57 79 0.72 
SVM Ploynomial 3 80 0.57 77 0.65 
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Integration of waveform data: Inclusion 
of features extracted from the waveform 
resulted in a better overall accuracy. 
With Logistic Regression using L1 
sparsity feature selector, achieving an 
accuracy of 89% and an AUC of 0.86 
(Table 3). This model included 25 
features; 6 were vital signs related and 19 
were extracted from waveform. On the 
given metrics, accuracy, AUC, and F1, 
there is no strictly dominant model that 
has a clear advantage on all three 
performance measures. We performed 
simple robustness check with different 
random data sets and train-test splits. 
RandomForest, XGBoost and LR with 
L1 displayed steady performance on the 
test data, showing strong performance 
metrics across all test scenarios. Using 
interpretability as the determining factor, 

LR with L1 has clear advantages as it provides widely used, understandable interpretation for clinicians. Figure 3 
shows the ROC curve for the models. 
 
Lesion studies: To gain insight into what contributes to our model performance by lesioning components of it, we 
evaluated models with all but EKG lead II, plethysmography (PPG), or EKG lead V, respectively. The ROC curves 
in Figure 4 (a) show how performance is affected when different feature types are removed from the model. It is clear 
that without lead II information, the model performance deteriorates. Furthermore, among all three categories of 
waveform lead records, only lead II records have an impact on model performance. Removing lead PPG or lead V 
records provided incremental value for our scenario.  
 
Learning Curve: From the learning curve of the model in Figure 4 (b), we observe a reasonable improvement as 
training sample size increases. The model construction is able to quickly improve performance from the additional 
variation it observes from a marginally increased sample size. With only ⅓ of the original training set size, the model 
is able to generate reasonably good scores; and with half of the training set size, it achieves similar scores compared 
to utilizing the entire training data. 
 

 

 

  

Figure 4. (a) Lesion studies; (b) Learning curves with MIMIC-III+ Waveform Data  
 

 
Figure 3. ROC curve for competing models of Volume Responsiveness 
Prediction with MIMIC-III+ Waveform Data 
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Discussion and Conclusion 
 
Patients who develop sepsis-3 are in a vulnerable condition that requires extreme care and clinicians often consider 
fluid infusion as the first-line treatment. Studies have indicated that inappropriate fluid strategy can lead to severe 
adverse events, and it is imperative to develop a reliable prediction mechanism to identify patients who are responsive 
to fluid administration from those who are unresponsive. Our study utilized the MIMIC-III dataset which was 
integrated high-resolution matched waveform data, and applied multiple machine learning models using patient 
demographics, comorbidity data, vital signs, and waveform information as predictors.  
 
The top performing models in our study were those that included features from the waveform and are logistic 
regression and random forest, achieving AUC of 0.86 and 0.84, respectively. To determine a robust model, we 
considered potential clinical use cases, where clinicians may prefer a model with early prediction capability, easy 
interpretability and requiring less data points. For analysis with waveform data, a constrained logistic regression that 
uses L1 sparsity feature selector provides a robust, interpretable model with strong performance on accuracy and AUC. 
In terms of clinical interpretability, this model also provides clear indicators that waveform extracted features are 
beneficial in improving the prediction model, as there are 19 significant waveform features among the 25 features 
selected. These results demonstrate the benefits of integrating waveform records in assisting clinicians in 
determination of fluid management strategies for sepsis patients.  
 
Significant information was found within the EKG lead II waveform, pertaining to energy of the signal, standard 
deviation and autocorrelation of R-R intervals. The PPG signal did not significantly contribute to the predictive power 
of the algorithm, this could be due to a number of reasons. First, we considered only the peak-to-peak interval, and 
therefore exclude more dynamic and rich information that may be derived from amplitude or phase shifts. Secondly, 
we perform basic statistical feature extraction of the time-frequency and information theory domains, hence there may 
be an opportunity to improve the performance through feeding the raw signal into deep neural networks. 
 
This work has some limitations, hence additional studies are needed to better understand volume responsiveness, and 
better inform clinical practitioners. An important limitation is the inability to analyze the impact of race, comorbidity 
and laboratory results on sepsis-3 related volume responsiveness due to unavailability of the data in the data source. 
The MIMIC III sepsis-3 patients are disproportionately white with no reported comorbidities. Laboratory data was 
sparse and could not be included in the analysis. With access to a richer dataset, future research could build on this 
work and also explore interaction effects on volume responsiveness. All the relevant features for modeling different 
types of blood pressure, vital signs, demographic features, flags for metastatic cancer and diabetes within the schema 
that we developed are not restricted to the analysis of volume responsiveness prediction. It can also be applied to 
investigate and predict how body temperature and respiration rate changes within sepsis-3 prone patients admitted to 
ICU, tracking SOFA scores for patients suspected of sepsis-3 development, and analyzing the impact of laboratory 
values over the duration of ICU stay. 
 
In conclusion, this study applied the sepsis-3 definition to identify target patients, whereas most of the existing research 
has focused on dated sepsis-1 or sepsis-2 definitions. A complete schema was developed to identify sepsis-3 patients 
in MIMIC III database that can be leveraged by future researchers. We expanded the analysis to include patients’ 
complete ICU stay while prior research has been limited to only the first 24 hours of ICU stay. We constructed a 
pipeline to extract and transform features from waveform information into readable, organized form, developed 
models to predict fluid responsiveness in the subset of sepsis-3 patients, and validated the results across multiple time 
windows. The study also identified lead indicators (including vitals and demographic information) to consider when 
clinicians administer fluid for sepsis-3 patients, and integrated key waveform features with vitals and demographic 
information to develop a high performance prediction model. 
 
Assessing for volume status in a septic patient is both challenging and inexact at the point of initiation of a sepsis 
protocol and the current dose of 30cc/kg as a bolus requires further examination and validation as we acquire and try 
to merge mismatched and novel data streams. Developing a predictive capability to early identify poor responders 
would help clinicians confidently move from IV fluid boluses to the initiation of vasopressors to chemically assist 
blood vessels to provide oxygen to tissues. Future studies would also benefit from pre-hospital and emergency room 
administration of fluid boluses that are generally initiated prior to transfer to the ICU which would give a more 
complete picture for assessment. The integration of additional data points, including physiological10-17 and 
biomarkers29 may further improve the performance of the model.   
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Abstract 

Deep learning models are increasingly studied in the field of critical care. However, due to the lack of external 

validation and interpretability, it is difficult to generalize deep learning models in critical care senarios. Few works 

have validated the performance of the deep learning models with external datasets. To address this, we propose a 

clinically practical and interpretable deep model for intensive care unit (ICU) mortality prediction with external 

validation. We use the newly published dataset Philips eICU to train a recurrent neural network model with two-level 

attention mechanism, and use the MIMIC III dataset as the external validation set to verify the model performance. 

This model achieves a high accuracy (AUC = 0.855 on the external validation set) and have good interpretability. 

Based on this model, we develop a system to support clinical decision-making in ICUs. 

Introduction 

In the intensive care area, the early prediction of deterioration mortality is of primary concern. An estimate of 11% of 

deaths in hospital follow a failure to promptly recognize and treat deteriorating patients1. Accurate early prediction of 

deterioration could improve the treatment outcomes significantly. For instance, an early alert can help doctors to 

intervene in advance, and make well-informed treatment plans based on sufficient contextual information. 

A clinical prediction model can help physicians to estimate the risk of a specific outcome in advance. In practical, 

simple risk scores are more common adopted by physicians because it is easy to apply and explain. For example, the 

Simplified Acute Physiology Score (SAPS) 2 and the Acute Physiologic Assessment and Chronic Health Evaluation 

(APACHE) 3 is well generalized due to simplicity. While the simplicity might lead to neglect of some critical features 

and a simple risk score is unable to deal with complex combinations of features. In contrast, machine learning and 

deep learning can achieve higher accuracy in prediction with capability of handling more features such as sequential 

features, and implementing complex combinations. However, it is difficult to generalize deep models in critical care 

applications due to the lack of external validation and interpretability. 

External validation is essential for generalization of deep models in practice of critical care. Many researchers have 

adopted deep learning models for prediction of mortality in ICUs. However, most of the works either validate the deep 

models on private datasets without availability in other critical care scenarios, or perform validation on public dataset 

but depend on private dataset to construct the model, which is unduplicatable to others. To our knowledge, few works 

exist applying the two open-source databases to construct and externally validate the deep models respectively and 

achieve a good performance4-10, leading to obstacles in generalization and replication of the deep models in intensive 

care area.  

In this work, we propose a clinical prediction model constructed with data derived from the more recent Phillips eICU 

Collaborative Research Dataset13, and externally validated on the publicly available Medical Information Mart for 

Intensive Care (MIMIC-III12). We design a RNN (LSTM) 11 model to achieve precise prediction, and improve 

interpretability with two-level attention mechanism, which can detect influential timesteps and significant clinical 

variables after ICU admission. In the study conducted by Edward Choi14, attentions are used to evaluate the effect of 

visits and features on heart failure. With reference to the model designed in this paper, we implement the LSTM model 

based on two levels of attention in our work: one for the timestep-level attention and the other for variable-level 

attention. This model not only achieves high accuracy but also has clinical interpretability. The end-to-end behavior 

of the model is interpreted below by randomly choosing a patient from the test set and calculating the contribution of 

the significant risk factors associated with mortality prediction. Based on this model, we develop a system to support 

clinical decision-making in ICUs. 
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Methods 

Figure 1 demonstrates the pipeline of the proposed approach, which follows the procedures below. Specifically, cohort 

construction and features extraction, dating cleaning and transformation, construction of statistical features and time 

series features, missing values imputation. Training set is used to build the proposed model using cross validation 

method. Then the model performance is evaluated on the testing data and external validation data. 

Study Dataset Description 

The clinical data used in this study were collected by the MIMIC-III Database and more recent Phillips eICU Dataset. 

MIMIC-III is a large, freely-available database which is comprised of deidentified electronic medical data contained 

over 40,000 patients, over 58,000 admissions, who stayed in critical care units of the Beth Israel Deaconess Medical 

Center from 2001 to 2012. The eICU Database is a multi-center ICU dataset with high granularity data for over 

200,000 admissions to ICUs monitored by eICU programs across the United States. The eICU database comprises 

200,859 patient unit encounters for 139,367 unique patients admitted between 2014 and 2015 to hospitals located 

throughout the US13. Both MIMIC-III and eICU datasets are open-source and representative EHR datasets for intensive 

care. The eICU datasets which includes 198,167 patients is used as training data, and the MIMIC which includes 

21,139 patients is used as testing data. 

In the current study, we investigate the incidence of in-hospital mortality and the risk factors associated with its 

development in an ICU population. A curated set of clinically relevant features was chosen according to existing in- 

literatures about in-hospital mortality prediction. The risk factors include information such as demographics, vital sign 

measurements made at the bedside (~1 data point per hour), laboratory test results, medications, caregiver notes, 

medications, prescriptions, fluid balance, procedure codes, diagnostic codes, and so on. For this project, we also take 

two important addition calculated variables: Sequential Organ Failure Assessment scores (SOFA) and Estimated 

Glomerular Filtration Rate (eGFR). we extracted the following 67 variables from both the MIMIC-III and eICU 

datasets:  

1) the Demographic information (static variables): Age, Gender, Ethnicity, Height, Weight  

2) Vital signs (time-series variables): Mean Arterial Blood Pressure, Heart Rate, Respiration Rate, Temperature, 

Diastolic blood pressure, Oxygen saturation, Systolic blood pressure 

3) Lab measurements (time-series variables): Amylase, Albumin, Alkaline phosphate, Asparate aminotransferase, 

Bicarbonate, Direct bilirubin, Total bilirubin, Blood urea nitrogen (BUN), Calcium, Creatinine, Fraction inspired 

oxygen, Glucose, Hematocrit, Hemoglobin, Partial Pressure of Oxygen (PaO2), Partial pressure of carbon 

dioxide, Partial thromboplastin time, Platelets, Potassium, Prothrombin time (PT), Sodium, White blood cell 

count (WBC), pH, Lipase, Lymphocytes, Erythrocyte Sedimentation Rate (ESR) 

4) Medications (static variables): Amiodarone, Ativan, Calcium Gluconate, Cisatracurium, Diltiazem, Dopamine, 

Epinephrine, Fentanyl, Heparin, Insulin, Midazolam, Milrinone, Nicardipine, Norepinephrine, Precedex, 

Propofol, Total Parenteral Nutrition (TPN), Vasopressin, Hydromorphone or Dilaudid, Morphine 

5) Fluids (time-series variables): Urine Output and GU Irrigant Volume In 

6) Glascow coma scale (static variables): Glascow coma scale eye opening, Glascow coma scale motor response, 

Glascow coma scale verbal response 

7) Interventions (static variables): Usage of Mechanical Ventilation, Dialysis 

8) Calculate variable (time-series variables): SOFA, eGFR 

Pre-processing 

The ages of patient are restricted to 18 years or older. We only take the first ICU record of each admission to avoid 

data redundancy. In this research, we use the data stream during the first 48 hours after the admission to the ICU to 

predict the in-hospital mortality risk. Therefore, those patients who died in the first 48 hours are excluded.  Finally, a 

total of 21,139 patients in MIMIC dataset and 198,167 patients in eICU dataset are used as the study cohort. The 

incidence of mortality in MIMIC III and eICU is 13.2% and 8.8%, respectively.  
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Figure 1. Pipeline of in-hospital mortality prediction approach 

The basic features from MIMIC and eICU datasets include demographics, vital sign measurements, laboratory tests 

and medications, admission information, fluids, interventions, and co-morbidities and so on that are directly associated 

with an increased risk of mortality. The first step is to perform the feature extraction and data cleaning for numerical 

variables, in particular, variable of vital signs. There are obviously outliers beyond the normal threshold. So, after 

capping the extreme values at the 1st and 99th percentile, all numerical variables were normalized to the [0,1] range.  

Then statistical hypothesis tests (e.g. t-test and chi-square test) are performed to select significant variables with p-

values smaller than 0.05. Finally, 67 features are kept for modeling purpose in this work. 

Many lab features exhibit a skewed distribution. The box-cox transformation is used to ensure that the transformed 

variables are normally distributed. The normality of each variable is tested with visual methods: quantile-quantile 

plots and frequency histograms. After box-cox transformation, the residual can better satisfy the assumptions such as 

normality and independence, and reduce the probability of pseudo-regression.  

The patient measurements are made irregularly. In addition to vital signs, which are measured about once an hour, 

other variable such as laboratory values are measured irregularly and unfrequently. Take the variable creatine for 

example, there are averaged four creatine measurement values during the 48-hour observation window. Therefore, we 

resample the time series into regularly spaced intervals. Each variable sample spans a 1-hour window. We impute the 

missing values using the previous value if it exists and a pre-specified normal value otherwise. Categorical variables 

such as gender and ethnicity are encoded using a one-hot vector at each timestep. After the data cleaning and box-cox 

transformation if needed, then the inputs are normalized by subtracting the mean and divided by standard deviation. 

This approach makes in-hospital mortality prediction possible, and allows our models to use patterns of missingness 

in the data during the training process. 

Model Framework 

Firstly, we consider the standard attention mechanism which is similar to the attention mechanism for language 

translation15 (Figure 2(a)). The simple attention mechanism is implemented with Keras16. The attention is applied on 

the LSTM’s output layer. The high dimensional spaces spanned by the LSTM share the timesteps in common with the 

input’s parameter ‘return_sequences’17, which is set to be True. We apply a ‘Dense-SoftMax’ layer with the same 

number of output parameters as the feature dimensions of the ‘Input’ layer. Also, the time series is 67- dimensional, 

so we have a 67-D time series on 48 timesteps. The reduction dimension is realized by taking the mean value of the 

feature dimensions. It means that the attention vector will be of shape ‘(48,)’and shared across the input dimensions. 

Finally, we merge the ‘Inputs’ layer with the attention layer by multiplying element-wise. Also, the activation vector 

can be derived to graph.  
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Figure 2 (a) Standard attention model                             (b) Two-layer attention architecture  

Figure 2: Common attention models versus Two-layer attentions models. (a) Standard attention mechanism: 

the attention is focused on the timestep layer by the Dense-SoftMax operator, the Permute operator is used to 

reshape the vector,  the Mean operator is used to reduce the feature dimension that the attention vector will 

share across the input dimensions. (b) Two-layer Attention mechanism: the scalars 𝜶𝒕𝒔 are the timestep-level 

attention the same as the standard attention mechanism showed in (a), the vectors 𝜷𝒔𝒕 are the variable-level 

attention weights that focus on feature-level by the Dense-Tanh operator, the two-level attention vector 𝒄𝒕 is 

obtained by multiplying 𝜶𝒕𝒔 and 𝜷𝒔𝒕.  

This standard attentional mechanism can only be used to identify the timestep of high importance to the target outcome, 

but it cannot show the importance of the features in each timestep. With reference to the model design in the study 

conducted by Edward Choi14, we implement the LSTM model based on two levels of attention in our work: one for 

the timestep-level attention and the other for variable-level attention. The scalars 𝛼𝑡𝑠 are the timestep-level attention 

weights that govern the influence of each time block. The vectors 𝛽𝑠𝑡  are the variable-level attention weights that focus 

on each coordinate of the LSTM’s output unit. We use two RNNs to separately generate 𝛼𝑡𝑠 and 𝛽𝑠𝑡 as follows. 

𝑆𝑡𝑒𝑝 1: 𝛼𝑡𝑠 =
exp (𝑠𝑐𝑜𝑟𝑒(𝑣𝑡 , ℎ𝑠))

∑ exp(𝑠𝑐𝑜𝑟𝑒(𝑣𝑡, ℎ𝑠))𝑁
𝑠=1

 

𝑆𝑡𝑒𝑝 2: 𝑠𝑐𝑜𝑟𝑒(𝑣𝑡 , ℎ𝑠) =  𝑣𝑡
𝑇𝑊𝛼ℎ𝑠   

𝑆𝑡𝑒𝑝 3: 𝛽𝑠𝑡 = tanh (𝑠𝑐𝑜𝑟𝑒(ℎ𝑠
̅̅ ̅, 𝑣𝑡)) 

𝑆𝑡𝑒𝑝 4: 𝑠𝑐𝑜𝑟𝑒(ℎ𝑠
̅̅ ̅, 𝑣𝑡) =  𝑣𝑡

𝑇𝑊𝛽ℎ𝑠
̅̅ ̅ 

𝑆𝑡𝑒𝑝 5: 𝑐𝑡 =  𝛼𝑡𝑠𝛽𝑠𝑡 ⊙  𝑣𝑡 

𝑆𝑡𝑒𝑝 6: 𝑦�̂� = 𝑠𝑖𝑔𝑚𝑜𝑑(𝑊𝑐𝑡) 

The two-attention architecture is shown in Figure 2(b): supposing giving an input sequence, we predict the label 𝑦𝑡 . 
in the following way. Step1: The attention is applied on the LSTM's output layer. This approach firstly takes LSTM’s 

output as the input of the attention processing module, and we note it as 𝑣𝑡 . Hidden state ℎ𝑠 is obtained after applying 
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a ‘Dense-SoftMax’ layer with the same number of output parameters as the ‘Input’ layer. Step1: generating 𝛼𝑡𝑠 values, 

Step 2 and Step 4: 𝑠𝑐𝑜𝑟𝑒(𝑣𝑡 , ℎ𝑠), 𝑠𝑐𝑜𝑟𝑒(ℎ�̅�, 𝑣𝑡) are full connection layers. Step3: generating 𝛽𝑠𝑡 respectively. Step 5: 

Generating the context vector using attention and representation vectors, and Step 6: making prediction. Since this is 

a binary prediction task, we use the sigmoid function. As noted, using the generated attentions, we obtain the context 

vector 𝑐𝑡 , where ⊙ denotes element-wise multiplication. We use the context vector to predict the true label 𝑦𝑡 .  

Overall, our attention mechanism can be viewed as the architecture of the standard attention mechanism for language 

translation where the words are encoded by RNN and the attention weights are generated by MLP. In contrast, our 

method uses RNN to generate two sets of attention weights, recovering the sequential information as well as 

mimicking the behavior of physicians.  

Experiments  

In this study, we use the Philips eICU dataset to train the model, and use the MIMIC III dataset as the external test set 

to verify the performance of the model. Model accuracy is measured by AUC of comparing predicted 𝑦�̂�  with the true 

label 𝑦𝑡 . AUC is more robust to imbalanced positive prediction label, making it appropriate for evaluation of 

classification accuracy in in-hospital mortality prediction task14. For comparison, we complete the following models.  

Logistic regression (LR): As we know, stationary models often aggregate past information and remove the 

temporality from the input data. So, for our linear baseline, we use a hand-engineered features described in papers. 

Functions of features that are well-conceived can consider the inherent properties and distributions of the different 

features and capture important information in data better than the raw values of the variables would. 

For each variable, the observation window includes only the first 48 hours after ICU admission, and we construct the 

statistical features for each variable. For each variable, three sample statistics, namely, minimum, maximum and mean 

are features for each variable. For each variable, three sample statistics, namely, minimum, maximum and mean are 

calculated on a given time series. We use the recorded feature’s mean value to filled with the missing feature value. 

All the vectors are normalized to zero mean and unit variance. We use the resulting vector to train the LR model.  

RNN(LSTM) (67 features):: The proposed RNN system is a recurrent neural network that operates sequentially over 

individual electronic health records, processing the data one step at a time. The model implemented by using a three-

layers network. The first hidden layer is an RNN layer based on LSTM with the timestep is 48. The second layer is a 

full connect layer, a ‘Batch Normalization’ 18 layers is used before the full connection layer, we use a sigmoid activation 

function in the output layer for it’s a binary classification task. Here, to reduce overfitting, both dropout19 and ‘recurrent 

dropout’ parameters are used. The loss function used is Adam, with a learning rate of 0.001. Because of the unbalanced 

label, the parameter class weight ='balanced' is set, and the callback function is used to save the training results.  

RNN (65 features): The only difference between this model and the above RNN(LSTM) (67 features) is that there 

are only 65 features, we don’t use the calculated feature: SOFA and eGFR. SOFA20 is the Sepsis-related Organ Failure 

Assessment score (also referred to as the Sequential Organ Failure Assessment score) and it is used to describe organ 

dysfunction/failure of a patient in the ICU. eGFR is an important index for evaluating renal function.  

RNN+𝜶𝒕𝒔: One-layer single directional RNN along time to generate the input sequence, the MLP is used with a single 

hidden layer to generate the timesteps level attentions 𝛼𝑡𝑠. The output of LSTM layer with ‘return sequence’ set true 

is used as the input to the attention mechanism. 

Implementation details: We implement the model with artificial neural network library Keras. For training the model, 

we use Adam21 to optimize the loss function of cross-entropy22 with the mini-batch of 32 patients. The training was 

done in a Linux server equipped with two Nvidia Tesla P100’s and CUDA 10.0.  

 

In-hospital Mortality Prediction 

Objective & Cohort Construction: Given a visit sequence 𝑥1,..𝑇, we predicted patient’s in-hospital mortality. This is 

the many-to-one type of RNN model which receives a sequence of data and produces the outcome at the end of the 

sequence. From the training dataset, about 17483 cases are selected and approximately 10 controls are selected for 

each case. From the external dataset, 2797 cases are selected and approximately 7 controls are selected for each case. 

Training details: The Philips dataset is used as training dataset, and split into training and validation datasets. The 

MIMIC III dataset is used as external test dataset. The patient cohort is divided into the training, validation and test 

sets in a 0.64:0.16:0.2 ratio. The training data are used to train the proposed models. The validation set is used to  
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Table 1. In-hospital Mortality prediction performance of Two-level attention-based LSTM model and baselines 

Model LR RNN(65 features) RNN RNN+𝜶𝒕𝒔 RNN+𝜶𝒕𝒔+𝜷𝒔𝒕 

Training Set AUC 0.872 0.883 0.895 0.911 0.912 

Test Set AUC 0.865 0.877 0.889 0.897 0.899 

External Test Set AUC 0.741 0.791 0.839 0.852 0.855 

 

Table 2. Compare in-hospital Mortality prediction performance with benchmarking result12 

Model  MIMIC III benchmark12 

(17 features) 

MIMIC III benchmark  

(67 features) 

Training Set AUC 0.866 0.887 

Test Set AUC 0.857 0.868 

External Test Set AUC (eICU dataset) 0.693 0.716 

 

iteratively improve the models by selecting the best model architectures and hyperparameters. And the external test 

dataset is used to further verify the stability and generalization of model performance.  

Results 

The performance of in-hospital mortality prediction of two-level attention-based model is shown in Table 1. Firstly, 

the LR is taken as a baseline model. Feature engineering helps enhance model performance, however, the LR method 

does not work well due to severe over-fitting (training AUC = 0.865, testing AUC = 0.741), and is underperformed 

compared to the temporal learning algorithms.  

The comparative analysis demonstrates that the performance of the LSTM model significantly outperforms traditional 

models. The performance in external validation is slightly worse than what we measured using cross-validation. The 

only difference between the RNN (65 features) and RNN is that the former model has not included the significant 

variables SOFA, eGFR that we derived from feature engineering. As a result, the AUC decreases by about 5% in RNN 

(65 features)model. 

Note that RNN+𝛼𝑡𝑠model is a standard attention model with one timestep attention, which is still a competitive model 

as shown in table 1. This confirms the efficiency of generating attention weights using the RNN. However, RNN+𝛼𝑡𝑠 

model only provides scalar timestep-level attention, which is not sufficient for healthcare applications. There are often 

several measurement values in the one-hour interval, and it is important to distinguish their relative importance to the 

prediction target.  

Two-level neural attention model is comparable to the other RNN variants in terms of prediction performance and 

interpretability. The proposed model not only achieve similar accuracy, but also has high clinical interpretability. In 

particular, this model is based on a two-level neural attention, which can detect influential timesteps and significant 

clinical variables after ICU admission. 

Meanwhile, we compared our model to the existing benchmarking result. This studies is multitask learning with 

clinical time series data, and we only focus on the in-hospital mortality prediction task. For the benchmarking result 

using MIMIC III dataset8, we replicate the LSTM model with a binary mask input for each variable indicating the 

timesteps that contain a true (vs. imputed) measurement, and we validate the model performance on the eICU dataset. 

The AUC in Table 2 shows that the generalization of this model in external dataset is lower (training AUC = 0.866, 

testing AUC = 0.693). MIMIC III benchmark (67 features)  takes the same model, except that it uses 67 features 

explicitly stated in the previous feature extraction instead of the original 17 features. However, the external validation 

result does not improve significantly. As shown in the Table 2: the external performance does not perform well when 

using the MIMIC dataset to train the LSTM model. The result is consistent with the database description. For the eICU 

model, cohort is approximately 10 times that of mimic. Most important, the eICU is a multicentric database with high 

granularity data, however, the MIMIC dataset contains information of only one center.  
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Figure 3: (a) RNN+𝛼𝑡𝑠 model is a standard attention model with one timestep attention.  (b) RNN+ two-level attention 

with one timestep attention and the other feature attention. 

We evaluated the interpretability of two-layer attentions RNN in the in-hospital mortality prediction task by choosing 

a case from the test set and calculating the contribution of the variables to mortality prediction. The prediction result 

on a randomly picked patient, out of the 2798 cases, is used to demonstrate the influence of two-level attention. The 

plot of the two-level attention weights is shown in Figure 3(a) and (b), respectively. In the figure 3 (a):  The x-axis is 

the 48 timesteps after ICU admission. The y-axis is indicating the weight of each timestep, and the total weight in the 

48 timesteps is 1. The figure shows that the last few timesteps pay more attention to the result, in particular, the last 2 

timesteps account for 50% of the weights. In figure 3 (b): two-level attention: one for the timestep-level attention and 

the other for variable-level attention. Four important features strongly associated with mortality are selected to 

illustrate the effect of these features on the outcome. The weight of each variable changes with timesteps, the weights 

from the earlier steps make less contribution to the result as expected. As for the correlations of variables on outcomes, 

the absolute value of the weight represents the magnitude of the weight and the symbol represents the direction. It 

shows that the oxygen saturation and bicarbonate variables has a negative effect on the result and can been seen as 

(a) 

(b) 
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protective factors, and direct bilirubin and white blood cell count have a positive effect on the predicted result. It is 

consistent with the results in the hypothesis test and clinical practice. 

Discussion: 

Our approach provides interpretability through an attention mechanism. The results are then interpreted by the doctor 

as follows: the oxygen saturation and bicarbonate are negatively correlating with in-hospital mortality, reflected as 

protective factors, and direct bilirubin and white blood cell count have positive effects on the in-hospital mortality, 

which is consistent with physiology mechanism. At a late stage of the illness, hypoxemia and decreased oxygen 

saturation can cause organs deterioration, promoting the process of death23. During the end stage, the circulatory 

function decreases, leading to the decrease of bicarbonate level, which is a manifestation of poor prognosis24. Bilirubin 

is a key indicator of liver function deterioration, a biomarker of malignancy, it increases at the end of the disease when 

the liver is hypoxic25. Higher count of white blood cells indicates more serious infection, which is one of the critical 

causes of clinical death. 

In-hospital mortality prediction is crucial for assessing severity of illness and providing real time information for 

supporting clinical decision-making. Our study focuses on prediction of mortality risk, one of the most common 

clinical tasks. We have already developed a disease prediction system for physicians. The following figure shows the 

detail of the system. 

 

Figure 4: the main interface of the ICU decision support system. The red matrix and row on the left highlights 

the in-hospital mortality prediction task, and the two pictures on the right are the risk level and risk factor 

respectively. Below is the electronic medical record. Most important Chinese information has been translated, 

while personal sensitive information has been masked. 

Our model has compared to the baseline models such as LR and other RNN variants based on practicality. 

Unfortunately, we have not compared with more novel deep learning frameworks, since most of the novel work is 

hard to replicate without sharing data. Another deficiency is that we did not invent a new deep learning framework.  

In the future, we consider changing the original RNN structure and the importance evaluation of variables and integrate 

them into the RNN structure in order to achieve better performance. 

Conclusion  

In this paper, we present a practical clinical model for in-hospital mortality prediction in ICU, which is designed with 

a two-level neural attention mechanism to improve RNN’s predictive ability while allowing a higher degree of 

interpretability. We also verified the model with A completely different external public dataset. Moreover, this model 

has been developed to a practical assessment system able to support clinical decision-making. 
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Abstract 

Chief complaints are important textual data that can serve to enrich diagnosis and symptom data in electronic                 
health record (EHR) systems. In this study, a method is presented to preprocess chief complaints and assign                 
corresponding ICD-10-CM codes using the MetaMap natural language processing (NLP) system and Unified             
Medical Language System (UMLS) Metathesaurus. An exploratory analysis was conducted using a set of 7,942               
unique chief complaints from the statewide health information exchange containing EHR data from hospitals across               
Rhode Island. An evaluation of the proposed method was then performed using a set of 123,086 chief complaints                  
with corresponding ICD-10-CM encounter diagnoses. With 87.82% of MetaMap-extracted concepts correctly           
assigned, the preliminary findings support the potential use of the method explored in this study for improving upon                  
existing NLP techniques for enabling use of data captured within chief complaints to support clinical care, research,                 
and public health surveillance. 

Introduction 

Electronic Health Records (EHRs) are composed of many different types of data that can be categorized as                 
structured (e.g., diagnoses) and unstructured data (e.g., clinical notes). When performing analyses that involve              
EHRs, structured data provide the flexibility to manipulate the data for various uses such as statistical analyses or                  
machine learning. An issue arises when data such as a diagnosis or an adverse reaction to a drug of a patient are only                       
noted in narrative form, making embedded information harder to incorporate in analysis or use. A commonly used                 
approach to address this challenge is to extract the information from unstructured data using techniques such as                 
natural language processing (NLP)1.  

Chief complaints consist of patient reported symptoms, conditions, or diagnoses during their admission into a               
clinical care setting (e.g., the emergency department2 [ED]). As one of the first instances of recorded data when                  
patients enter a clinical setting, the free text can contain valuable information that could enrich EHRs. Extracting                 
structured symptom data from chief complaints can help make ED visits more efficient, monitor disease outbreaks3,                
and further improve personalized medicine4. Chief complaints tend to be inconsistent and challenging to organize or                
analyze. The free text format gives the flexibility to the writer of the chief complaint to be as expressive or concise                     
as needed for a patient’s symptoms on a case-by-case basis. However, the flexibility given by the format also comes                   
at the cost of ambiguity of meaning of the complaint, errors and potential lack of information. The ambiguity of                   
meaning can arise from the use of words or abbreviations in the text that can be interpreted in multiple ways, which                     
makes assigning a correct concept to a certain phrase more challenging. Errors in chief complaints pertain to spelling                  
mistakes, incorrect punctuation or incorrect symptoms described. Lastly, some chief complaints simply lack the              
necessary information to be able to extract concepts. An example of such a phrase would be “LAB WORK”, where                   
the phrase gives the piece of information that lab work was done after the patient was admitted; however, it lacks the                     
context of the admittee’s symptoms and thus would not be mapped to a medical concept for further analysis. Some                   
of these characteristics of chief complaint data can be remedied through NLP tools and pre-processing techniques.  

Extensive research has been done in the field of using structured EHR data for applications and the usefulness of                   
such data in medicine cannot be understated. Structured symptom data extracted from chief complaints could better                
support clinical, quality, research and public health needs. Using natural language processing (NLP), particularly              
information extraction techniques, to gather structured data from free text is a difficult task and an active area of                   
research4,5. Existing methodologies and tools for information extraction can be used in a plethora of different EHR                 
settings including chief complaints to extract medical concepts. Several studies3,5-8 have demonstrated the potential              
for information extraction from chief complaints, using either a heuristics-based or a supervised learning approach.               
A recent study5 resulted in an algorithm, CCMapper, which used a bag of words approach on data collected from the                    
Mayo Clinic ED. The algorithm performed with a sensitivity of 94.2% and a specificity 99.8% in mapping the chief                   
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complaints from the specific hospital to symptom categories created by expert knowledge. The approach involves               
manually assigning words with categories and when free text is inputted into the algorithm, it chooses the category                  
which has the most mappings to words in the text.  

Approaches, such as the bag of words method differ from concept-based approaches for information extraction, as                
they rely on training data or the construction of specific keyword mappings to structured data. MetaMap9 is a NLP                   
tool created at the National Library of Medicine to map biomedical texts to medical concepts. The medical concepts                  
used by MetaMap can be found in the Unified Medical Language System (UMLS) Metathesaurus10, a large dataset                 
that maps medical concepts to various medical vocabularies including diagnosis codes (e.g., ICD-10-CM). Since the               
MetaMap tool has pre-existing mappings, identifying concept mappings is streamlined11 and there is no need for                
training or example data. The main challenge with working with the MetaMap tool involves attempting to                
pre-process messy text data such that it most accurately maps a phrase to UMLS concepts. 

The overall goal of this paper was to demonstrate the use of a method to map chief complaint free text data to                      
structured coded data. The method involves manipulating the text data, using MetaMap to map the phrases to UMLS                  
concepts and hence using the UMLS Metathesaurus to map the concepts to ICD codes and categories. 

Methods 

Figure 1 depicts the approach for extracting diagnosis codes from free-text chief complaints in four main steps: (1)                  
preprocessing the data from its raw form, (2) running the processed phrases through MetaMap, (3) post-processing                
the outputted concepts and (4) evaluating the outcomes. Each step of the pipeline will be discussed in detail in their                    
respective sections. Code for processing and evaluation can be found in the supplemental GitHub repository:               
https://github.com/bcbi/chief-complaint-coder. 

Figure 1. The above diagram shows the mapping process from chief complaint text phrases to ICD-10-CM codes. 

Data Source 

Founded in 2001, the Rhode Island Quality Institute (RIQI) is a 501(c)(3) nonprofit center that serves as the                  
Regional Health Information Organization for the State of Rhode Island. RIQI operates CurrentCare, the statewide               
Health Information Exchange (HIE), which collects, aggregates, normalizes, stores, and makes accessible            
longitudinal electronic health record (EHR) data from >500 sources for more than 50% (n>550,000) of the state’s                 
population. For this study, chief complaints of Rhode Island patients enrolled in CurrentCare were obtained. The                
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advantage of using data provided through the HIE was that it allowed the data to be as close to real-world conditions                     
as possible. The types of chief complaints vary substantially, as the data are gathered from multiple hospitals with                  
different standards on how chief complaints are entered. The variability of the free text from multiple hospitals leads                  
to the data’s generality, as it prevents evaluation metrics and pre-processing methods from not generalizing to data                 
from other hospitals. 

Two deidentified datasets containing samples of chief complaints (for one year and one month) were generated and                 
used in this study. The first dataset (n = 7,942) contains the unique chief complaints along with frequencies spanning                   
a full year from January 1, 2018 to December 31, 2018. This “exploratory dataset” was primarily used to do a                    
semantic type analysis and better understand the distribution of concepts in the text data. The second dataset (n =                   
123,086) spans the month of December 2018 and provides chief complaints with their assigned ICD-10-CM codes                
during the patient’s admittance. Each chief complaint in the second dataset may have multiple codes, as shown in                  
Table 1. This “evaluation dataset” was primarily used to assess the performance of the method. 

The different standards of hospitals12 as mentioned previously leads to the chief complaints taking many forms.                
Several chief complaints have short descriptions describing symptoms, which have the potential to be mapped to                
UMLS concepts. Other complaints contain a list of diagnosis codes or diagnosis code descriptions, which can be                 
extracted and used as an output label. Several examples of chief complaint phrases in the dataset can be found in                    
Table 1. 

Table 1. Example chief complaints with coded diagnoses from the Evaluation Dataset. 

ID Chief Complaint ICD-10-
CM Code 

ICD-10-CM Description 

1 “LAB WORK” D64.9 “Anemia, unspecified” 

1 “LAB WORK” R53.83 “Fatigue, unspecified type” 

2 “rlq pain” R10.31  “Right lower quadrant pain” 

3 “Hypertension, unspecified type” I10 “Hypertension, unspecified type” 

4 “R50.9” R50.9  “Fever, unspecified” 

 

The various types of chief complaints influence decisions in the pre-processing and post-processing stages of the                
method. Each case mentioned above involves different techniques to clarify the concepts from the phrase and thus                 
can be optimally mapped to UMLS concepts through MetaMap.  

Pre-Processing 

The preprocessing phase, which was implemented using the Julia general purpose programming language, attempts              
to sort through phrases that have additional labels, phrases that can be directly assigned a label and finally to create                    
the MetaMap input file from the remaining phrases.  

To begin with, all the phrases are set to lowercase allowing for proper text comparisons. Then using a regular                   
expression, all ICD-10-CM codes are extracted from the phrase. If the phrase includes ICD-10-CM codes, then they                 
are stored in the set of output labels and removed from the string. An example of this transformation can be seen                     
below, where a tuple represents a phrase and the corresponding pool of predicted labels:  

(Phrase: “R50.9, rlq pain”,Labels = []) -> (Phrase: “, rlq pain”,Labels = [R50.9]) 

The remaining portion of the string without the codes is left in the pool of strings that had no ICD codes in them.                       
This is exemplified above, where “, rlq pain” should be assigned a different ICD code. 

The next step in preprocessing is to remove punctuation with a regular expression. The ICD code matching is done                   
before this step to make sure the matching is done correctly. Then a second comparison happens to see whether the                    
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free text has an exact description match with ICD code description. If so, the phrase is assigned its corresponding                   
ICD label and then sent to the pool of phrases ready for evaluation, as there is no other definitive information that                     
the phrase can contain outside of the code description. 

Since, some chief complaints have been matched to ICD-10-CM codes and descriptions, the next step in processing                 
the data follows expanding abbreviations. Abbreviations can cause issues for MetaMap, as they add ambiguity to the                 
phrase and make it difficult to map to a concept. Hence, a mapping of 102 prominent abbreviations was created                   
based on the full year dataset to map the medical abbreviation to an expanded form. An example of the                   
transformation that occurs can be seen below:  

(Phrase: “hx hf ”,Labels = []) -> (Phrase: “history of heart failure”, Labels = []) 

The above example is used as it is characteristic of both mapping a medical abbreviation to its expanded concept, as                    
well as, attempting to structure the phrase such that MetaMap can map the phrase to a concept that encompasses the                    
temporal aspect of the symptoms. The distinction between a history of a condition and current condition is                 
important, as the current conditions lead to an ICD-10-CM code of the patient in their current state; while historical                   
symptoms should be kept in a different pool as they pose other uses. The process of manipulating the string is a                     
heuristic that finds whether “hx” or “history” exists in a string and edits the string for the proposition “of '' in order                      
to make the part of the phrase semantically clear for mapping. Lastly, with a preprocessed pool of phrases, a text file                     
is created containing IDs and phrases in order to input the text data to MetaMap.  

Mapping Phrases to Concepts 

Mapping parts of phrases to ICD codes can be facilitated through the National Library of Medicine’s tool, MetaMap.                  
The tool processes texts and identifies parts of phrases that are similar to UMLS concepts. This method of assigning                   
ICD-10-CM codes or categories to phrases was chosen over other supervised learning techniques, as the nature of                 
the problem of extracting diagnoses would lead to too many different labels for the amount of data at hand. Hence,                    
the approach of using a heuristic tool, such as MetaMap, was preferable as it could map to specific codes or                    
categories without needing copious data.  

MetaMap is highly configurable and hence several options were used for post-processing. The command and               
arguments used for this study were: 

metamap --JSONn --sldiID input.txt  

JSONn specifies an output of an unformatted JSON file. Output files tend to be very large as the tool produces many                     
candidate mappings for each phrase. The approach used for this study was only designed for use on smaller chief                   
complaint datasets. sldiID allows for multiple phrases to be inputted via text file.  

The processed JSON files were then subject to postprocessing written in Julia. The postprocessor extracted               
information that MetaMap produced from the JSON file. The first step in the process is extracting several key                  
features of the phrases such as ID, the phrase itself and the score that MetaMap gave to the mapping. Then the top                      
scoring candidates are chosen and stored with their corresponding concept name, Concept Unique Identifier (CUI),               
semantic type and a boolean of whether the phrase was negated. These data are sufficient to attempt to extract                   
ICD-10-CM data from the phrases, as well as, perform a semantic type analysis on the data. The phrases and their                    
corresponding data are then stored into Julia structs for further extendibility. 

CUIs are unique identifiers for concepts in the UMLS Metathesaurus. When MetaMap identifies a concept, which                
matches the symptoms of a diagnosis code, it adds the corresponding CUI to the candidate mapping set. Mappings                  
from UMLS CUIs to ICD-10-CM codes were obtained using the UMLS Metathesaurus. Since a phrase can describe                 
many symptoms, there can be multiple mapped CUIs that correspond to diagnosis codes.  
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Figure 2. Example of a chief complaint processed by MetaMap and mapped to multiple diagnosis codes using the                  
UMLS Metathesaurus. 

Evaluation  

Since the chief complaints in the evaluation dataset can have multiple labeled ICD-10-CM codes, as well as multiple                  
predicted labels, a process to evaluate the method needed to be created. Since many chief complaints simply do not                   
have enough information to capture all the labeled diagnoses, the main focus of the evaluation is whether the method                   
can map to at least one labeled code.  

Table 2. Example where the chief complaint phrase does not encompass all the information from the labeled                 
diagnosis codes. 

ID Chief Complaint ICD-10-
CM Code 

ICD-10-CM Description 

255 “rlq pain” R10.31  “Right lower quadrant pain” 

255 “rlq pain” R50.9  “Fever, unspecified” 

255 “rlq pain” R11.0 “Nausea” 

 

Symptoms of nausea and fever are a usual occurrence with right lower quadrant pain; however, there is not enough                   
information in the example phrase above to infer all of the labels. The method will be considered to have performed                    
well on the phrase if it is able to map to the diagnosis code that the phrase encompasses: “Right lower quadrant                     
pain”.  

Hence, a scoring function was constructed as follows: 

 

Where p is a given phrase, map(p) is the set of matched ICD-10-CM codes and L(p) is the set of labeled ICD-10-CM                      
codes corresponding to the phrase p. 

An important note about the dataset used for evaluation is that the ICD-10-CM labels tend to be noisy. ICD codes                    
can be too general or too specific for the information conveyed in a phrase. This could be attributed to the different                     
coding standards of the various hospitals from which the data was gathered. For example if “postprocedural fever” is                  
given as a phrase and the label for the given phrase is “R50.9”, “Fever, unspecified”, it could be difficult to find the                      
correct mapping to the label’s ICD code, as MetaMap may have mapped the phrase to the more specific ICD code                    
for “R50.82”, “Postprocedural fever.” The opposite applies if the phrase does not contain enough information, while                
the labeled ICD code is more specific. 
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Two versions of the method were evaluated. One data pipeline attempted to predict the ICD code in full, which for                    
the reason mentioned above poses a difficult task provided due to the noisy labels, as well as the potential lack of                     
information conveyed in a phrase. Another proposed pipeline attempted to find the ICD category (e.g., “R50”) rather                 
than a specific code, as it would offer better mappings, while also being more granular than classifications buckets                  
in other proposed methods. The method of evaluation outlined above differs from other studies, as it attempts to                  
encompass the performance when there are many matchings for each phrase. Other studies5,7 have used more                
standard approaches, such as precision and recall, which are viable when there is only one correct medical concept                  
per phrase. 

Results 

Two datasets used in this study were used with the developed approach. The first dataset, labeled the exploratory                  
dataset, contains the frequencies of chief complaints over a period of a year and was used to perform a semantic                    
group analysis to understand the distribution of concepts in the chief complaints. The second dataset, labeled as the                  
evaluation dataset, has assigned ICD codes for a month of chief complaints and was used to evaluate the accuracy of                    
the method for mapping medical concepts to both ICD-10-CM codes and categories.  

 

Figure 4. Distribution of Chief Complaints in Dataset A (Evaluation) and B (Exploratory). 

Figure 4 shows the breakdown of the number of chief complaints while running the method. The evaluation dataset                  
(Dataset A) contains 220,022 rows, where each row represents a unique mapping from a chief complaint to a label.                   
There are a total of 123,086 unique complaints in dataset A. The exploratory dataset (Dataset B) contains 7,942                  
rows, where each row contains a chief complaint and the number of times the complaint was recorded over a period                    
of a year. The number of chief complaints for dataset B in each branch in the above diagram was calculated by                     
adding the respective chief complaint frequencies. The majority of labels were redacted, as the data contained are                 
potentially sensitive or identifying. The number of redacted entries in dataset A was not provided. 

A semantic group analysis was performed on the exploratory dataset so as to better understand the distribution of                  
chief complaints. Mapped concepts are assigned UMLS semantic types by MetaMap13, which are general categories               
that UMLS concepts have been grouped by. Since there are many semantic types, semantic groupings also exist to                  
group the types into broader categories.  
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Figure 5. Frequency of UMLS Semantic Types in the Exploratory Dataset. 

Figure 5 shows the frequency of recorded UMLS semantic groups in concepts that were mapped by MetaMap from                  
the exploratory dataset. Disorders seem to be the most prevalent concepts in the chief complaint phrases. Since                 
symptom or condition information would fall under the Disorder semantic group, it is important for chief complaints                 
to contain such concepts in order to find ICD-10-CM mappings. The above distribution can also be indicative of the                   
cases where MetaMap has not mapped the phrase to correct concepts. Both Geographic Area and Genes and                 
Molecular Sequences are not concepts expected to be found in chief complaints. Indeed, the phrases that had                 
mapping to these semantic groups had less well known abbreviations that the pre-processor did not expand and                 
hence MetaMap incorrectly assigned non-related concepts. An example of such an abbreviation that MetaMap              
incorrectly assigns a concept is the chief complaint “st”. The abbreviation should be expanded to “sore throat”;                 
however, MetaMap assigns the concept “Santa Lucia”, which is a geographic location. Since these unrelated               
semantic groups are infrequent, as seen in the figure above, the edge cases where MetaMap did not assign the related                    
concepts when evaluating the method is also infrequent.  

Results from the evaluation dataset were found using the evaluation method discussed previously. A total of 59.39%                 
ICD-10-CM mappings were found out of the phrases in the evaluation set. Phrases that were not mapped to any                   
CUIs did not contain enough information within them to lead to a successful mapping to diagnosis code.  

Table 3. Evaluation of the method on the labeled dataset. 

Metric ICD-10 Code ICD-10 Category 

% Acc. of total 24.95% 52.16% 

% Acc. of mappings 42.02% 87.82% 

 

As seen in the table above, while the method underperforms when attempting to predict a full ICD code, due to both 
label noise and generality of information in free text, the model that maps to ICD-10 categories performs well.  
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Table 4. Examples where the method successfully mapped the concepts in the phrases to ICD-10-CM categories. 

Phrase Predicted Output Labels 

“streptococcal sore throat” “J02” “J02.0” 

“severely overweight” “E66” “E66.3”, “E03.8” 

“acute venous embolism” “I82” “I82.4Z9” 

 

To illustrate instances of phrases where the method failed to find a correct mapping, several cases from the can be                    
seen in Table 5. The first phrase shows an instance where the predicted output would match the phrase; however, the                    
label is more specific. In the second phrase, MetaMap mapped the phrase to the ICD code of “Congenital syphilis”                   
rather than A64, “Unspecified sexually transmitted disease”, which should have been identifiable given the phrase.               
The third phrase mapped to “Other joint disorder, not elsewhere classified”, which is partially correct. The labels for                  
the phrase are specific and the information for such codes is not encompassed in the phrase itself. The last phrase did                     
not get mapped to any ICD-10-CM code, as it seems the additional complexity of the phrase did not allow MetaMap                    
to identify the diagnosis. 

Table 5. Examples where the method incorrectly mapped the concepts in the phrases to ICD-10-CM categories.  

Phrase Predicted Output Labels 

“hypothyroidism” “E03” “E05.90” 

“sextually transmitted diseases” “A50” “Z30.90”, “A64”, “Z00.00” 

“right shoulder pain” “M25” “S43.51XA”, “S46.811A”, 
“Z98.890”, “X50.1XXA”, 
“Y93.89”, “Y92.234” 

“acute right-sided low back pain 
with sciatica presence” 

- “M54.4” 

 

Discussion 

Results from other researched methods of information extraction from chief complaints involved using supervised or               
heuristic NLP techniques and have also proven to be successful reporting high specificities. Other studies3,5 used a                 
keyword or bag of word based approach. However, the goals of these other methods of information extraction differ                  
from the present study, as they attempt to classify chief complaints with classification buckets designed by                
individuals with expert-knowledge. The method outlined in this paper attempts to extract ICD codes and categories                
that allow for more granularity in predicted labels and thus may prove to be more informative in a clinical, research,                    
or public health setting.  

The type of data used to evaluate the proposed method also differs from other researched methods, as the data used                    
for this study can be more easily generalized to real-world chief complaints. Using chief complaints from a specific                  
hospital risks biasing results, as the model could overfit to the hospital’s written chief complaint standards and may                  
not perform well on data received from other sources. Future work will involve characterizing chief complaints                
based on source or hospital as well as examining patterns of mapping based on patient or disease characteristics. 

Due to the nature of the problem that was the focus of this study, where there can be multiple predicted outputs and                      
multiple labels for every chief complaint, consideration must be given to the process of evaluating the method.                 
While the scoring and averaging method outlined in this paper gives an intuition on performance, further research                 
should be done on how to best weigh different mapping scenarios. For example, another scoring method would be to                   
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weigh the score of multiple correct mappings higher than for chief complaints where only one correct mapping is                  
found. Additionally, other metrics such as precision and recall could have possible multiple mapping              
implementations with further research. Definitions of false positives and false negatives could be created in order to                 
create a multiple mapping confusion matrix for future evaluation of the method. The evaluation of the model could                  
also be performed on other unstructured data, such as clinical notes, which could provide a better idea of the                   
method’s ability to extract information in different scenarios. Future evaluation methods should also involve an               
analysis of how many phrases were coded in order to better understand the capabilities of the NLP algorithm or                   
system. Lastly, different mappings from ICD codes to more general diagnosis categories such as those from the                 
Clinical Classifications Software14 (CCS) could be helpful for evaluating the mappings that are close in meaning, but                 
are classified incorrectly in the current evaluation scheme. With a better understanding of method performance and                
evaluation, more concrete benchmarks on method improvement can be made. 

There are various improvements that can be made to attain better results with the proposed method of the study. The                    
example in Table 2 outlines a case where the method can be improved upon. Right lower quadrant pain usually                   
coincides with symptoms of pain and fever. A certain diagnosis code being associated with other symptoms tends to                  
be a frequent occurrence. Hence, a model to consider to be used in conjunction with the proposed method is that of                     
recommending frequent diagnosis codes that coincide with a given mapped diagnosis code. The output of these                
recommended diagnosis codes could supplement the mapped ICD-10-CM codes in order to have a higher chance of                 
having a match between mapped code and label. Additionally, these recommended ICD-10-CM codes could provide               
a more complete set of predicted labels that would have not been inferred by the free text due to the potential                     
generality of a chief complaint phrase. 

Further exploration into the configurations that MetaMap provides could lead to better mappings. For example,               
attempting to use a word sense disambiguation server for MetaMap may prove to help create more accurate                 
mappings for ambiguous chief complaint phrases. Results could also be further improved by the use of other                 
existing NLP tools for biomedical or clinical text15. A study16 has shown that the performance of Apache’s clinical                  
Text Analysis and Knowledge Extraction System (cTAKES)17 is on par with that of MetaMap and could prove to                  
perform better for the task of extracting structured data from chief complaints. Next steps include comparing the                 
performance of MetaMap for mapping of chief complaints to cTAKES, Clinical Language Annotation, Modeling,              
and Processing Toolkit18 (CLAMP), and other NLP tools for biomedical and clinical text. 

Additional advanced methods could also potentially improve results. Semi-supervised learning and language models             
with the use of neural networks seem to be promising and warrant additional research in their application of                  
information extraction from chief complaints. An ensemble model that uses both supervised and unsupervised              
techniques could also prove to have good results. The issue that arises with extracting diagnosis codes is that there                   
are not enough samples of phrases that could train a classifier for each ICD-10-CM code. Hence, an ensemble                  
method could involve having a training dataset and identifying the n most frequent ICD-10-CM codes where there                 
are enough samples to train classifiers. For the remaining data where there are not enough training samples for                  
classifiers, unsupervised learning, heuristic rules or the proposed method in this study could be used to extract                 
diagnosis codes from the subset of data. This technique could improve accuracy, as the classifiers could potentially                 
be trained to find specific frequent ICD codes rather than overarching ICD categories of the proposed method and                  
hence would pose to be even more useful in a hospital or public health setting. 

Another improvement on the current method would be possible if expanded access were given to other EHR data for                   
patients, using past chief complaints, encounter diagnoses, problems, and family history. These additional data could               
be factored into current predictions in order to increase the detail of predicted labels from ICD-10-CM categories to                  
codes and may also supplement phrases that only provide partial information. For example, if the phrase “LAB                 
RESULTS” is given, the method could use prior diagnoses and map the lab results to a specific ICD-10-CM code                   
that was previously diagnosed and required lab tests. Additional granularity to the proposed method, as well as,                 
analyses could also be possible if data on source hospitals and EHR systems used are obtained for each chief                   
complaint. The additional data could be used to help the method become more accurate, as abbreviations and chief                  
complaint etiquette for specific hospitals could be trained on and thus the preprocessing can cater to each type of                   
chief complaint. Additionally, given such data, analyses can give feedback to hospitals to create a more standardized                 
method of writing chief complaints. The effect of using these data with the proposed method would be to enrich                   
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health records and have a better understanding of temporally when events occur in a patient’s medical history in                  
order to provide better and more efficient care. 

Conclusion 

In this preliminary study, a method was created to extract structured symptoms or conditions from chief complaints                 
provided by hospitals in Rhode Island through the statewide health information exchange. With a probability given a                 
mapping exists of 87.82%, the method can have real world applications in mapping chief complaint phrases to                 
structured data in the form of ICD categories. Despite the noisiness of the labels, as well as the generality of the                     
phrases, the data used in this study closely reflects the true data-distribution of chief complaints and the issues that                   
arise with the messiness of such data. The method explored in this study can yield better results with further                   
research. The importance of research in the area of information extraction from chief complaints, as one of the                  
earliest forms of information in health records stored during an emergency department visit, cannot be understated.  

Acknowledgments 

The authors thank Sarah Eltinge and Luke Bruneaux from the Rhode Island Quality Institute for assistance in                 
generating the CurrentCare datasets. This work was funded in part by National Institutes of Health grant                
U54GM115677. The content is solely the responsibility of the authors and does not necessarily represent the official                 
views of the National Institutes of Health. 

References 

1. Nadkarni PM, Ohno-Machado L, Chapman WW. Natural language processing: An introduction. Journal of the              
American Medical Informatics Association. 2011.  

2. Chen ES, Melton GB, Burdick TE, Rosenau PT, Sarkar IN. Characterizing the use and contents of free-text                 
family history comments in the Electronic Health Record. AMIA Annu Symp Proc. 2012;  

3. Conway M, Dowling JN, Chapman WW. Using chief complaints for syndromic surveillance: A review of chief                
complaint based classifiers in North America. Journal of Biomedical Informatics. 2013. 

4. Velupillai S, Suominen H, Liakata M, Roberts A, Shah AD, Morley K, et al. Using clinical Natural Language                  
Processing for health outcomes research: Overview and actionable suggestions for future advances. Vol. 88,              
Journal of Biomedical Informatics. 2018. p. 11–9. 

5. Tootooni MS, Pasupathy KS, Heaton HA, Clements CM, Sir MY. CCMapper: An adaptive NLP-based              
free-text chief complaint mapping algorithm. Comput Biol Med. 2019;  

6. Chapman WW, Christensen LM, Wagner MM, Haug PJ, Ivanov O, Dowling JN, et al. Classifying free-text                
triage chief complaints into syndromic categories with natural language processing. Artif Intell Med. 2005;  

7. Brown P, Halász S, Goodall C, Cochrane DG, Milano P, Allegra JR. The ngram chief complaint classifier: A                  
novel method of automatically creating chief complaint classifiers based on international classification of             
diseases groupings. J Biomed Inform. 2010;  

8. Thompson DA, Eitel D, Fernandes CMB, Pines JM, Amsterdam J, Davidson SJ. Coded Chief              
Complaints-Automated Analysis of Free-text Complaints. Acad Emerg Med. 2006;  

9. https://metamap.nlm.nih.gov/ 
10. https://www.nlm.nih.gov/research/umls/knowledge_sources/metathesaurus/index.html 
11. Aronson AR, Lang FM. An overview of MetaMap: Historical perspective and recent advances. J Am Med                

Informatics Assoc. 2010;  
12. Terry W, Ostrowsky B, Huang A. Should we be worried? Investigation of signals generated by an electronic                 

syndromic surveillance system--Westchester County, New York. MMWR Morb Mortal Wkly Rep. 2004;  
13. Aronson AR. Metamap: Mapping text to the umls metathesaurus. Bethesda MD NLM NIH DHHS. 2006;  
14. https://www.hcup-us.ahrq.gov/toolssoftware/ccs10/ccs10.jsp 
15. Kreimeyer K, Foster M, Pandey A, Arya N, Halford G, Jones SF, et al. Natural language processing systems                  

for capturing and standardizing unstructured clinical information: A systematic review. Journal of Biomedical             
Informatics. 2017.  

16. 1. Reátegui R, Ratté S. Comparison of MetaMap and cTAKES for entity extraction in clinical notes. BMC Med                  
Inform Decis Mak. 2018;  

17. https://ctakes.apache.org/ 
18. Soysal E, Wang J, Jiang M, Wu Y, Pakhomov S, Liu H, et al. CLAMP - a toolkit for efficiently building                     

customized clinical natural language processing pipelines. J Am Med Informatics Assoc. 2018; 

 

 647

https://metamap.nlm.nih.gov/
https://www.nlm.nih.gov/research/umls/knowledge_sources/metathesaurus/index.html
https://www.hcup-us.ahrq.gov/toolssoftware/ccs10/ccs10.jsp
https://ctakes.apache.org/


  

Comparative Study of Various Approaches for Ensemble-based                    
De-identification of Electronic Health Record Narratives 

Youngjun Kim, PhD1, Paul M. Heider, PhD1, Stéphane M. Meystre, MD, PhD1,2 
1Medical University of South Carolina, Charleston, South Carolina, USA              

2Clinacuity, Inc., Charleston, South Carolina, USA 

Abstract 

De-identification of electric health record narratives is a fundamental task applying natural language processing to 
better protect patient information privacy. We explore different types of ensemble learning methods to improve clinical 
text de-identification. We present two ensemble-based approaches for combining multiple predictive models. The first 
method selects an optimal subset of de-identification models by greedy exclusion. This ensemble pruning allows one 
to save computational time or physical resources while achieving similar or better performance than the ensemble of 
all members. The second method uses a sequence of words to train a sequential model. For this sequence labelling-
based stacked ensemble, we employ search-based structured prediction and bidirectional long short-term memory 
algorithms. We create ensembles consisting of de-identification models trained on two clinical text corpora. 
Experimental results show that our ensemble systems can effectively integrate predictions from individual models and 
offer better generalization across two different corpora. 

Introduction 

Ensemble learning is a meta-algorithm that uses the outputs of individual classifiers to reduce their errors and improve 
accuracy. The approach has attracted natural language processing (NLP) researchers as a convenient and effective 
way to combine multiple predictive models. In general, a classifier ensemble has a two-tier learning structure in which 
the first layer consists of a set of individual classifiers and the second layer serves to combine their outputs. Although 
the performance of individual models in the first layer is of primary importance, more thorough consideration should 
be given to effective model integration by the metaclassifier in the second layer. 

Our focus is on ensemble-based methods for electronic health record (EHR) narrative text de-identification. De-
identification involves detecting and hiding or removing pre-defined categories of identifiers (personally identifiable 
information, PII) such as a social security number or biometric information. In practice, eighteen categories of PII are 
listed in the Health Insurance Portability and Accountability Act (HIPAA) privacy rule ‘safe harbor’ method.1 De-
identification has been considered a fundamental task in clinical NLP and has played an important role in protecting 
patient information privacy while making clinical data shareable with other research communities just as EHRs are 
becoming more prevalent.  

In our previous research on EHR narratives de-identification2, we applied a variety of information extraction (IE) 
methods including deep learning, shallow learning, and rule-based approaches. We analyzed de-identification model 
diversity by grouping similar models based on their outputs. To combine multiple de-identification models, we 
presented three ensemble methods: voting, decision template method (DTM)3, and stacked generalization4. When 
evaluated with the 2014 i2b2 (informatics for integrating biology and the bedside) de-identification challenge corpus5,6 
(called ‘2014 i2b2’ hereafter), we showed that ensemble methods consisting of a diverse set of PII extraction models 
could improve EHR de-identification.2 

In this subsequent research, we advance our approach in two directions. First, we explore various types of ensemble 
architectures to examine how they are capable of producing more accurate predictions. We employ more ensemble 
learning methods in addition to the three approaches we already experimented with. We propose an ensemble pruning 
method that allows one to automatically determine the voting threshold (i.e., number of members voting for one 
annotation) and the optimal combination of de-identification models. In our previous study2, we created a stacked 
learning ensemble by training an SVM (support vector machine)7 classifier that used each PII concept of the individual 
classifier as a training example. Besides the concept-level SVM model, we propose a sequence labelling-based (or 
word token-level) stacked ensemble that uses a sequence of words to train the sequential model. We implement two 
stacked generalization methods based on search-based structured prediction (SEARN)8 and bidirectional long short-term 
memory (Bi-LSTM)9,10, a variant of the recurrent neural network (RNN) algorithm. We compare the performance of 
concept-based ensemble methods against sequence labelling-based stacked learning ensembles. 
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Second, we aim to increase the generalization of de-identification by combining multiple datasets. We exploit another 
text collection created for the 2016 CEGS (centers of excellence in genomic science) N-GRID (neuropsychiatric 
genome-scale and RDoC-individualized domains) shared task11 (called ‘2016 N-GRID’) for training and evaluation 
of de-identification models. Extending from previous work that used only 2014 i2b2 data, we build de-identification 
models using the 2016 N-GRID data or a combination of both datasets. We investigate how well each model performs 
when trained with either corpus or trained with the union of both corpora. We find that the union model can provide 
more generalizable de-identification across two different corpora. Unlike the union approach, where all data sets must 
be accessible to train a new model, our ensemble methods only necessitate models trained on any data source. Our 
experimental results show that most ensemble systems can effectively integrate predictions from individual models to 
improve de-identification performance. 

Background 

Clinical text de-identification has been the focus of several shared tasks5,6,11,12. In the 2006 i2b2 de-identification 
task11, eight PII categories were defined: patient, doctor, hospital, location, age, date, phone number, and ID. The 
target PII categories for the 2014 i2b2 challenge4,5 and the 2016 N-GRID challenge10 tasks included name, profession, 
location, age, date, contact, and ID. Each category had one or more subcategories. For example, the name category 
had patient, doctor, and username subcategories. 

The publicly available challenge data facilitated further research into the identification of PII. The de-identification 
systems that performed well in the challenges used machine learning approaches or hybrid methods that combined 
machine learning and rule-based approaches. Wellner et al.13 trained a sequence labeling model using conditional 
random fields (CRF)14 with regular expressions to better extract certain PII categories such as dates. Their approach 
produced a phrase F1-score of 97.36% on the 2006 i2b2 test set. Yang and Garibaldi15 also employed the CRF 
algorithm to create their de-identification models. For some of the PII subcategories that were less commonly 
mentioned in the training set, they built a rule-based system using keywords and regular expression patterns. Their 
system yielded the overall precision, recall, and F1-score of 96.45%, 90.92% and 93.60% on the 2014 i2b2 challenge 
test data, respectively. As a good example of a transition into neural network approaches, Liu et al.16 presented an 
ensemble that combined four de-identification components, including a rule-based system, a CRF model, and two 
variants of Bi-LSTM models. Their best-scoring system produced a F1-score of 91.43% on the 2016 N-GRID test 
data. 

Recently, context-dependent representations have been employed to improve text de-identification performance. More 
advanced than context-independent (or static) word embeddings17,18 that ignore the context in which a word appears, 
context-dependent word embedding19-21 model can assign different vector representations for the word based on its 
context usage. Khin et al.22 and Lee et al.23 reported improved classification accuracy when the learning architecture 
included ELMo19 representations (embeddings from language models). They used the general domain pretrained 
ELMo models. Alsentzer et al.24 trained BERT20 (bidirectional encoder representations from transformers) models 
with the MIMIC-III (medical information mart for intensive care) v1.4 database25 containing various types of clinical 
notes. They reported that MIMIC-based BERT models were less beneficial than models trained on general texts or 
biomedical literature because the phrases identified as PII were replaced with tags in MIMIC texts. 

As seen in the above-mentioned studies, clinical text de-identification tasks have achieved almost mature performance, 
especially with Bi-LSTM algorithms. To further improve performance, we firstly apply the ensemble pruning method 
to text de-identification. The hill climbing search method26,27 is one of the commonly used pruning methods. It begins 
with an ensemble containing none or all of the individual models. It searches the space of sub-ensembles by greedy 
inclusion or exclusion of one model. For this study, we apply backward elimination28,29, which makes the ensemble 
smaller by excluding individual models without loss of accuracy. 

Methods 

We describe the PII categories to be identified and outline the distribution of labeled data. Then we explain how we 
train each individual de-identification model and present our ensemble-based methods. 

Data description 

We aim to extract PII phrases whose categories were defined in the 2014 i2b2 de-identification challenge. The same 
categories were used for the 2016 CEGS N-GRID shared task. Each PII instance was assigned one of seven categories. 
Table 1 shows the number of annotated instances of each category in the test set of each corpus. The column named 
“Instance Ratio” in Table 1 shows the ratio of the number of instances in the two data sets. Date, location, and name 
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categories are common in both corpora. When compared to the 2014 i2b2 data, more categories of profession, age 
and location were recorded in the 2016 N-GRID data, but fewer ID and contact categories were recorded. For example, 
the 2016 N-GRID data contains 33 ID instances, which is only about 5% of the 2014 i2b2 data. 

Table 1. The numbers of PII instances and tokens in each data set. 

 2014 i2b2 Test  2016 N-GRID Test  Instance 
Instances Tokens  Instances Tokens  Ratio 

Name 2,883 5,655  2,404 3,515  0.83 
Profession 179 345  1,010 1,685  5.64 
Location 1,813 3,046  3,771 5,749  2.08 
Age 764 836  2,354 2,575  3.08 
Date 4,980 19,784  3,821 10,035  0.77 
Contact 218 664  126 623  0.58 
ID 625 1,723  33 72  0.05 
Total 11,462 32,053  13,519 24,254  1.18 
Instance ratio = the ratio of the number of instances in two data sets (= 2016 N-GRID Test / 2014 i2b2 Test) 

 
Table 2 shows the number of documents, sentences, and PII instances found in each corpus, as well as their average 
number per document. The column named “Average Ratio” in Table 2 shows the ratio of these average values between 
two data sets. The 2016 i2b2 corpus consists of 400 test documents and 13,519 PII instances. The 2016 N-GRID test 
set contains many more sentences (about 4.48 times) and tokens (about 2.78 times) than the 2014 i2b2 data. However, 
the prevalence of PII instances is relatively lower in the 2016 N-GRID given the number of tokens. PII phrases in the 
2016 N-GRID corpus are shorter at about 1.8 token (= 60.64 tokens / 33.80 instances) per PII phrase. PII phrases in 
the 2014 i2b2 data include an average of about 2.8 tokens (= 62.36 / 22.30). 

Table 2. Corpora characteristics. 

 2014 i2b2 Test  2016 N-GRID Test  Average 
Count Average  Count Average  Ratio 

Documents 514 1.00  400 1.00  1.00 
Sentences 22,047 42.89  76,877 192.19  4.48 
Tokens 444,245 864.29  962,251 2405.63  2.78 
PII instances 11,462 22.30  13,519 33.80  1.52 
PII tokens 32,053 62.36  24,254 60.64  0.97 
Average ratio = the ratio of average values between two data sets (= 2016 N-GRID Test / 2014 i2b2 Test) 

 
In addition to quantitative analysis, we also examined how the two corpora differ in content. We assigned UMLS 
(Unified Medical Language System)30 Metathesaurus concepts to phrases in the text. We used MetaMap31 to recognize 
these concepts and compared their occurrences across the two corpora. We found that some concepts related to mental 
illness were more frequent in the 2016 N-GRID data, which is not a surprise considering that the corpus only includes 
psychiatric intake notes. For example, anxiety, suicidal-behavior, violent-behavior, psychosis, mood, and depression 
were relatively frequent. The 2014 i2b2 data covered a diverse set of medical conditions. Concepts associated with 
common diseases, such as hypertension, edema, blood-pressure, chest-pain, and diabetes, often appeared. 

De-identification models 

Similarly to our previous de-identification study2, we built 12 de-identification models using deep learning, shallow 
learning, and rule-based approaches. Our goal was to provide diversity between models in the ensemble by employing 
various algorithms, although some of them were trained on the same training data. 

We consider two of them as external resources because their model or rules were learned on different corpora than the 
target data. One of the external resources is the MITRE identification scrubber toolkit32 (called ‘MIST’), a machine 
learning-based system trained on the 2006 i2b2 de-identification task data. The other system is the PhysioNet de-
identification software package33 (called ‘PhysioNet deid’), a rule-based system tuned primarily to de-identify PII in 
nursing notes and discharge summaries. 

For the remaining machine learning-based classifiers, we first trained the models with the 2014 i2b2 training data. We 
performed a 10-fold cross validation on the training set and tuned the parameters of each classifier to maximize the 
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micro-averaged F1-score. We hypothesize that this optimization process with respect to the cross-validated 
performance measure can also improve performance on the test data. Then, we trained the new models by reusing the 
classifier configuration optimized for the 2014 i2b2 model. For each classification method, we created one model with 
the 2016 N-GRID data and one model with the union of both corpora. 

We developed three de-identification models that use deep learning: two versions of Bi-LSTM with a CRF layer 
(called ‘LSTM-CRF’) and one version of LSTM without CRF (called ‘LSTM’). We used pre-trained word embeddings 
for each word in all sentences processed. The 100-dimensional GloVe (global vectors for word representation)17 
embeddings built with the 2014 dump of English Wikipedia were used for all Bi-LSTM models. In addition to these 
deep learning architectures with multiple hidden layers, we applied various classical algorithms based on shallow 
architectures. They can be divided into two approaches. One is based on structured learning algorithms, including 
CRF, MEMM (maximum entropy Markov models)34, SEARN, MIRA (margin infused relaxed algorithm)35, and 
structural SVM36. These algorithms have been widely used for many named entity recognition (NER) tasks with the 
ability of modeling interdependent output variables (i.e., tags of the words arranged in a sentence). The other is token 
classification-based methods to classify each word independently. We implemented SVM7 and OGD (Online gradient 
descent)37 classifiers. Table 3 shows the software libraries and hyperparameter configurations used for the learning 
algorithms. Readers can refer to the manuscript of our previous de-identification work2 for more details. 

Table 3. Description of the learning algorithms. 

Method Description Software Hyperparameters 
LSTM-CRF v.N38 Bi-LSTM with a CRF layer NeuroNER39 learning rate = 0.01, 80 epochs 
LSTM-CRF v.L38 Bi-LSTM with a CRF layer Lample et al.38 learning rate = 0.005, 100 epochs 
CRF14 Conditional random fields Wapiti40 e (interval for stopping) = 0.004 
MEMM34 Maximum entropy Markov models Wapiti40 e (interval for stopping) = 0.004 
SEARN8 Search-based structured prediction Vowpal Wabbit41 learning rate = 0.05, 20 epochs 
MIRA35 Margin infused relaxed algorithm Miralium42 s (max. weight updates) = 0.1, 30 epochs 
LSTM v.L38 Bi-LSTM without CRF Lample et al.38 learning rate = 0.05, 100 epochs 
SVM7 Support vector machines LIBLINEAR43 negative example weight = 0.01 
OGD37 Online gradient descent Vowpal Wabbit41 learning rate = 0.1, 10 epochs 
Struct. SVM36 Structural SVM MITIE44 default settings  
MIST32 MITRE identification scrubber MIST32 default settings  
PhysioNet deid33 PhysioNet de-identification PhysioNet deid33 default settings 
 
Concept-based ensemble methods 

We briefly introduce the ensemble methods applied to our previous de-identification research and describe the newly 
proposed methods for this study. First, we describe the concept-based (or phrase-based) ensemble methods. Given a 
set of PII instances as training examples, each method builds a model that assigns test examples to True (matched the 
reference annotation) or False labels.  

Voting: We applied the same voting strategy that was used effectively in our previous concept extraction tasks2,45-47. 
It collects PII terms produced by a set of de-identification models and outputs all terms that received more votes than 
the voting threshold. When two PII terms overlapped, we chose the term that received more votes. For terms with the 
same number of votes, we chose the term produced by the model that performed better during cross-validation. These 
tie-break rules were also applied to voting pruned and the decision template method3 described below. 

Voting pruned: Ensemble pruning aims to reduce ensemble members to achieve similar or better performance than 
the ensemble of all members. Different than the stacked ensemble that implicitly assign a weight to each classifier, 
ensemble pruning completely excludes individual classifiers. The pruned ensemble can offer the advantage of saving 
computational time or physical resources that would be consumed by excluded members. 

We implemented a new ensemble pruning method that allowed us to select the voting threshold with a subset of de-
identification models. This procedure involved the following steps: for each voting threshold, we began with an 
ensemble containing all individual models. Then, at each step, we greedily excluded one model from the voting 
ensemble such that the F1-score on the training data was the highest without the model. These steps continued until 
the resulting performance of the pruned voting ensemble was no longer improved. This procedure was repeated for 
each voting threshold to obtain a subset of de-identification models. Then, we chose the voting threshold that yielded 

651



  

the best performance. For example, from twelve 2014 i2b2 models, the pruned ensemble included four models and 
only considered PII terms labeled by at least two models. 

Decision Template Method (DTM)3: For each PII instance, a decision profile was created in the same way as in our 
previous study2. As we added more de-identification models from two data sets, the decision profile matrix included 
22 rows (corresponding to 22 de-identification models) and two columns for binary decisions. To each row, [1, 0] was 
assigned when a model identified the PII instance, [0, 1] otherwise. Then, we aggregated the decision profiles to 
construct a decision template (DT) for each class label (True or False). We used Hamming distance to find the most 
similar DT for each test instance. 

Stacked SVM: Similarly to Voting and DTM, we reused the SVM-based stacked ensemble from our previous 
application. We defined features to consider the degree of agreement and consistency between de-identification 
models. For example, we counted how many different models produced a predicted PII. We used the LIBLINEAR 
software package43 for SVM classification with a linear kernel. When two PII instances overlapped, we chose the one 
with the higher confidence score produced by the SVM metaclassifier. 

Sequence labelling-based ensemble methods 

For the newly introduced sequence labelling-based stack generalization methods, we started with tokenizing the input 
text. For each token, we then encoded the prediction of each model using BIO tags. Finally, we labeled each token 
with a PII category. We only used the outputs of individual de-identification models as input. No tie-break policy was 
needed because these sequence labeling-based methods allowed for only one tag for each word and did not generate 
overlapping PII annotations. 

Stacked SEARN: Unlike the SEARN model, which was used as one of the individual de-identification models, we defined 
the features using only the outputs of each individual model to build SEARN-based stacked ensembles. Each model 
assigned a PII tag to each word token. We then used the predicted tags of the current word, two words preceding it 
and two words following it. We used Vowpal Wabbit41, a fast out-of-core online learning system, and took advantage 
of its handy n-gram feature generation. We created trigram features using the sequence of predicted tags. We set the 
number of training iterations to 20 and the initial learning rate to 0.025. 

Stacked LSTM: Finally, we used a Bi-LSTM network with a CRF classifier as the last layer. The inputs of the network 
only contained the outputs of each individual de-identification model. No word or character-based representations 
were used. We used the NER system of Reimers and Gurevych48 to train the Bi-LSTM models. We created an 
embedding to map the output of each individual model into a 10-dimensional vector. The concatenation of these 
features was fed into the LSTM layer. We used a two hidden stacked bidirectional LSTM and each LSTM layer had 
100 recurrent units. We set the learning rate to 0.001 and trained the model using RMSProp gradient descent method49 
for 25 epochs with 25% dropout to the recurrent units. 

Similarly to the individual models, each ensemble classifier was trained to optimize the micro-averaged F1-score. 
Their thresholds (e.g., voting threshold in the voting ensemble) and hyperparameter values (e.g., dropout rate in the 
stacked LSTM) were determined after 10-fold cross validation with the training set. 

Results 

We present experimental results for each de-identification model and for the six ensemble methods. We measured 
recall, precision, and the F1-score (harmonic mean of recall and precision with equal weight). We used the 2016 CEGS 
N-GRID shared task11 evaluation script to calculate performance measures. Our models were evaluated on the 2014 
i2b2/UTHealth de-identification challenge corpus (‘2014 i2b2’) and the 2016 CEGS N-GRID shared task11 corpus 
(‘2016 N-GRID’). 

Performance of individual de-identification methods 

For each machine learning-based de-identification method, we created three different models: one was trained on the 
2014 i2b2 training data (‘2014 model’), another was trained on the 2016 N-GRID data (‘2016 model’), and the last 
one was trained on the union of both corpora (‘2014 + 2016 model’). Table 4 shows the performance of individual 
de-identification models. We report the micro-averaged F1-score with strict entity matching, where both the text span 
and PII category must exactly match the reference annotation. The left half and right half of the table represent the 
results of the 2014 i2b2 and 2016 N-GRID test sets, respectively. For each test data, we show how well the 2014, 
2016, and 2014 + 2016 models performed. The best results are shown in bold for each trained model and test 
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configuration. For external de-identification systems (MIST and PhysioNet deid), we report one result for each data 
set because they did not use training data. 

Table 4. Accuracy (F1-scores) of individual de-identification methods on the 2014 and 2016 test sets. 

Method 2014 i2b2 Test (%)  2016 N-GRID Test (%) 
2014 

model 
2016 

model 
 2014 + 2016 

model 
 2014 

model 
2016 

model 
2014 + 2016 

model 
LSTM-CRF v.N 94.43 73.21 95.29 (+0.86)  77.80 90.82 91.14 (+0.32) 
LSTM-CRF v.L 94.60 70.65 95.51 (+0.91)  71.91 91.07 90.40 (–0.67) 
CRF 94.15 73.80 94.90 (+0.75)  73.33 88.92 89.14 (+0.22) 
MEMM 93.78 74.47 94.28 (+0.50)  72.01 88.19 88.46 (+0.27) 
SEARN 93.08 71.89 93.49 (+0.41)  74.68 89.38 89.61 (+0.23) 
MIRA 93.72 73.79 93.88 (+0.16)  74.27 88.80 89.41 (+0.61) 
LSTM v.L 92.83 67.76 94.62 (+1.79)  66.89 90.18 89.75 (–0.43) 
SVM 93.17 72.39 93.77 (+0.60)  75.15 89.16 89.23 (+0.07) 
OGD 93.04 70.56 93.38 (+0.34)  74.67 89.27 89.53 (+0.26) 
Struct. SVM 79.23 54.43 77.02 (–2.21)  59.47 76.79 73.45 (–3.34) 
MIST      54.21        28.70 
PhysioNet deid      46.73        23.40 

 
Overall, F1-scores on the 2016 test data were about 4% lower than those on the 2014 test data, presumably because of 
the relatively low prevalence of PII instances in the 2016 N-GRID corpus. Deep learning approaches outperformed 
shallow learning methods. Bi-LSTM with a CRF layer outperformed the Bi-LSTM without CRF for all data sets. 
Among shallow learning methods, the CRF and SEARN produced the highest F1-scores. In general, methods based on 
structured learning algorithms (e.g., CRF and MEMM) performed better than token classification-based methods on 
the 2014 i2b2 data. As exceptions, on the 2016 N-GRID, token classification-based methods such as SVM and OGD 
outperformed the CRF model. If we optimized the hyperparameters with the 2016 N-GRID training data instead of 
reusing the values of the hyperparameters optimized for the 2014 i2b2 data, we would expect the results of the 2016 
N-GID models to correspond to those of the 2014 i2b2. The structured SVM models (struct. SVM) did not perform 
well because they were trained with a predefined feature set designed for general domain NER tasks. If the same 
features defined for other classifiers were used, then the struct. SVM would achieve better results. 

Each method performed much better when the model was trained with its own training corpus rather than with the 
other corpus. For example, on the 2014 i2b2 Test, the LSTM-CRF v.L with the 2014 i2b2 yielded an F1-score of 
94.60% but only 70.65% with the 2016 N-GRID. Exploiting another corpus provided added value. Most models 
trained on the union of two corpora achieved better performance on the target corpus. The numbers in parentheses in 
the columns named ‘2014+2016 model’ indicate the difference before and after merging two datasets. LSTM v.L and 
MIRA models increased F1-scores by 1.79% (= 94.62% − 92.83%) on the 2014 i2b2 and 0.61% (= 89.41% − 88.80%) 
on the 2016 N-GRID, respectively. Importantly, the 2014+2016 models offered better generalization across two 
corpora. They substantially outperformed the models trained with the other corpus. 

Performance of ensemble methods 

We evaluated the performance of three different ensembles methods: (1) ensembles consisting of de-identification 
models trained on the 2014 i2b2 data (‘2014 models’), (2) ensembles of models trained on the 2016 N-GRID data 
(‘2016 models’), and (3) ensembles combining all models from ensembles (1) and (2) (‘2014 + 2016 models’). The 
2014 + 2016 ensembles included 22 different classifiers (10 models from the 2014 i2b2, 10 models from the 2016 N-
GRID, and two external de-identification systems). 

Table 5 shows the performance of these ensembles. As we did in Table 4, we report the micro-averaged F1-score with 
strict entity matching. For the evaluation of each test set, the corresponding training data was used for training. For 
example, for the 2014 i2b2 test set, the voting threshold of the 2014 + 2016 voting models was determined with the 
outputs of each model for the 2014 i2b2 training data. Using the outputs of each model as features, the 2014 + 2016 
stacked LSTM was trained with the sentences contained in the 2014 i2b2 training data.  

For each trained model and test configuration, the best results appear in boldface. Results that are not significantly 
different from the best result at the 95% significance level are preceded by an asterisk (*). For example, the stacked 

653



  

SVM with the 2014 models produced the highest F1-score of 95.70% on the 2014 i2b2 test set, which is significantly 
better than all other ensembles and individual models except the voting pruned. For statistical significance testing, we 
used paired t-tests to compare the best performing system and the other methods. The pruned voting models 
outperformed the corresponding voting ensembles with all models. A more detailed comparison is proposed in the 
Discussion. 

Table 5. Accuracy (F1-scores) of ensemble methods on the 2014 and 2016 test sets. 

Method 2014 i2b2 Test (%)  2016 N-GRID Test (%) 
    2014 models  2014 + 2016 models      2016 models 2014 + 2016 models 

Voting 95.38 94.53 (–0.85)  92.09 90.60 (–1.49) 
Voting pruned *95.60 *95.93 (+0.33)  *92.52 *92.57 (+0.05) 
DTM 95.42 95.31 (–0.11)  92.11 90.91 (–1.20) 
Stacked SVM *95.70 *95.85 (+0.15)  *92.64 *92.69 (+0.05) 
Stacked SEARN 95.36 *95.86 (+0.50)  92.38 92.28 (–0.10) 
Stacked LSTM 95.32 95.66 (+0.34)  92.10 92.23 (+0.13) 

 
Adding models trained with different corpora contributed to the performance of ensemble methods. The numbers in 
parentheses in the ‘2014+2016 models’ columns indicate the difference between using the models trained on a single 
dataset and using the models from two data sources. The higher the gain, the greater the benefit from the other data 
source. The voting and DTM methods of the 2014 + 2016 models are an exception because they were unable to 
efficiently integrate low-performance models that were trained on the other corpus. Voting pruned, stacked SVM, and 
stacked LSTM achieved better results on both test data. Pruned voting and stacked SVM models reached the highest 
F1-scores of 95.93% on the 2014 i2b2 and 92.69% on the 2016 N-GRID, respectively. The results show that these 
ensembles were more beneficial for the 2016 N-GRID data, producing higher F1-scores than the best individual models 
(95.51% increased to 95.93% for the 2014 i2b2; 91.14% increased to 92.69% for the 2016 N-GRID). Sequence 
labelling-based stack generalization (stacked SEARN and stacked LSTM) yielded lower F1-scores than the stacked SVM, 
but with comparable results when including all models. 

Discussion 

We further discuss the results of the SVM-based stacked ensemble (stacked SVM) with both 2014 and 2016 models 
on the 2016 N-GRID test set. Table 6 shows the stacked SVM performance for each category. The results on the right 
half of the table were calculated with binary token matching where each PII term was evaluated on a per-token basis, 
regardless of the category. This ensemble yielded the overall precision, recall, and F1-score of 98.57%, 92.86% and 
95.63% with binary token matching, respectively. For date, age, name, and contact categories, the stacked SVM 
reached over 90% F1-score with strict entity matching. Although contact PII categories (e.g., phone and e-mail) were 
less common, they were identified relatively accurately because they are usually recorded in standardized formats. 
More work is needed for improved extraction of profession and location categories that are less formally written with 
rich vocabulary. 

Table 6. Results of SVM-based stacked ensemble (stacked SVM) on the 2016 N-GRID test set for each category. 

Category Count Strict entity (%)  Binary token (%) 
 Precision Recall F1-score  Precision Recall F1-score 

Name 2,404 95.98 93.43 94.69  98.08 96.26 97.16 
Profession 1,010 90.27 72.57 80.46  94.70 76.87 84.86 
Location 3,771 92.54 82.92 87.47  97.06 85.71 91.03 
Age 2,354 97.75 95.75 96.74  97.99 95.01 96.48 
Date 3,821 97.54 96.57 97.05  99.26 98.5 98.88 
Contact 126 94.78 86.51 90.46  99.13 90.93 94.85 
ID 33 79.17 57.58 66.67  97.14 70.83 81.93 
Total 13,519 95.45 90.08 92.69  98.57 92.86 95.63 

 
From the outputs of the stacked SVM, we analyzed the examples whose presence was successfully identified in the 
text but whose category was not correctly assigned. This type of error was most common in the categories shown in 
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Table 7. For example, organization is one of the subcategories of location, of which 22, 14, and 12 were misclassified 
as hospital, city, and profession subcategories, respectively. The last column shows some challenging examples that 
may be used interchangeably as multiple subcategories. 

Table 7. The five most common subcategories of the misclassification errors. 

Reference subcategory Classified as Examples 
Organization Hospital (22) City (14) Profession (12) Edgemore House, Nestle, Facebook 
Patient Doctor (19) Hospital (11) City (3) Galloway, KC, Harriet 
Hospital City (12) Doctor (10) Organization (6) Odessa, Lewis Clark, GBMC 
Country City (13) State (6) Organization (3) Jordan, Georgia, PNG 
City Hospital (11) Organization (5) Country (3) Fountain Hills, Vallejo, Villa Rica 
 
Finally, we compare the results of voting ensembles with or without pruning. Ensemble pruning achieved higher 
performance than the ensemble using all models. The pruning method was effective even when models trained with 
different datasets participated in the voting ensemble. We examined how well the pruned ensemble performed at each 
voting threshold. Figure 1 shows the F1-scores of pruned voting ensembles and ensembles with all 22 models. The 
gap between the ensemble pruned and with all models indicates the F1-score difference between them. The graphs on 
the left and right represent the results of the 2014 i2b2 and 2016 N-GRID test sets, respectively. Note that the y-axis 
scale in each graph does not start at zero to focus on the value ranges of interest.  

 
Figure 1. Accuracy (F1-scores) of pruned ensembles and ensembles with all members. 

The results with voting thresholds ranging from one to 12 are presented. No pruning occurred at the higher thresholds. 
The solid line with circle dots represents the pruned voting method. The pruned voting ensembles produced 
significantly higher F1-scores than the corresponding ensembles that included all members at the 95% significance 
level on the 2014 i2b2 and 2016 N-GRID test sets until the voting thresholds were 9 and 11, respectively. When the 
threshold was set to three and 14 models were excluded from voting, the pruned ensemble with eight members* 
achieved the highest F1-score (95.93%) on the 2014 i2b2 data. Similarly, at the same voting threshold, the pruned 
ensemble with nine members† obtained a F1-score of 92.57% with no significant difference from the highest score on 
the 2016 N-GRID data. 

Conclusion 

We explored various types of ensemble learning methods and confirmed that they could improve de-identification of 
EHR narratives. Experimental results show that two concept-based ensemble methods, stacked SVM and pruned 
voting ensembles, consistently performed better than individual classifiers and other ensemble approaches. Our 
pruning method has the ability to construct an efficient ensemble by selecting the optimal subset of de-identification 
models. We also sought to better utilize the two clinical text corpora from different sources. We found that exploiting 
                                                        
* Six of the 2014 models (LSTM-CRF v.N, LSTM-CRF v.L, CRF, SEARN, LSTM v.L, and struct. SVM) and two of the 2016 
models (LSTM CRF v.N, and LSTM-CRF v.L) 

† Seven of the 2016 models (LSTM-CRF v.N, LSTM-CRF v.L, CRF, SEARN, LSTM v.L, OGD, and struct. SVM), one of the 2014 
models (LSTM-CRF v.N), and PhysioNet deid 
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two corpora could improve generalization. Most ensemble systems consisting of models trained with two datasets 
yielded better results than ensemble systems with models trained with either data only. 

Our ensemble approaches can provide a convenient solution, even in situations where texts or labeled annotations are 
not accessible, but only models or components can be used. Not limited to the evaluation on the corpora sharing the 
same PII category definitions, our further research includes more generalization across a variety of data sets annotated 
with heterogeneous PII categories, for example, the 2006 i2b2 de-identification challenge12 and PhysioNet50 corpora. 
Another promising direction for future work is to create Bi-LSTM models with dependency-based word embeddings 
51,52 or contextualized word representations 19-21. 
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Abstract 

Information extraction (IE), the distillation of specific information from unstructured data, is a core task in natural 

language processing. For rare entities (<1% prevalence), collection of positive examples required to train a model 

may require an infeasibly large sample of mostly negative ones. We combined unsupervised- with biased positive-

unlabeled (PU) learning methods to: 1) facilitate positive example collection while maintaining the assumptions 

needed to 2) learn a binary classifier from the biased positive-unlabeled data alone. We tested the methods on a real-

life use case of rare (<0.42%) entity extraction from medical malpractice documents. When tested on a manually 

reviewed random sample of documents, the PU model achieved an area under the precision-recall curve of 0.283 and 

F1 of 0.410, outperforming fully supervised learning (0.022 and 0.096, respectively). The results demonstrate our 

method’s potential to reduce the manual effort required for extracting rare entities from narrative texts.  

Introduction 

Information extraction (IE), defined as scanning unstructured data to elucidate structured, typically pre-defined, 

information is a core task of natural language processing (NLP). In the medical domain, it typically involves detecting 

clinical entities (e.g. signs, symptoms, treatments etc.) in clinical notes. It is typically formulated as a binary 

classification task: “given a text (e.g. a clinician’s note), does the entity appear in it?”, or more formally, given a 

document represented by a vector of features x, estimate the probability that it contains (y=1, “positive”) or not (y=0, 

“negative”) the entity, i.e. p(y=1 | x). While being extensively investigated, the variety of entities and variability of 

clinical documentation hinder the development of a generic “silver bullet” solution for IE and frequently require the 

development of custom extraction logic (what and how to extract). Machine-learning (ML) can help overcome the 

linguistic variability of clinical documentation to detect non-canonical manifestations of the desired entity. However, 

ML algorithms, particularly supervised ML, require examples, both positive (ones manifesting the entity) and negative 

(ones from which the entity is absent), and in large numbers. While the specific needs differ from case to case, in 

practice many ML-based IE studies involved hundreds to several thousands of examples for training the model (apart 

from the examples needed to test the model).i If the examples are collected by reviewing a random sample of notes, 

then following the binomial distribution the expected number of notes needed to review to accumulate m positive 

examples of an entity with a prevalence of p is n=m/p. Many clinical entities, despite their importance, are rare. For 

an entity with a prevalence of 1%, the expected (average) number of documents to review to collect 500 positive 

examples is 500/0.01=50,000. Such sample size may be infeasible due to the scarcity and high cost of clinician time 

for annotation. To overcome this challenge, we looked for methods to reduce the number of examples needed to be 

reviewed. Our goal was to 1) automatically find a focused subset of the data with a higher prevalence of the entity, 

and 2) use the collected examples to train a classifier that accurately extracts the entity from unlabeled text.  

Background and Related Work 

Focused subset finding 

Unsupervised learning may be used to uncover latent relationships among the data and organize the items in a vector 

space where the distance between vectors correlates with the distance in meaning between their respective items. Such 

vector space can be searched to find items (e.g. words) related to a probe one. We previously used distributional 

semantics, a form of unsupervised learning that automatically learns the meaning of words from their co-occurrence 

patterns, to facilitate rule-based IE.1 Briefly, the words and phrases in a corpus were encoded using word embeddings 

(e.g. word2vec). The user entered the common, intuitive terms for the entity and the system returned other words and 

phrases whose embeddings were close to that of the query terms.  

 
i See http://nlpprogress.com/english/named_entity_recognition.html for examples of standard IE datasets. 
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Recent years have seen the advent of algorithms capable of representing whole sentences. The transformer neural-

network architecture, the basis for BERT and its derivative language models, provides an efficient and effective way 

to automatically learn how to represent whole sentences from unlabeled corpora.2 These representations can be used 

as input for classification models and outperformed the existing state-of-the-art on many NLP tasks. For IE tasks, the 

entity’s description or canonical terms from a standard terminology can be used to probe the sentences from the task’s 

population’s documents to find similarly meaning ones. The retrieved sentences are adjudicated by a human annotator 

and the positive ones are used as queries to retrieve additional similar sentences, in a snow-balling fashion. Eventually 

the positive examples can serve as training data for a ML classifier. This way, instead of wading through numerous 

negative examples to get to the few rare positive ones, the manual effort can focus on a subset with a higher prevalence 

of positives, requiring the review of fewer examples to yield the same number of positive ones. 

Classifier training 

Supervised ML algorithms require both positive and negative examples to learn to distinguish between the two classes. 

Typically, independent (i.e. not correlated) examples are selected randomly, to yield an “independent and identically 

distributed” (IID) sample that is representative of the task’s population (e.g. the documents of the study population). 

This set is then reviewed in full to provide the true label (y = {1,0}) for each and every example. In this scenario, 

called “traditional learning”, the classifier is exposed to the distribution of the features across the classes p(x | y) and 

can therefore learn the posterior probability p(y = 1 | x).  

In some use-cases, a fully labeled dataset is not available. Instead, a positive label is available for some cases, and the 

rest have no information about their true label (i.e. unlabeled). For example, when using the problem list from the 

electronic health record (EHR), only cases where a diagnosis has been made have a (positive) label. The rest of the 

patients are unlabeled, and could either have or not have the disease, since the absence of a diagnosis does not 

necessitate the absence of the disease. Formally, instead of a tuple (x,y), each example is a tuple (x,y,s) composed of 

the features (x), the (unobserved) true class label (y) and a binary indicator (s) of whether the example was labeled as 

positive or not. The labeling mechanism s is crucial to PU learning. It is assumed to have a perfect precision (i.e. p(y 

=1 | s = 1) = 1) but imperfect recall (i.e. p(y = 1 | s = 0) > 0), so an unlabeled example (i.e. having s = 0) might be 

either a negative or a missed positive (in the above example, some disease cases go undiagnosed). The labeling 

mechanism could be a heuristic or another phenomenon that given a truly positive example will label it (as positive) 

with a probability e(x) = p(s = 1 | y = 1, x) called the “propensity score”. In this setting, called “positive-unlabeled 

(PU) learning”, the set of examples can no longer be considered an IID sample, and therefore does not represent the 

task’s population. Various methods have been developed to handle PU data and to enable learning a traditional 

classifier (i.e. one that can distinguish between positive and negative examples) from PU data (i.e. data that contains 

only positive and unlabeled examples).3 Broadly, these methods attempt to tackle the mixture of positive and negative 

among the unlabeled examples by either 1) looking for unlabeled examples that are very likely (“reliable”) negative 

or 2)  considering all unlabeled examples as negative but with a noisy (inaccurate) label. 

Regardless of the method, to learn the distribution of the true label p(y = 1 | x), some assumption must be made about 

the labeling mechanism, i.e. the distribution of p(s = 1 | x, y=1).4 Usually the “selected completely at random” (SCAR) 

assumption is made: the labeling mechanism finds all positive examples at the same probability, independent of their 

features, i.e. p(s = 1| y = 1, x) = p(s = 1|y = 1). However, this assumption is frequently violated. If the positive cases 

are selected for inspection by the mechanism according to their characteristics, the probability of being labeled 

becomes dependent on the example’s features. In our case, since the sentences are selected for human review based 

on their semantic similarity to the seeds, the labeling mechanism depends on the sentences’ features and the SCAR 

assumption is violated. For the problem list, the decision to work-up a disease might depend on the characteristics of 

the patient or the clinical presentation, and therefore it also violates this assumption. In such scenarios, the positive 

examples suffer from a selection bias that renders them non-representative of the full positive population.   

To relax the SCAR assumption and allow learning from the biased examples, Kato et al suggested pursuing a different 

goal: partially identify the traditional classifier.5 Instead of trying to learn a classifier that predicts the probability of a 

class p(y = 1|x), this method learns a scoring function that preserves the ordering of the examples that the traditional 

classifier would yield. Therefore, instead of requiring the SCAR assumption, this method requires that the labeling 

mechanism preserves the ordering of the examples’ probability to be positive. Formally, this method assumes the 

invariance of order (IVO): for two examples i,j with features xi and xj respectively, p(y = 1|xi) ≤ p(y = 1|xj) ⇔ p(s = 

1|xi) ≤ p(s = 1|xj). An example of this assumption is fraud detection: positive examples of fraudulent transactions are 

collected when transactions are investigated manually. However, transactions with aberrant characteristics are more 

likely to reach the attention of the human inspector and to have the chance to be flagged as fraudulent. Therefore, the 
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SCAR assumption is invalidated (since not all positive cases have the same probability to be labeled). The IVO 

assumption, on the other hand, might be satisfied: as long as the heuristic used to collect cases for inspection follows 

the same trend as the true distribution of fraudulent transactions, the IVO assumption holds.  With a suitable labeling 

mechanism (sentence selection mechanism in our case), the goal is to learn a scoring function r(x): X → R such that 

if p(y = 1|xi) ≤ p(y = 1|xj) (according to a traditional classifier), then r(xi) ≤ r(xj) and vice versa. Such scoring function 

is learned by training a model that tries to minimize a loss function that assigns different loss functions for positive 

and negative examples.6 While the original formula requires the SCAR assumption, when learning the scoring function 

instead of a classifier the estimates from the biased positive-unlabeled data can be used:  

Where f is the ranking function from the candidate set H, X is the data set, �̂�𝑝
𝑏𝑖𝑎𝑠 is the estimated expectation (sample 

mean) over the positive examples and �̂�𝑢 is the corresponding quantity over the unlabeled examples, π is the class 

prevalence and R(f) is a regularization term. While the scoring function r(x) does not provide an actual probability, 

for IE tasks such score may be sufficient since typically the desired outcome is a binary indicator. The score can be 

converted to a binary indicator, i.e. yield a classifier, by picking a cutoff value e.g. using the precision-recall tradeoff 

on a test set. Therefore, training the IE classifier involves two sub-tasks: 1) finding a labeling mechanism that 

respects the IVO assumption, and 2) constructing and training a model with the special loss function. 

We applied this method to a particular use-case, IE from medical malpractice documents of diagnostic error (DE) 

cases. DEs are a major malpractice concern, responsible for 45.9% and 21.1% of the paid claims in the outpatient and 

the inpatient setting, respectively.3 Such paid claims may represent only the tip of the iceberg, as in clinical practice 

diagnostic errors were found in 23.1% of autopsies, and errors that are likely to have affected patient outcomes were 

found in 9% of autopsies.4 Issues and patterns identified from overt DE cases may guide the search for similar “near-

miss” cases for mitigation and prevention.  These facts, called “defensibility issues” (DIs) include statements such as 

“the clinician did not follow clinical instructions” or “the clinician made an error but it did not cause the damage” 

and are manifested as short sentences in the text. This work focused on “lack of medical record documentation”: cases 

where the absence of documentation of the provided care or patient condition contributes to the error or the liability. 

Automatic identification of such cases may facilitate active surveillance and intervention for such errors. Since this 

issue is rare (<1%), complex and no annotated corpus is available, no ready-to-use ML or rules (e.g. keywords) are 

available. We therefore leveraged our data augmentation and knowledge discovery platform, called “Deep Snow”, to 

facilitate the curation of training data and classifier development for this task.  

Methods 

An overview of the proposed method.is outlined in Figure 1. We first describe the data preparation, then the creation 

of an unbiased (randomly selected) gold-standard dataset, followed by the process to collect the positive examples for 

both ML and rule-based classifiers and then the training procedure of the different models (biased-PU, rule-based and 

traditional ML). We finish with a comparison of the models’ accuracy on the gold-standard dataset. 

1. Data collection 

This work was part of the “Similar cAse Finder for Risk Reduction” (SAFRR) study which aims to identify similar 

cases and their clusters among diagnostic error malpractice claims for analysis and intervention. The study population 

includes all closed medical malpractice cases where the major allegation was a diagnostic error from a predefined 

time period. Each case information included demographics, structured information about the legal process (e.g.  

outcome) as well as narrative documents from pre-defined categories describing the investigation into the clinical 

occurrences and legal process until the resolution of the case. DIs are currently not coded and need to be extracted 

from a variety of legal documents. For the extraction of the DIs, the population was limited to the cases that ended 

either with a settlement or a verdict with monetary compensation.  

Document preparation: The documents were provided as scanned images. Therefore, a preliminary optical character 

recognition (OCR) step was required to extract machine-processable text from them. We used Tesseract, a standard 

open-source OCR suite from Google, to recognize each of the documents.7,8 Tesseract organizes the output in distinct 

paragraphs that correspond to the geometric layout of the document image. However, the recognized text lacks the 

original document segmentation: paragraphs that span multiple lines might be split and irrelevant text such as headers 

and footers is injected to the text sequence. Therefore, we performed an additional step to filter out noisy and non-

informative paragraphs. Two annotators reviewed Tesseract’s output for each document sequentially and labeled each 

paragraph as informative or not. All of Tesseract’s paragraphs were fed into a BERT language model, and the [CLS] 

embedding from the last 4 layers was used as the paragraph features. A binary classifier was trained using the H2O 
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suite to perform architecture and hyper-parameter search. Following that, the paragraphs whose predicted probability 

exceeded the threshold corresponding to the maximal F2 value (favoring recall over precision) were concatenated. 

The cleaned document was tokenized and sentence-segmented using Stanford CoreNLP suite, filtering out sentences 

that contained no alphanumeric characters or titles only.9 Due to the temporally sequential nature of the documents, 

many of them repeated content from previous ones. Therefore, only the chronologically first one of all lexically 

identical sentences was used for data labeling in Deep Snow, The unit of classification for DI extraction was sentences. 

Figure 1 Overview of the proposed method. The study included 4 main stages: 1) Data preparation, to convert the 

scanned images to text, filter out uninformative document sections and produce individual and tokenized sentences. 

The sentences are encoded using unsupervised neural language models into a vector space where cosine similarity 

correlates with semantic similarity. 2) Positive example collection, where Deep Snow uses the sentence 

representations to focus the manual labeling effort on high-yield sentences, yielding biased positive examples. 3) 

Positive-unlabeled learning architecture is used to train a classifier by substituting the traditional binary cross-entropy 

with a loss function that corrects for the bias in the positive set. 4) Validation: the system is evaluated by the sentence-

level accuracy of the classifier on a fully annotated random sample of notes held-out throughout the other stages. 

2. Unbiased ground-truth data sets creation 

Test set: A random sample of 312 documents was selected and reviewed by a medical malpractice expert for mentions 

of the DI. To reduce correlation, only a single document of the same type was picked from each case. A random subset 

of 58 documents was annotated by another annotator to estimate inter-rater agreement. The documents were reviewed 

in their original scanned image format (with a text layer underneath) to minimize deviation from their true content and 

the annotator highlighted the text snippets that manifested the DI. The highlighted snippets were then matched to the 

processed sentences and each sentence was indicated as whether it contains the DI or not. Text snippets that were 

highlighted but excluded during the document cleaning process were kept in this set (under a “missing sentence #” 

identifier) and during prediction were imputed by averaging the representations all other sentence in the test set. 

661



Development set: For the development of a baseline traditional ML classifier, an additional set of randomly selected 

1,508 sentences from documents outside of the unbiased test-set were reviewed by a clinician (which also performed 

the positive example collection and word expansion processes, to maintain uniformity of the labeled training data 

between the methods) and adjudicated for mentions of the DI. Sentences from the documents selected for the test and 

development sets were not used in other steps.  

3. Positive example collection 

Sentence representation for semantic similarity search: We used the “robustly optimized BERT pretraining 

approach” (RoBERTa) language model, an enhancement of the BERT language model focusing on masked words and 

with optimized training process, to learn a semantic representation of each sentence.2 Since raw BERT embeddings 

are typically not suitable for cosine similarity calculations, we used Sentence-BERT: an enhancement of BERT (and 

similar language models) that uses Siamese and triplet network structures to derive semantically meaningful sentence 

embeddings that can be compared using cosine-similarity.10 Specifically, we used a model trained on similarity tasks 

the output of a RoBERTa model fine-tuned on tasks that reflect semantic similarity, namely the Stanford natural 

language inference (SNLI), Multi-Genre Natural Language Inference (MultiNLI) and Semantic Textual Similarity 

(STS) benchmark, achieving a Spearman correlation of 88.33 on the STS benchmark.11,12,13,14 The mean of the tokens’ 

1024-dimensional embeddings from the last layer was used as the sentence representation. Representation for words 

were learned from the processed corpus using the skip-gram with negative sampling algorithm variant of the FastText 

algorithm, to allow handling arbitrary query keywords.15 

Searching for biased positive examples: As explained above, to enable learning from the collected positive 

examples, their probability of being labeled has to follow the order of their probability to be truly positive. To support 

this assumption, we use the heuristic that sentences mentioning the keywords specified by the DI’s definition (in an 

affirmative, certain and currently present context) are positive. Since cosine similarity between the sentence 

representations correlates well with semantic similarity, it is assumed that other sentences similar to positive ones are 

also likely to be positive. Since the results are presented to the user in descending order of similarity to likely-positive 

sentence, sentences with higher probability to be positive are expected to be presented higher among the results and 

therefore more likely to be reviewed by the user. We enhanced Deep Snow to search for positive sentences as follows:  

1) Verbatim mention search: To yield strongly positive examples, the whole corpus is searched for verbatim mentions 

of the phrases from the DI definition: “lack of documentation”, “failure to document”, and “no documentation”: 

a. Limiting to the top-10 results ranked by Okapi’s BM25 relevancy score with parameters k1=1.2, b=0.75.16 

b. Filtering-out negated, historical, hypothetical and non-patient experiencer mentions using the FastContext 

implementation of the ConText algorithm.17 

2) Adjudication: A clinician adjudicates the retrieved sentences as either manifesting the desired entity (“positive”) or 

not (“negative”). The negative class included both negative assertions and no mention of the entity. 

3) Nearest-neighbors search: Using all positive sentences found so far as probes: 

a. A random sample of sentences is selected uniformly without replacement from the whole corpus and the probes, 

duplicates and previously reviewed sentences are filtered-out. The sample size is set to 2×[desired number of 

results]/[class prior] to achieve the desired number of positive results (pre-defined as 20) after filtering. 

b. The cosine similarity between the probes and the sample was calculated. Since all of the retrieved sentences are 

ranked by their similarity to the same set of probes, over time the positive examples (i.e. probes) might become 

correlated. Therefore, they were de-correlated by searching for their subset which minimizes the sum of absolute 

pairwise Pearson correlation coefficients (r) of the similarity scores. The search started from k=number of probes 

with decrements of 1 and was stopped when either  

i) the adjusted mean absolute pairwise correlation 
(∑ |𝑟𝑖,𝑗|𝑘

𝑖=1,𝑗=1,𝑖≠𝑗 )

𝑘2  stopped decreasing, or  

ii) the mean absolute pairwise correlation 
(∑ |𝑟𝑖,𝑗|𝑘

𝑖=1,𝑗=1,𝑖≠𝑗 )

𝑘
 < 0.3  

c. The similarity values for the selected probes was preserved, and those for the non-selected probes was discarded.  

4) The top 20 results are presented to the user by descending similarity order.  

5) Go to step 2. The loop continues until either no new examples are found, all of the returned examples are negative 

or the pre-defined arbitrary cutoff of 300 examples were reviewed.  

4. Classifier training 
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The biased positive examples from 

Deep Snow were used to train a 

sentence-level binary classifier of the 

DI. We compared our system to two 

alternatives: 1) rule-based tagger 

with word-level augmentation, and 

2) a traditional classifier trained 

using the development set.  

Biased-PU classifier (model 1): To 

handle the severe class imbalance, 

we used proportional batching:18 

when one class is very rare, mini-

batches of the typical sizes (16-128) have a high probability of including no example of the minority class, leading to 

overfitting to the majority class. Ensuring the presence of the positive class would require a technically infeasible 

batch size (e.g. batch size of 1,000 for a minority class with a prevalence of 0.1%). To use a smaller batch-size while 

avoiding negative-only batches, the minimal number of positives per mini-batch 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠𝑚𝑖𝑛  was set to the ceiling 

of [𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒] × [𝑐𝑙𝑎𝑠𝑠 𝑝𝑟𝑖𝑜𝑟]. For each batch, 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠𝑚𝑖𝑛  positive examples were randomly selected, and the 

rest of the batch was filled with randomly selected negative examples. An epoch was completed when all the positive 

examples were used. Therefore, the collected positive examples were supplemented with enough randomly selected 

unique sentences (unlabeled examples) to allow the maximal desired batch size of 64, selected based on hardware 

limitations, for the number of batches allowed by the positive examples i.e. #𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 = [𝑑𝑒𝑠𝑖𝑟𝑒𝑑 𝑏𝑎𝑡𝑐ℎ 𝑠𝑖𝑧𝑒] ×

 ⌊
[𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑜𝑙𝑙𝑒𝑐𝑡𝑒𝑑 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑒𝑥𝑎𝑚𝑝𝑙𝑒𝑠]

𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠𝑚𝑖𝑛
⌋. The positive examples and supplemental negative ones formed the PU data set 

which was randomly split to train/development/test sets, respectively, in a 60%/20%/20% ratio for training (PU-train), 

hyperparameter search (PU-dev) and model selection (PU-test). A feed-forward neural binary classifier was designed 

with 1 or more tandem dense-dropout layer pairs before a final sigmoid dense output layer with the bias initialized to 

the class prior. The model, including the custom loss function, was implemented in Keras, a high-level neural-network 

design toolkit, version 2.3.1 using a TensorFlow version 2.1 back-end.19,20  Hyper-parameter search was conducted 

using the NNI toolkit.21 The Tree-structured Parzen Estimator (TPE) tuner was used to guide the hyper-parameter 

selection from the search space (Table 1).22 The training was performed on a single Nvidia Quadro P6000 graphical-

processing unit (GPU). Early stopping of each trial was set to an absence of ≥0.01 improvement in the PR-AUC for 

15 epochs. Each model’s training was limited to 500 epochs and the hyper-parameter search itself was limited to 8 

hours. The model with the highest PR-AUC on the PU-test set was selected.  

Rule-based tagger baseline (model 2): As a baseline for comparison, a rule-based tagger used. The lexicon was 

curated by expanding the same seed queries using FastText word embeddings. To capture more complex entities, we 

used our adaptation of the automatic term recognition C-Value/NC-Value to induce multi-word entities from the 

documents’ text.23 Since the study corpus is relatively small, the phrase mining hyper-parameters were modified to: 

maximal phrase length order of 6 (vs. 4), minimal phrase count 2 (vs. 10) , and kept term proportion of 0.1 (vs. 0.01). 

FastText embeddings were learned, treating each occurrence of the top 20,000 mined phrases in the cleaned documents 

as a single token, using the skip-gram with negative sampling algorithm and the hyper-parameters minimal count of 

2, window size 10, 15 epochs, 15 negative samples and 600 dimensions. The word expansion process followed a 

similar approach to that for sentences: 

1. The seed queries for the search were “lack of documentation”, “failure to document”, and “no documentation”. 

2. Query representation: using the word embeddings model, for each item in the query: 

a. Single-word item: retrieve\generate its representation, for in- and out-of-vocabulary words, respectively.  

b. Multi-word item: If this phrase appears as a fused sequence in the corpus, retrieve the representation of 

its fused form. Otherwise, average the representations of its tokens. 

3. Search the word embeddings for the top 20 nearest neighbors (individual tokens and mined phrases) of the queries.  

4. Average the similarity scores across the queries and return the top-20 most similar results.   

5. A clinician adjudicates each result as positive/negative and re-submits the positive examples are used as queries.  

6. Go to step 2. The loop continues until no more new results are retrieved or all of the results are deemed negative.  

The selected words and phrases were used as the lexicon for MTERMS, our rule-based tagger.24 All cleaned and 

tokenized sentences of the test set documents were processed. The tagged mentions’ context was analyzed using 

Table 1 Biased positive-unlabeled model hyper-parameters search space. 

Hyper-parameter Distribution  Possible values 

Number of dense-dropout pairs Choice 1, 2, 3 

Apply 

uniformly to 

all layer 

pairs. 

Hidden size Choice 128, 256, 512, 1024, 2048 

Activation Choice SELU, RELU, TANH 

L2 regularization  Choice 0.0001, 0.001, 0.01, 0.1 

Dropout rate Uniform 0.1- 0.9 

Batch size Choice 16, 32, 64 

Initial learning rate Choice 1e-4, 1e-3, 1e-2, 1e-1 

Optimizer Choice SGD, RMSprop, Adam 

Standardize to mean 0 variance 1 Choice yes, no 

L2-normalize Choice yes, no 
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FastContext and those with context that was not certain and currently present (i.e. non-standard context) were 

discarded. Since the rule-based method provides only a binary indicator, its accuracy was measured using the F1 score. 

Fully supervised (traditional) learning (model 3): To compare our method to regular supervised learning in terms 

of the yield (i.e. classification performance of the final model for the same manual effort), we randomly selected from 

the development set the same number of sentences that were manually reviewed during the “Searching for biased 

positive examples” step. These labeled sentences were used to train a ML classifier using the same hyper-parameters 

and protocol used for the biased PU classifier.  

5. Evaluation 

The models were compared by their accuracy on the held-out unbiased test set. All metrics were calculated at the 

sentence level. Area under the precision-recall curve (PR-AUC) and F1 metrics were used instead of the commonly 

used area under the receiver-operating characteristic curve (ROC-AUC) since the latter may over-estimate the 

performance when the positive class is very rare.25 Confidence intervals (CI) were calculated using 1,000 bootstrap 

samples. The study was approved by the Partners HealthCare Institutional Review Board.  

Results 

1. Data collection 

Overall, 574 cases (47% males, median age [inter-quartile range, IQR] of 49.7 [37.7 – 61.0] years) with 10,150 

documents were included in the study. 

Document preparation: Two annotators annotated 3,167 paragraphs. Inter-rater agreement (Cohen’s kappa) on a 

subset of 160 paragraphs annotated by both was 0.81, signaling good agreement. The class labels were balanced 

(47.7% informative). Features were extracted from a BERT model trained on biomedical documents.26 The optimal 

model from hyperparameter search, a feed-forward neural-network with two 500-units hidden layers rectified linear 

unit activation function that achieved a maximal F2 of 0.955. Out of the 641,335 paragraphs yielded by Tesseract 

46.3% were classified as informative yielding 844,421 sentences  of which 496,161 (58.7%) were unique. 

2. Ground-truth held-out test set creation 

Overall, 223 documents were annotated. The Cohen’s kappa on the 58 documents annotated by both annotators was 

0.622, signaling a substantial agreement. The cleaned documents of the test set included 20,911 sentences, and only 3 

annotated snippets were filtered out during cleaning. The DI’s prevalence was 0.340% (95% CI: 0.260% – 0.418%).  

3. Positive example collection 

Fourteen out of the 20 top results of the seed queries (“lack of documentation”, “failure to document”, and “no 

documentation”) were deemed positive. The 16 subsequent cycles yielded 322 examples of which 113 (31.3%) were 

deemed positive. The distribution of the selected positive sentences vs. the unbiased test set is depicted in Figure 2. 

4.  Classifier training and evaluation 

Table 2 lists the models’ performance results. Table 3 lists the data sets used in this study and their composition.  

Biased PU classifier (model 1): The 322 positive sentences were combined with 7,119 unlabeled examples to form 

the PU dataset. The highest-ranking model , achieved a PR-AUC of 0.935 on the PU-test set. Inspection of erroneous 

predictions revealed sentences discussing similar topics but not specifically the lack of documentation. The Pearson 

correlation coefficient between PR-AUC on the PU- and unbiased test sets was 0.966 (p-value <0.001). 

 Table 2 Accuracy metrics (95% confidence interval) of the final classifiers on the held-out test set 

 Model PR-AUC ROC-AUC F1max Precision Recall 

1 Biased-PU 0.283 (0.190 - 0.389) 0.973 (0.959 - 0.984) 0.410 (0.298 - 0.508) 0.467 (0.338 - 0.611) 0.370 (0.253 - 0.484) 

2 Rule-based N/A N/A 0.224a (0.112 - 0.337) 0.420 (0.231 - 0.625) 0.154 (0.074 - 0.232) 

3 Traditional 0.022 (0.009 - 0.044) 0.686 (0.619 - 0.750) 0.096 (0.033 - 0.165) 0.107 (0.021 - 0.229) 0.100 (0.042 – 0.184) 

 PR-AUC: area under the precision-recall curve, ROC-AUC: area under the receiver-operating characteristic curve. 

Precision and recall denote their value at the threshold yielding F1max.  
aSince the rule-based classifier yields a binary indicator, PR-AUC and ROC-AUC cannot be calculated for it.  
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Rule-based tagger (model 2): Term 

expansion yielded 16 patterns. Considering 

the goal to extract cases where documentation 

was absent, the terms that describe 

documentation itself were configured to be 

extracted when they are negated while the 

terms that already describe the absence of a 

documentation were configured to be 

extracted when they are affirmed. Inspection of type-I (false-positive) errors revealed that many cases did discuss the 

absence of clinical documentation but not as a failure of the physician but rather as a neutral description of the facts. 

Inspection of type-II (false negative) errors revealed two culprits: The first is unusual surface forms (phrases) that 

differ substantially from the phrases described in the DI definition. The second is implicit statement of the lack of 

documentation, e.g. describing what could be done and implying that the inaction constitutes a failure to document, 

instead of explicitly stating the documentation is lacking. 

Fully supervised (traditional) classifier (model 3): The 332 selected sentences from the development set included 

a single positive example, precluding cross-validation for hyperparameter search. To increase the number of positives, 

we attempted to select the same number only from sentences containing the phrases from the DI definition, but only 

3 sentences contained them. Therefore, we used a standard architecture, fine-tuning a transformer language model. 

We used a 768-dimensional BERT model pre-trained on clinical documents with the hyperparameters recommended 

in the original paper for 3 epochs.27  

Discussion 

IE is a core task in NLP and forms 

the basis for many downstream 

analyses. In this work we attempted 

to tackle the challenge of training 

data collection by combining the 

recent advancement of automatic 

(unsupervised) sentence 

representation with the theoretical 

foundations of PU learning in the 

setting of a very rare entity. Both PU 

methods (models 1 and 2) 

outperformed a fully-supervised 

learning approach (model 3). 

Specifically, at the manual effort 

level (332 examples) that was 

sufficient for the biased-PU method 

to yield a skillful (better than 

random) model, the fully-supervised 

method was practically infeasible 

with only a single positive example 

collected. These findings support the 

use of data augmentation and PU 

methods like Deep Snow for 

situations where the amount of 

required labeled data is infeasible 

high. Beyond training data 

collection, severe class imbalance as 

in our case (0.34% positive) poses a challenge to the learning process itself, since the positive patterns may seem like 

noise in the huge number of negative examples. A possible solution could be training a preliminary classifier to discard 

topically unrelated sentences (e.g. sentences describing patient’s background). However, early attempts at this 

direction showed only a modest increase in the prevalence of positives. This could stem from the fact that the task’s 

documents are heterogenous with no clear internal structure and no workflow limitation on the sections where the DI 

could be documented. Since the manual annotations are binary (rather than a graded score), the IVO cannot be tested. 

Table 3 Number of sentences in the training and test data sets. 

Data set Positive Negative(N)/ 

unlabeled(U) 

Unbiased test set 71 N: 20,840 

Unbiased development set  5 N: 1,501 

Positive-unlabeled learning (model 1) 113 U: 7,119 

Traditional machine learning (model 2) 1 N: 331 

Figure 2 A 2-D tSNE transformation of the representations of the biased positive 

examples collected in Deep Snow (red) and positive (yellow) and negative (green) 

ones from the unbiased test-set. Unbiased positives without adjacent biased ones are 

highlighted with arrows. 
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The strong correlation (Pearson r: 0.966, p-value = <0.001) between the performance on the PU test set and the 

eventual performance on the task itself (unbiased test set) signals that the biased (i.e. PU) sample may be used as a 

surrogate for the unbiased (randomly selected) test set, allowing us to complete the training with no need for resource-

intensive review of a mostly-negative randomly-selected sample. Figure 2 shows how Deep Snow identified many of 

the clusters of positive sentences, including remote ones far from the main bulk of unbiased positives. Enriching the 

search algorithm with signals beyond textual similarity may help finding such remote clusters.  

PU-learning is sometimes motivated by the difficulty of obtaining negative examples. For example, ruling out the 

presence of a disease may require medical work-up that cannot be conducted or justified. In clinical IE, however, the 

challenge is different: negative examples can be obtained by a manual review, while positive examples are harder to 

obtain due to their rarity. Focusing the review process on a subset with a higher a-priori prevalence of the class is an 

intuitive approach to address that challenge, but it would violate the SCAR assumption. Biased PU learning may 

enable learning from such biased sample requiring only a heuristic to rank examples by their probability of being 

positive. However, such knowledge (the heuristic) is essentially the objective of the IE task and it is likely not 

available. Therefore, Deep Snow and PU-learning are not silver bullets and may be more suitable for cases where 

some knowledge of the entity’s manifestation is already available, either from rules, unsupervised- or transfer learning. 

Additional data augmentation methods were attempted. Snorkel, a weak-supervision method was investigated 

initially.28 It relies on aggregation of partially accurate heuristics (called “labeling functions”) to create a generative 

model of the classes to generate more training data to train a traditional discriminative classifier. However, the 

collected positive examples failed to form labeling functions that reliably distinguish between positive and negatives. 

With the abundance of negative examples, novelty detection was attempted. However, it assumes that the positive 

(anomalous) examples reside in low-density areas of the feature space separate from the dense areas hosting the 

negatives (normal) ones. The positives in our case did not behave so (Figure 2) and accordingly, the novelty detection 

model failed to identify any positives from the unbiased test set, achieving a precision and recall of 0. 

Several limitations affect our study. First, it focuses only on a single entity from a single institute using a custom data 

set, hindering generalizing the findings to other settings. Second, annotation of randomly-selected data sufficient for 

training could not be performed due to resource limitations. Therefore, the exact number of training examples required 

to achieve the same performance as the PU method is not known and the saving (or increase) in training data 

requirements cannot be estimated. Third, the choice of the sentence representation model was arbitrary. Forth, the 

paucity of positive examples prevented optimization of the fully-supervised learning training process. 

Future directions for our work include testing on standard datasets (e.g. MIMIC) and additional settings, implementing 

a more elaborate positive example search (e.g. ad-hoc model training) to capture atypical positive cases, improving 

sentence representation (e.g. transfer learning from other IE tasks) and investigating Deep Snow’s effect on 

downstream tasks. 

Conclusion 

The combination of unsupervised- and positive-unlabeled learning methods may reduce the manual effort required to 

train an information-extraction classifier for a rare entity by focusing the review process on a higher-yield subset. The 

methods’ suitability depends on the task and the validity of the heuristic used to select the subset of the data to review. 
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Abstract

Analyzing disease progression patterns can provide useful insights into the disease processes of many chronic con-
ditions. These analyses may help inform recruitment for prevention trials or the development and personalization of
treatments for those affected. We learn disease progression patterns using Hidden Markov Models (HMM) and distill
them into distinct trajectories using visualization methods. We apply it to the domain of Type 1 Diabetes (T1D) using
large longitudinal observational data from the T1DI study group. Our method discovers distinct disease progres-
sion trajectories that corroborate with recently published findings. In this paper, we describe the iterative process of
developing the model. These methods may also be applied to other chronic conditions that evolve over time.

Introduction

Analyzing disease progression can provide great insights into the underlying pathophysiology of disease processes.
Examining how a disease progresses over time can help us to understand when a patient will progress into a stage
requiring treatment and provide tailored care for the patient. Numerous natural-history studies have been conducted
for specific diseases, such as for type 1 diabetes (T1D), Huntington’s disease, and chronic obstructive pulmonary
disease (COPD) in the past. These studies provide great opportunities for clinical researchers to investigate disease
progression patterns using longitudinal data.

However, despite the availability of well-curated data from these past observational studies and the best of many
research motives, many challenges remain to conduct such investigations. For example, to understand how subjects
progress from no disease into disease states, one has to take into account multiple socio-demographic as well as
clinical measures and their evolution over time that may be associated with the onset of the disease. Second, there are
challenges inherent to collection of longitudinal data, i.e. even if the data are collected for all co-variate(s) of interest,
observations may be recorded at discrete times and varying intervals in many similar studies. This introduces sampling
bias. Third, the observational records may also contain missing data, i.e. not each co-variate may be recorded at each
time point in the data collection process. Fourth, depending on the chronic condition, disease progression rates and
patterns may vary indicating heterogeneity of progression across populations which may be attributed to underlying
environmental and/or genetic risks. For these reasons, it is not only difficult to find distinct progression patterns
from large observational studies of the past but to also summarize these patterns in an appropriate way for downstream
consumption1. For example, researchers and clinicians may want to infer distinct trajectories from progression patterns
for further investigations, and needless to say this largely remains an active area of biomedical research2–7. In this
paper, we address the question of learning disease progression patterns from noisy observational data using data-
driven probabilistic methods and interactive visualization approaches. As a proof of concept, we apply these methods
to the multi-site data from the “T1DI” (Type 1 Diabetes Intelligence) study group. Our team is involved in this effort
with an aim to study computational modeling of T1D.

T1D is a chronic auto-immune condition that affects both children and adults and has lasting consequences of insulin
dependence throughout an individual’s life. By recent estimates, the disease incidence is doubling every five years,
particularly in children below the age of 5 years, and yet there is no cure for it8. It is now known, that a presymp-
tomatic phase which involves development of islet autoantibodies (biomarkers) followed by a period of dysglycemia,
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precedes the onset of clinical symptoms when an individual is generally diagnosed. A recent scientific statement by
the leading research organizations have proposed three clinical stages of the disease9. In the first stage, individuals
show presence of multiple islet autoantibodies but with normal glycemic control; in the second stage, in the presence
of islet autoimmunity, they start exhibiting dysglycemia; and in the third stage the overt clinical symptoms set in when
a clinical diagnosis is generally made. While these clinical stages provide a big picture of disease progression, they do
not address its heterogeneity , i.e. when an individual is likely to progress, and what may be the next stage and under
what circumstances. However, heterogeneity has been well described in past and ongoing research studies10 as well
as in clinical practice.

To address these questions, we model disease progression using Hidden Markov Models (HMMs), a class of state-
space models, that can discover underlying latent (disease) states from observational data in a probabilistic way1, 7, 11–13.
We apply this method iteratively to learn an optimal number of disease states based on available (biomarker) data. We
supplement our modeling efforts with an interactive visualization method14 to facilitate discovery of overall patterns
(aka disease trajectories) and their salient characteristics.

Because of growing body of evidence supporting role of biomarkers in progression to onset 15 , the T1D research
community is keenly interested in investigating these. These may include the type or number of islet autoantibodies
detected in blood serum or their combinations. It is believed that a more detailed map of these patterns may help in
further refining disease staging which in turn may support newer prevention trials and personalized therapies.

Methods

We first breifly describe the study data followed by modeling and visualization methods. This study was conducted by
approval from the IRB of individual study cohorts as well as by the T1DI Study group.

Data: Longitudinal Observational Studies from Five Different Sites

We use longitudinal data collected from the T1DI Study Group, which combines observational data from five natural
history studies, some of which are still ongoing. These studies are BABYDIAB16, DAISY17, DEW-IT18, DiPiS19,
and DIPP20. In these studies, each site recruited children at genetic or familial risk at birth or close to birth and
followed them in periodic visits until their diagnosis or for a period of 15 years whichever came first. This combined
and harmonized cohort of five studies has over 24,000 subjects, with an average of 12 (sd: 9) visits per subject, and
an average interval of 0.8 (sd: 0.94) years between visits. Of these, 2524 (10%) subjects developed one or more
autoantibodies in the follow up period and 697 (3%) were diagnosed with T1D (at the time of these analyses).

Of those diagnosed, we analyze 688 T1D cases partitioned into two sets. We use visits of 559 T1D cases from 3
studies (DAISY, DIPP, DiPiS) having at least 3 visits in the follow up period as our modeling set (i.e. for learning
a disease progression model). We use 129 T1D cases from 2 studies (BABYDIAB and DEWIT) as an independent
evaluation set and label their visits at each time point with the model latent states. These are described in detail below.

Modeling: Training Hidden Markov Models

An HMM can represent progression (of a subject) through disease stages as transitions between ‘hidden (or latent)
states.’ The hidden states when learned from data characterize a set of probability distributions of multiple observed
measures. In these models, state transitions (among latent states) are represented using a transition matrix. The
transition matrix defines the probability of transitioning between hidden states and if needed can be constrained based
on domain knowledge or pragmatic assumptions. For example, one can make an assumption that the disease progresses
in one direction, i.e. forward only and a subject does not revert back to prior states as time goes by. There are
several advantages to using a probabilistic disease progression modeling framework. First, it provides a flexible
framework to accommodate different possible progression pathways. Second, the trained HMM can infer the best
state representations from data, which may include missing data. Third, it allows multi-dimensional representations
of disease states, i.e. evolution of multiple covariates. Fourth, it infers the best possible progression trajectory of an
individual subject and collectively can look at trajectories of an individual or a population. Finally, this method does
not require labeled data or ground truth since the primary goal of modeling is to probabilistically discover underlying
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patterns by way of latent states , their characteristics and transitions.

In many applications, HMMs are trained using periodic time-stamped data in an unsupervised manner. These appli-
cations generally use the discrete-time HMM (DT-HMM) which do not allow for irregular time intervals of measure-
ments in the observed data. However, this irregular sampling is often the case in clinical datasets such as the one at
hand. Another variation of HMMs, a continuous-time HMM (CT-HMM) can accommodate varying time intervals
though with added computational complexity.

In our prior work on Huntington’s Disease (HD)1, we have successfully used CT-HMMs to learn the underlying
disease states of HD, a pure genetic condition, purely based on observed clinical assessments. In this paper, we
leverage the previous work and apply it to the domain of T1D to understand progression from presymptomatic phases
to the onset of disease. However, we seek some specific changes for our use case. First, we extended the observed
variable space from continuous measures (of clinical assessments) to include categorical measures of biomarkers.
This was important in this application because the presence or absence of a biomarker (islet autoantibody) detected in
blood-serum are indicative of progression and in fact has been proposed as stage 1 of the condition in a recent joint
scientific statement9. Additionally, it is now believed that the type of autoantibody detected in blood serum first may
also define the progression pattern to onset of the disease21. Therefore, it made sense to use categorical measures
of these biomarkers (i.e. positive or negative) in our models. This allowed us to leverage the standardized cutoffs of
autoantibody titers without having to first harmonize these lab values across these past studies of many years. Secondly,
we apply a principled approach to model selection, i.e. for determining the number of latent states that may optimally
define progression. It takes into account both the information criterion and log-likelihood (LL) scores. In generative
models, like HMM, LL is often used to measure the goodness of fit for model selection, i.e. the probability of the
observed data given the model. However, LL does not penalize for model complexity, i.e. the number of parameters
to learn or the number of observations required. In this work, besides using LL to guide the model selection, we also
evaluate the Bayesian Information Criteria (BIC) score. BIC penalizes for the number of model parameters and the
number of observations22.

In summary, for training HMMs in the context of disease progression, clinical researchers have an ardent task: i) to
choose a set of observed variables, ii) to determine the number of latent states (K) for the model, iii) to set constraints
on transition probabilities (between latent states) in a pragmatic way, iv) to select a model based on criteria scores and
v) to qualitatively evaluate the model so that it may meaningfully define progression for clinical consumption. We
attempt to address these challenges in this work by taking a unique approach of combining modeling and visualization
in an iterative way which we describe next.

Model Setup: Observations, Number of States, Transition Constraints, and Model Outputs

First, we needed to choose a set of observed variables to discover the hidden states from. In our use case, we use pre-
viously recognized islet autoantibody biomarkers: glutamic acid decarboxylase autoantibodies (GADA), insulinoma-
2-associated autoantibodies (IA-2A), insulin autoantibodies (IAA) that are known for their association to T1D disease
status.

Second, we needed to choose the number of hidden states (K) for the HMM model. This model selection process is
done by building models with different K, quantifying the model characteristics, comparing the models, and selecting
an appropriate K. Bootstrap resampling was used to assess the model fit as measured by LL. To supplement the
model selection process, a variety of other methods were applied including BIC, visualization and model constraints.
For example, for each model, the latent states are characterized by probabilities (distribution) of observed variables
and these were explored in the context of model explainability using visualization methods14. In general, as the
number of latent states increase, more transition pathways are possible between them. While these pathways may
expose heterogeneity in disease progression, they can also increase model complexity and limit model interpretability.
Typically, models with high K can have lower error rates (e.g., higher log-likelihood scores, lower BIC scores) but are
more complex and harder to interpret.

Another way to increase model interpretability is by imposing state transition constraints. However, this can depend on
the nature of the disease. Figure 1 illustrates various kinds of constraints that can be set on the transition probabilities.
No constraints can be used to allow transitions between all states. On the other hand, forward only constraints can be
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No Constraints Forward Only Forward ChainForward Only 2nd Order

Figure 1: The types of constraints that can be set on transition probabilities of Hidden Markov Models (HMMs). Each
constraint is represented as a K×K matrix, where K is the number of states. The four examples illustrate constraints
as green (possible route between states) and red (restricted route between states).

set so that transitions in the reverse order are not allowed. This is especially helpful to capture chronic diseases that
exhibit worsening symptoms as time goes by. In addition to directionality, constraints can also be set on the transition
steps. For instance, to represent the step-by-step progression nature, we can set the model to be a forward-chain model,
which means a patient can only either stay at state i or jump to state i+ 1.

Once we have a trained model, several model outputs can be assessed to interrogate the model and draw useful in-
sights. First, as a result of the training process, a (latent) state is assigned to every visit encounter in the modeling
set. Essentially this assignment results in “labeling” of longitudinal visits as temporal sequences of HMM states. In
addition to state sequences, we also derive posterior probabilities (of state assignment) from the model (just consider-
ing forward pass) for every visit. The Viterbi method (that relies on forward-backward pass) employed in our models,
picks the state sequence with the highest probability23. In case of discrepancies between the two methods, the output
shows uncertainties of the assignment process. Potentially these can be visualized to derive useful insights into both
the modeling and the resulting progression. Other useful insights can be drawn from the finite number of states (of the
model). These can potentially be used to group subjects with similar state sequences. We can then compare the het-
erogeneity with respect to progression rates using interactive visualizations. Other useful outputs from these models
are a state transition matrix that defines the rate of transition from state i to state j. This rate can be used to compute
average dwell times (sojourn times) in each state and the probability of staying in or transitioning out from a state
given a time value of interest (e.g. in 2 years).

Model Evaluation: Assessing Hidden Markov Models

To find the optimal model, we needed to run experiments with different combinations of parameters for HMMs (num-
ber of states, transition constraints) and impose visualization. For the first, we randomly split data into training and
validation sets using the 7:3 ratio. We created V such experimental sets. Using each experimental setup, in our exper-
iments, we varied the number of latent states from K = 2 to K = 20 states, i.e. we learned a model for each latent
state by random initializations. We did not consider any numbers beyond 20 (for latent states) because of complexity
in terms of the possible number of transitions and interpretability. We chose the forward chain model, where subjects
can either stay at the current state (i) or proceed to the next state (i+1) while prohibiting them from jumping forward
or backward into other states. However each subject could start or end their progression in any state. Thus, each
experimental setup was randomly initialized 10 times and in each initialization a new HMM was trained using the
iterative expectation–maximization (EM) algorithm7. At each iteration, a training (set) LL was computed to assess
model convergence. A LL score on the validation set was similarly computed at the end of convergence and is used
as a performance metric (of predictive LL) for model evaluation and selection as described below. We plot both the
training LL and the predictive LL as a function of the latent states used in these experiments. The total number of
experiments (N) in the above setup amounts to the product of the number of data splits (V), the number of candidate
latent states (K), the number of experiments (M), and the types of constraints (C). In total, we ran the experiments
for training 1900 model instances (V:10, K:2 to 20 states, i.e. total of 19 states, M:10, and C:1) which are plotted in
Figure 2.
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Figure 2: Model performance (vertical axis) as a function of the number of latent states K (horizontal axis). The left
view shows the model performance in terms of predictive likelihood score (LL) on the validation set; the right view
shows the model performance in terms of Bayesian Information Criterion (BIC) on validation set.

Visualization Method: Summarize States and Transition Patterns

To summarize the trained model, we apply DPVis14, an interactive visualization tool developed for users to explore
disease progression patterns. DPVis is a visual analytics system that consists of multiple, coordinated views, where
each view provides summary and details of the HMM states and the state transition patterns. The visualization has
three main goals. First, it helps users examine the summary of states by inspecting the probabilities of output variables
per state. In this process, users can also evaluate the probabilities of other variables (per state), which though were
unused in the modeling process. Second, it allows users to summarize the discovered longitudinal clusters with
respect to state transitions, i.e., trajectories. Users can find the volume of individuals and compare heterogeneity
in terms of progression rates by viewing these trajectories. Third, it allows users to further group individuals based
on state transition patterns. Users can form and test hypotheses by interactively forming subgroups and examining
their characteristics. DPVis has many additional functionalities and views designed to help facilitate investigation of
disease progression patterns, but a comprehensive and detailed description of them is out of scope here and described
elsewhere14. In this paper, we apply DPVis to a specific use case to help generate summaries of HMM states and state
transition patterns over time, as shown in Figures 4 and 5.

Results

Model performance as a function of the number of latent states is shown in Figure 2. The left plot shows the LL of
the training dataset (at the last EM iteration) (blue) and validation set (red) (after model convergence) over different
numbers of latent states K (horizontal axis). For each K, a box plot shows the summary of 100 experiments (10
random training/validation splits used with 10 random model initializations). We have connected the median results
with a line to show the trend. Figure 2 shows that the LL score in general increases as the number of states increase,
which is expected. However, the magnitude of increase in LL starts decreasing around 9–11 states, which indicates
that the models with more number of states than 9–11 states may not add value for the cost (complexity). To validate
our observations, we computed BIC on the validation set, which is shown in the right plot of Figure 2. The BIC score
decreases as the number of states increases and is consistent with the trend observed with LL. We observe that the
BIC measure starts flattening out as the number of states increase beyond 11–13 states. By combining the evaluation
results from two independent measurements, LL and BIC, we chose the 11 state model, which has a good trade-off
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Figure 3: The trained model provides various outputs. The left plot shows the average dwell time per state. The right
plot shows the transition probabilities among states in 2 years.

between good model fit and low model complexity.

Once a model instance has been trained, its outputs (e.g. dwell time, transition matrix) can be interpreted both quan-
titatively and qualitatively. Figure 3 shows two different outputs of a trained model: dwell time (left) and transition
probabilities (right). Average dwell time indicates the average time subjects stay at each state. The bar chart shows
some patterns with state sub-sequences. We observe that average dwell time increases as the state index increases until
some point, then decrease to small numbers, and then increases back until some other points. In total, we observe
three different segments: i) 0–2, ii) 3–7, iii) 8–10. Within each segment, we observe that average dwell time increases
as the state index increases. We also note that state 10 is the “sink” state by the construction of the model (i.e., it is the
last state). The transition probabilities show patterns for how subjects transition from one state to another in a given
time frame. Figure 3 (right) shows the state transition probabilities (after 24 months) as a matrix. As expected, after
24 months, most subjects stay at their current state and rarely move to next states as shown by the large numbers in
the diagonal cells.

There are several outputs from the HMM that can be visualized to draw insights. One of them is the state sequence
of the trained model applied to visit observations from individual subjects in the training, validation or independent
datasets. We apply DPVis for exploring these outputs14 to gain an understanding of progression patterns captured by

Figure 4: The Summary of HMM Output Variables. Each state (column) shows probabilities of onsets of three output
variables (rows): GADA, IA-2A, and IAA, which were used for modeling. In addition, it shows probabilities of
other variables that are unused for the modeling. Acquire GAA shows the probability of acquiring GADA in the
corresponding state, HighestRiskSoFar is the mean value of the derived measure which shows the maximum risk
score each subject has before arriving in the corresponding state, and Age years shows the mean ages of subjects in
the corresponding state.
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Figure 5: State transition patterns are shown as temporal summary. Each row represents a subject’s timeline (hori-
zontal axis, in months), where each color band indicates the subject’s dwell time in the corresponding state (state 0:
green; state 1: yellow, state 2: red).

the trained model. Figure 4 shows a summary of the selected 11-state model when applied to the training, validation
and independent datasets. Consistent with what we observed looking only at the average dwell times, we found three
segments for state transition probabilities. In terms of observed variables used in the model (IAA, GADA, and IA2A)
and their distributions, we can confirm that each segment, which we are calling a “trajectory,” follows different state
transition patterns. The first trajectory includes three states: 0, 1, and 2. State 0 has low probabilities of all three islet
autoantibodies (state 0), which are followed by high probabilities of all three (state 1), and then high probability of
IA-2A (state 2). The second trajectory includes five states: 3, 4, 5, 6, and 7. State 3 has low probabilities of all three
islet autoantibodies, followed by states which add islet autoantibodies IAA, IA-2A, and GADA one by one (states
4,5,6 respectively), and then lose IAA at the end (state 7). Finally, the third trajectory starts with low probabilities of
all three islet autoantibodies (state 8), followed by high probability of GADA (state 9) and high probabilities of GADA
and IA-2A (state 10).

We can further visualize the heterogeneity of the three trajectories using DPVis. Figure 5 shows an overview of state
transition patterns as a function of the age of subjects (horizontal axis). Each row represents a subject’s timeline and
each color band represents the subject’s dwell time in the corresponding state. We filtered the view to focus on the
first trajectory pattern (state 0 (green), 1 (yellow), and 2 (red)). Although all subjects follow the same state transition
pattern (0–1–2), the plot reveals that each subject makes state transitions at different ages. For example, dwell times for
state 0 (green) are very different between subjects. The first subject includes a very short state 0 dwell time (less than
a year) and there are subjects who dwell in state 0 for more than 10 years. The subsequent states, 2 and 3, also show
heterogeneity in terms of entering ages and dwell times. We can draw similar insights from the other two trajectories.

Discussion & Conclusion

We present an analytic approach that combines the power of modeling with HMMs and interactive visualization tech-
niques for application in longitudinal observational datasets. We show that this approach can draw meaningful insights
for understanding disease progression even when data had been collected at irregular intervals and is categorical by
nature. Furthermore, we describe various aspects of modeling that one may need to consider with HMMs and how
interactive visualization can supplement in this effort. In particular, we applied the above methods to the domain of
T1D datasets using islet autoantibodies as biomarkers of disease progression.

As a result of training multiple models with different parameters, and using a principled approach for model selection,
we found that an 11-state model showed good model fit, low error rates, and low model complexity, at least for these
datasets. In addition, the model captured patterns (of islet autoantibody progression) that are similar to some recent
reports2, 3, 15. This is important as it speaks to the usefulness of our approach, especially when these reports are from
large multi-site NIH funded ongoing studies (of T1D) that are collecting data at more frequent and regular intervals,
also to understand the heterogeneity of disease among many other aims. Needless to say that our approach may be
highly desirable for other similar chronic conditions that have been studied in past natural history studies.

Additionally, we have shown the value of interactive visualization to summarize disease progression patterns. In
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the following qualitative evaluation using interactive visualizations, we have shown that the HMM model is able to
provide a population-level summary of state transition patterns. These are the three trajectories and details in terms
of dwell times and transition ages as discussed above. These insights may have practical applications that are yet to
be understood. Therefore, as next steps, we are evaluating many of the model outputs (state characteristics) in more
detail. At the same time, we are also working on advanced modeling (using a combination of categorical and numerical
variables) as well as constraining the model in other useful ways and on enhancing the visualization approach with
many features to better support a clinically focused set of users. We plan to disseminate this work in future.
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Åke Lernmark, Jorma Toppari, Kendra Vehik, Alistair J. K. Williams, Liping Yu, Beena Akolkar, Jeffrey P.
Krischer, Anette-G. Ziegler, Peter Achenbach, and TEDDY Study Group. Time-Resolved Autoantibody Profiling
Facilitates Stratification of Preclinical Type 1 Diabetes in Children. Diabetes, 68(1):119–130, January 2019.

16. Anette-G Ziegler, Michael Hummel, Michael Schenker, and Ezio Bonifacio. Autoantibody appearance and risk
for development of childhood diabetes in offspring of parents with type 1 diabetes: the 2-year analysis of the
german babydiab study. Diabetes, 48(3):460–468, 1999.

17. M. Rewers, T. L. Bugawan, J. M. Norris, A. Blair, B. Beaty, M. Hoffman, R. S. McDuffie, R. F. Hamman,
G. Klingensmith, G. S. Eisenbarth, and H. A. Erlich. Newborn screening for HLA markers associated with
IDDM: diabetes autoimmunity study in the young (DAISY). Diabetologia, 39(7):807–812, July 1996.

18. Emily Wion, Michael Brantley, Jeff Stevens, Susan Gallinger, Hui Peng, Michael Glass, and William Hagopian.
Population-wide infant screening for HLA-based type 1 diabetes risk via dried blood spots from the public health
infrastructure. Annals of the New York Academy of Sciences, 1005:400–403, November 2003.

19. Berglind Jonsdottir, Christer Larsson, Markus Lundgren, Anita Ramelius, Ida Jönsson, Helena Elding Larsson,
and DiPiS study Group. Childhood thyroid autoimmunity and relation to islet autoantibodies in children at risk
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screening for the estimation of Type 1 diabetes mellitus risk in Finland: selective genotyping of markers in the
HLA-DQB1, HLA-DQA1 and HLA-DRB1 loci. Diabetic Medicine: A Journal of the British Diabetic Associa-
tion, 16(12):985–992, December 1999.

21. Jeffrey P Krischer, Kristian F Lynch, Desmond A Schatz, Jorma Ilonen, Åke Lernmark, William A Hagopian,
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Abstract 

Identifying pathogenic mutations in BRCA1 and BRCA2 is a critical step for breast cancer prediction. Genome-wide 
association studies (GWAS) are the most commonly used method for inferring pathogenic mutations. However, 
identifying pathogenic mutations using GWAS can be difficult. The hypothesis of this study is that the pathogenic 
mutations in human BRCA1/BRCA2, which are present in many species, are more likely to be located in the 
evolutionarily conserved sites. This study defines the evolutionary conservativeness based on the previously developed 
Characteristic Attribute Organization System (CAOS) software. ClinVar is used to identify human pathogenic 
mutations in BRCA1 and BRCA2. Statistical tests suggest that compared to the non-pathogenic mutations, human 
pathogenic mutations were more likely to locate at the evolutionary conserved positions. The approach presented in 
this study shows promise in identifying pathogenic mutations in humans, suggesting that the methodology may be 
applied to other disease-related genes to identify putative pathogenic mutations. 

Introduction 

According to the Center for Disease Control and Prevention (CDC), breast cancer is one of the most common cancers 
in women in the United States.1 Mutations on genes such as breast cancer susceptibility gene 1 (BRCA1) and 2 
(BRCA2) that connote an increased risk of breast cancer have been identified. According to a meta-analytic study, 
BRCA1 mutation carriers had 57% risk for developing breast cancer and 40% chance for ovarian cancer by the age 
of 70.2 The breast cancer risk for BRCA2 mutation carriers was 49% and ovarian cancer risk was 18% at the age of 
70 years old. Identifying the pathogenic mutations in BRCA1 and BRCA2 is therefore critical for disease prediction 
and prevention. To date, the most widely used method to identify pathogenic mutations is through using high 
throughput sequencing and genome-wide association studies (GWAS).3,4 A limitation of GWAS studies is the 
requirement of sequencing data from an adequate number of cases. Distinguishing between pathogenic and benign 
mutations using GWAS can thus be difficult in rare diseases where the number of cases is less abundant.5  

BRCA1 and BRCA2 are genes with long evolutionary history and present in many species.6 BRCA1 has been 
identified in plants and animals, while BRCA2 has also been found in fungi. Among the BRCA1 and BRCA2 genes, 
some positions are more conserved than others across evolutionary history.6 Research has shown that the pathogenic 
mutations in humans are more likely to exist in fixed sites of proteins.7 Several studies have shown the disease-
associated missense mutations in BRCA1 are correlated with the conserved residues among different species.8,9,10 
However, these studies have a limited number of species included and use nucleotide percentage similarity among 
sequences to determine conservativeness.  

Different from the previous studies, this study proposes the use of a previously developed phylogenetic approach, 
called the Characteristic Attribute Organization System (CAOS), to determine the evolutionary conservativeness of 
different positions for a given gene.11 CAOS discovers rules associated with a given phylogenetic tree as shown in 
Figure 1a.11 A pure (Pu) rule or character attribute (CA) is a state that exists in all elements of a clade but not the 
alternate clade; a private (Pr) CA is present in some members of a clade but absent in the alternate clade. A variation 
number (VN) is defined as the number of occurrences of a position as a CA in all the tree clades. A flowchart of the 
VN calculation is shown in Figure 1d. For example, the VN of the first position in Figure 1a will be zero, the third 
position will be two, and the fifth position will be four. Evolutionary conservativeness in this study is defined as the 
positions with a relatively small VN. Thus, the first position in Figure 1a is more conserved than the third position. 
The clades in both Figure 1b and 1c have three sequences of cytosine and two sequences of adenine. The compositions 
are the same using conventional statistic method.9 By CAOS definition, however, the clade in Figure 1b has a VN of 
two while Figure 1c has a VN of five. The clade in Figure 1b is thus more conserved. The hypothesis of this study is 
that the positions of human pathogenic mutations in BRCA1 and BRCA2 genes are more likely to be evolutionarily 
conserved than the positions of the non-pathogenic mutations.  
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Methods  

The pipeline for analysis developed for this study is shown in Figure 2. The overall process includes sequence retrieval, 
multiple sequence alignment, phylogenetic tree construction, and analysis of the conservativeness of gene positions. 
The results were assessed relative to previously annotated clinical pathogenicity of positions in the genes of interest. 
Homo sapiens DNA repair associated breast cancer 1 (BRCA1) and breast cancer 2 (BRCA2) reference transcripts 
were retrieved from National Center for Biotechnology Information (NCBI) nucleotide database (Accession numbers 
NM_007294 and NM_000059, respectively). 12 

Sequence retrieval and alignments 

The Basic Local Alignment Search Tool (BLAST) was used to retrieve sequences that were similar to Homo sapiens 
BRCA1 and BRCA2.13 Both BRCA1 and BRCA2 were searched over the nucleotide collection database for all animal 
organisms. The max target sequences were set to 20,000 with expected threshold of one. The result sequences were 
filtered such that, if there were multiple sequences for one organism, the entire sequence with the best hit and with the 
highest max score in the BLAST results was kept. Synthetic sequences were removed.  

In addition to using BLAST for finding similar sequences, BRCA1 and BRCA2 orthologs from multiple vertebrates 
were retrieved from the NCBI Orthologs database. Multiple sequences may be available for a given species, but only 
one sequence with the longest length for each species was retrieved. Sequences from BLAST and NCBI Orthologs 
were used separately for multiple sequence alignment. Multiple sequence alignments were performed using multiple 
sequence comparison log-expectation (MUSCLE) software with the default settings.14  

d. 

Figure 1. Characteristic Attribute Organization System (CAOS)11. a. An example to define CAOS rules. b-c. 
Examples of CAOS differs from statistical methods. d. The flowchart for the VN calculation. 

 

b. a. c. 
 

Figure 2. Flowchart of the pipeline. 
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Tree building 

Maximum parsimony trees were generated using the phylogenetic analysis using parsimony (PAUP*) software and 
the aligned sequence sets.15 A heuristic search method with two-hundred replicates and tree bisection reconnection 
(TBR) branch swapping was applied and the best tree was retained. A total of four trees were generated, two each for 
BRCA1 and BRCA2. The “BLAST tree” refers to the maximum parsimony tree using the sequences from the BLAST 
search; the “orthologs tree” refers to the maximum parsimony tree using the sequences retrieved from NCBI orthologs. 
The trees were then used for CAOS analysis. 

Clinical variation retrieval 

Clinical variations for BRCA1 and BRCA2 were downloaded from ClinVar.16 Only the single nucleotide variations 
were included. For BRCA1, the variations in the coding region of accession NM_007294.3 were kept. The coding 
region variations of NM_000059.3 were kept for BRCA2. Clinical significance was used to categorize whether a 
variation is considered pathogenic or non-pathogenic. This study only considered the variation position (i.e., not the 
specific variation). If the clinical significance was noted as “Pathogenic” then the variation position would be 
categorized as pathogenic. Otherwise, it was considered non-pathogenic. If there were multiple variations at the same 
position and at least one variation at that position is pathogenic, then the position was categorized as pathogenic.   

Characteristic attribute organization system (CAOS) analysis 

The Characteristic Attribute Organization System (CAOS) system was used to identify positions of interest (“rules”) 
for each tree node.11 Each position of the aligned sequences was assigned a VN, which was calculated based on the 
breadth first search and was described in Figure 1d. A Student’s T-test was performed using the VNs of pathogenic 
positions and non-pathogenic positions. Two control groups were generated by randomly picking positions and their 
corresponding VNs from the aligned sequences. The size of the control groups matched the number of pathogenic and 
non-pathogenic positions, correspondingly. The randomly chosen control groups were then used to perform a T-test. 
This process was repeated randomly five times. These T-tests served as negative controls to examine the effect of size 
differences on the T-test results. 

The conventional statistical method, which calculates the nucleotide percentage similarity for a given position, was 
also used to find the conservativeness of the pathogenic and non-pathogenic positions. For each position, the 
percentage similarity was calculated by dividing the number of occurrences of the most abundant nucleotide by the 
total number of sequences. A Student’s T-test using the percentage similarity was conducted as a comparison to the 
T-test using the VNs. In addition to the T-test, the sequences at pathogenic positions and non-pathogenic positions 
were extracted to build phylogenetic trees separately. The number of clades was counted in each tree for comparison. 
Because there were more pathogenic than non-pathogenic positions, N non-pathogenic positions were randomly 
selected to generate 20 random trees as controls for sizes, where N was the total number of pathogenic positions. 

Results 

Sequence retrieval and alignments 

The length of the Homo sapiens BRCA1 transcript is 7088 base pairs (bp). The coding region is 5592 bp long, spanning 
from position 114 to 5705. Homo sapiens BRCA2 transcript is 11,386 bp long, with the coding region spanning from 
position 228 to 10,484. Sequences like human BRCA1 and BRCA2 were found using BLAST and filtered such that 
only one sequence was kept for each organism. After filtering, 808 organisms were found to have sequences similar 
to Homo sapiens BRCA1 and 382 organisms had sequences similar to Homo sapiens BRCA2 as shown in Table 1. In 
the NCBI orthologs database, there are 273 BRCA1 orthologs from jawed vertebrates other than Homo sapiens and 
266 BRCA2 orthologs. Among the 809 BRCA1-like sequences found using BLAST, 62 are present in the BRCA1 
orthologs database. The overlap between BRCA2 BLAST and orthologs sequences are 93. 

Table 1. Number of species included for BRCA1 and BRCA2 multiple sequence alignment using either BLAST13 or 
NCBI Orthologs, and the number of overlapped sequences between BLAST and orthologs sequences. 

 BLAST Orthologs Overlapped 

Total BRCA1 sequences 809 274 62 

Total BRCA2 sequences 383 267 93 
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Table 2. The total number of species from each order or class and the maximum number of organisms from the same 
order of the BLAST sequences or the same class of the orthologs sequences grouped together in the corresponding 
phylogenetic tree.  

a. BRCA1 sequences obtained using BLAST. 
Order Total* Max* Order Total Max Order Total Max 

Carnivora 134 104 Eulipotyphla 1 1 Pilosa 11 11 

Cetartiodactyla 46 45 Glires 316 258 Primates 51 44 

Chiroptera 128 77 Hyracoidea 3 3 Proboscidea 2 2 

Chrysochloridae 3 3 Insectivora 58 39 Scandentia 6 6 

Cingulata 14 11 Macroscelidea 4 3 Sirenia 4 4 

Dermoptera 2 2 Perissodactyla 16 8 Tenrecidae 3 2 

Didelphidae 1 1 Pholidota 4 3 Tubulidentata 2 1 

*Total is the total number of species from each order or class.  

**Max is the maximum number of organisms from the same order of the BLAST sequences or the same class of the 
ortholog sequences grouped together. 

b. BRCA1 sequences obtained using NCBI orthologs database. 
Class Total Max Class Total Max Class Total Max 

Alligators 4 4 Bony fishes 58 40 Lizards 9 9 

Amphibians 3 2 Cartilaginous fishes 1 1 Mammals 125 124 

Birds 69 69 Coelacanths 1 1 Turtles 4 4 

c. BRCA2 sequences obtained using BLAST. 
Order Total Max Order Total Max Order Total Max 

Alligatoridae 2 2 Glires 54 19 Primates 138 136 

Carnivora 33 18 Hyracoidea 1 1 Proboscidea 2 2 

Cetartiodactyla 41 41 Insectivora 33 25 Saurischia 2 1 

Chiroptera 28 28 Longirostris 2 2 Scandentia 3 3 

Chrysochloridae 1 1 Macroscelidea 1 1 Sirenia 3 2 

Cingulata 7 7 Ostariophysi 1 1 Tenrecidae 3 3 

Dermoptera 2 2 Perissodactyla 6 6 Testudinoidea 1 1 

Durocryptodira 2 1 Pholidota 3 3 Tubulidentata 1 1 

Eulipotyphla 3 1 Pilosa 11 11 Unidentata 2 2 

d. BRCA2 sequences obtained using NCBI orthologs database. 
Class Total Max Class Total Max Class Total Max 

Alligators 4 4 Bony fishes 54 53 Lizards 9 9 

Amphibians 3 3 Cartilaginous fishes 2 2 Mammals 124 119 

Birds 67 67 Coelacanths 1 1 Turtles 3 3 
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The BLAST sequences of both BRCA1 and BRCA2 were mainly from the class Mammalia. The orthologs sequences 
were from jawed vertebrates consisted of several classes as shown in Table 2. All BRCA1 BLAST sequences were 
from the class Mammalia consisted of 21 different orders. Fifty-one sequences were from the order Primates. Among 
the 383 BRCA2 BLAST sequences, 373 were from the class Mammalia, six from Archelosauria, two from Testudines 
and Archosauria group, and one each from Actinopterygii and Lepidosauria. The BRCA2 BLAST sequences were 
from 27 different orders with 138 Primates sequences. BRCA1 orthologs sequences were from nine different classes 
with 125 mammal sequences and BRCA2 orthologs sequences were from the same nine classes with 124 mammal 
sequences. MUSCLE was used for multiple sequence alignment. After alignment, the length of BRCA1 BLAST, 
BRCA1 orthologs, BRCA2 BLAST, BRCA2 orthologs sequences were 13,945 bp, 19,727 bp, 18,170 bp, and 29,216 
bp, respectively. 

 

 

Figure 3. Brief tree visualization using iTOL17. 

3a. BRCA1 BLAST tree 3b. BRCA1 orthologs tree 

3c. BRCA2 BLAST tree 3d. BRCA2 orthologs tree 
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Tree building 

Four maximum parsimony trees were generated using the four sets of sequences and were shown in Figure 3 using 
the interactive tree of life (iTOL) software.17 Each tree leaf was a species. The tree leaves were colored according to 
the taxonomical order or class they belong to and the legend was shown on the left of each graph. The trees were 
unrooted. The total number of species from each order of BLAST sequences or each class of orthologs sequences 
were listed in Table 2 column Total. The maximum number of organisms, which were from the same order of the 
BLAST sequences or the same class of the orthologs sequences, grouped in the same clade was shown in Table 2 
column Max. Such clades were the largest clades in the tree that only contained taxa from the same order for BLAST 
sequences or the same class for the orthologs sequences. Most organisms from the same order or class were clustered 
into a single clade as suggested by Table 2 and shown in Figure 3, suggesting the trees were taxonomically valid. These 
results also indicated the evolutionary importance of BRCA1 and BRCA2 in different species, as the phylogenetic 
tree generated using simply the transcripts can cluster most species from the same order or class into the same group. 

Clinical variation retrieval 

The number of pathogenic and non-pathogenic positions for BRCA1 and BRCA2 were listed in Table 3. There was a 
total of 4834 single nucleotide variations identified for BRCA1 transcript variant 1, accession NM_007294.3 in 
ClinVar (accessed November 19th, 2019).16 Among the 4834 variations, 586 were deemed pathogenic and 4248 were 
deemed non-pathogenic variations. Four hundred and eight-two of the 586 pathogenic variations were found in the 
coding region, while 3102 of the 4248 non-pathogenic variations were identified in the coding region. For the variation 
positions in the coding region, 441 positions were categorized as pathogenic and 2402 were non-pathogenic.  

Table 3. The number of pathogenic and non-pathogenic positions for BRCA1 and BRCA2 

 Pathogenic Non-Pathogenic 

BRCA1 (NM_007294.3) 441 2402 

BRCA2 (NM_000059.3) 596 4668 

 

For BRCA2 transcript with accession NM_000059.3, 7723 single nucleotide variations were in ClinVar as of 
November 19th, 2019.16 Seven hundred and sixty-one variations were found to be pathogenic with 670 in the coding 
region. There were 6962 non-pathogenic variations identified and 5875 in the coding region. In the coding region, 596 
positions were found to be pathogenic and 4668 positions were deemed non-pathogenic. The analysis revealed that 
there were five times more non-pathogenic positions than pathogenic positions in BRCA1 and seven times more in 
BRCA2.  

Figure 4. Histogram and normalized histogram of the VNs of CAOS rules at pathogenic and non-pathogenic 
positions in BRCA1 BLAST sequences. The x-axis represents the variation number. The y-axis represents the 
number of gene positions (top) and the percentage of gene positions (bottom) with a specific variation number. 
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Characteristic attribute organization system (CAOS) analysis 

For a given tree, the CAs for each clade of the tree found by CAOS were collected to find the time of appearance or 
the VN of each sequence position. The VNs at the pathogenic positions and non-pathogenic positions were extracted 
to perform a Student’s T-test. The histogram and the normalized histogram of the VNs of pathogenic and non-
pathogenic positions from BRCA1 sequences obtained using BLAST were shown in Figure 4. The x-axis was the VN 
and the y-axis was the number or percentage of positions with that VN. The pathogenic positions were marked in pink 
and the non-pathogenic positions were marked in blue. The pathogenic positions had a mean VN of 189.23 while the 
non-pathogenic positions had a mean VN of 210.82. The smaller mean VN suggested that the pathogenic positions 
were more conserved evolutionarily compared to the non-pathogenic positions. The t-value was 8.57 and the p-value 
was 8.37E-17. These results suggested a significant difference between the VNs of pathogenic and non-pathogenic 
positions. The T-tests for the BRCA1 orthologs sequences and BRCA2 BLAST and orthologs sequences showed 
similar results, as listed in Table 4.  

Table 4. The T-test results for VNs’ comparison between pathogenic and non-pathogenic positions in each set of 
sequences 

 Pathogenic Non-Pathogenic T-test 

 Mean Median  STD Mean Median STD t-Value p-Value 

BRCA1 BLAST 189.23 181.00 48.39 210.82 205.00 49.76 -8.57 8.37e-17 

BRCA1 Orthologs 104.86 112.00 48.13 133.05 140.00 47.40 -11.32 4.31e-27 

BRCA2 BLAST 154.48 157.00 34.98 169.81 172.00 36.51 -10.02 2.66e-22 

BRCA2 Orthologs 97.03 104.00 46.37 117.66 125.00 44.87 -10.25 3.60e-23 

 

Two sets of randomly picked positions, with each set matched the size of corresponding pathogenic and non-
pathogenic positions, and their VNs were used to perform T-tests as controls to examine the effect of size difference. 
This process was repeated five times. As a result, there were no significant differences from the controls, as shown in 
Figure 5. The control groups demonstrated that the significant T-test results shown in Figure 4 were not caused by the 
size differences between the pathogenic and non-pathogenic positions. 

 

Figure 5. Control normalized histograms of the VNs of CAOS rules at pathogenic and non-pathogenic positions 
in BRCA1 BLAST sequences. 
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As a comparison to VNs’ results, T-test was also performed using the percentage similarities at the pathogenic and 
non-pathogenic positions. The percentage similarity was defined as the frequency of the nucleotide with the most 
occurrence in a given position. A larger percentage similarity indicated that a given position is more evolutionarily 
conserved. The T-test results of BRCA1 BLAST sequences using percentage similarity were shown in Figure 6. There 
was no significant difference between the pathogenic and non-pathogenic positions when using percentage similarity. 
Similarly, the T-test results for the BRCA1 orthologs, BRCA2 BLAST, and BRCA2 orthologs sequences using 
percentage similarity were less significant than using the VNs. These results were not shown here. Such differences 
in significance showed the advantage of CAOS over the conventional statistical method.  

The pathogenic positions and non-pathogenic positions characterized for BRCA1 and BRCA2 transcripts were 
extracted to build phylogenetic trees separately. The number of clades for BRCA1 BLAST tree using pathogenic and 
non-pathogenic positions is shown in Table 5. Because there are more non-pathogenic positions than pathogenic 
positions, 20 trees were built using randomly selected non-pathogenic positions matching the number of pathogenic 
positions, and the average number of branches was calculated to serve as a control. These trees served as controls to 
test the effect of size on trees. The pathogenic tree resulted in fewer tree clades than the non-pathogenic tree. The 
average number of branches in the control group trees is less than in the non-pathogenic tree, suggesting the number 
of positions included can affect the tree topology. However, with the same number of positions included, there were 
still more clades in the control group trees than the pathogenic tree, suggesting the pathogenic positions contain less 
information to build complex phylogenetic trees. The number of clades for other sequence sets showed similar results 
and were not shown here.  

Table 5.  Number of clades in pathogenic, non-pathogenic, and the average of twenty non-pathogenic trees where the 
number of positions selected equaled to the number of positions in the BRCA1 BLAST pathogenic tree. 

 Pathogenic Non-pathogenic Controls 

Number of branches 571 759 645.9 

 

Discussion  

Mutations in BRCA1 or BRCA2 greatly increase the risk of human breast cancer and identifying pathogenic mutations 
in humans can help to detect breast cancer in the early stages, thus increasing the patient survival rate. GWAS is 
widely used to infer pathogenic mutations. However, many mutations can be family specific and hard to detect. This 
study proposed a method to study the correlation between the evolutionarily conservativeness of mutations and their 
pathogenicity in human breast cancer. The method proposed in this study may be applied to other complex diseases 
with a genetic component, and it can be beneficial especially to rare diseases where limited patient data are available.  

Transcript variants of BRCA1 and BRCA2 were used instead of whole genome or protein sequences for several 
reasons. Transcript variants were the intermediate between DNA and mRNA with introns removed. The short length 
of the transcript variants compared to the whole gene sequence makes it computationally efficient while retain the 
most important information in the genes. They contain information needed to produce the respective proteins, but 
are more specific than protein sequences. NM_007294.3 for BRCA1 and NM_000059.3 for BRCA2 were the 
reference variants commonly seen in ClinVar. Using transcript variants made it convenient to compare the data in 

Figure 6. Percentage similarity histogram of pathogenic and non-pathogenic positions in BRCA1 BLAST sequences. 
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ClinVar. The current version of BRCA1 transcript variant on NCBI is NM_007294.4 instead of NM_007294.3, but 
the coding region of NM_007294.4 and NM_007294.3 are the same. It will also be of future interest to further 
separate the pathogenic and non-pathogenic variants into synonymous and non-synonymous groups. 

Instead of using pure statistical methods, an evolutionary approach using CAOS was taken in this study. This approach 
was chosen to preserve potentially more biologically meaningful relationships, such as illustrated in Figures 1b and 
1c. Both Figure 1b and 1c have three sequences of cytosine and two sequences of adenine for a given position. 
Intuitively, one might consider that the position in Figure 1c is less informative as it can change freely among different 
species. The clade in Figure 1b, on the other hand, shows the conservativeness of the position because one subgroup 
would have the same sequence while the other subgroup has another sequence. By CAOS definition, the clade in 
Figure 1b has a VN of two while Figure 1c has a VN of five, meaning the clade in Figure 1b is more conserved than 
the clade in Figure 1c. However, such a conclusion cannot be made when using the conventional statistical method as 
the percentage similarity in both trees are the same.  

As with any evolutionary analysis framework, there are several methodological choices that one can make to 
identify positions of interest in a given gene. This study chose to use maximum parsimony as the optimality criterion 
for inferring the phylogenetic trees. The choice for maximum parsimony was largely for convenience, computational 
efficiency, and previous experience with the phylogenetic inferencing technique in the context of CAOS. However, 
CAOS could be adapted to any character-based phylogenetic inferring technique, including those using a maximum 
likelihood or Bayesian optimality criterion. The methodology for VN determination would need to be adjusted to 
accommodate these additional optimality criteria (the VN in this study only accommodated for counts of differences 
between groups, which is in alignment with how maximum parsimony determines similarity). Similarly, the choice 
of BLAST and MUSCLE as the sequence retrieval and alignment tools could also be substituted with other tools. 
BLAST was chosen because it can identify more sequences like BRCA1/BRCA2 than using the NCBI orthologs 
alone. However, the sequences identified using might not be BRCA1/BRCA2 related sequences, thus the 
BRCA1/BRCA2 homologous sequences from the NCBI orthologs database were also used. MUSCLE was used for 
multiple sequence alignment in this study. However, a more sophisticated alignment method such as codon-
alignment will be considered for future studies. T-tests were used in this study to compare the pathogenic and non-
pathogenic positions. However, additional statistical analysis may be used to further validate the findings (e.g., using 
non-parametric tests, such as the Mann-Whitney U test) to avoid the assumption that the variation numbers of the 
pathogenic and non-pathogenic positions are normally distributed. The results of this study suggest that the general 
framework for gathering and organizing complex disease genes and subjecting them to an evolutionary analysis is a 
promising approach to identify putatively pathogenic mutations. 

The method proposed in this study might be used to prioritize potential pathogenic mutations in human breast cancer 
solely based on sequencing data from different species. Although there are pathogenic mutations that seemed not to 
be conserved throughout evolution, as indicated by large VNs, the mutations in conserved positions do have a larger 
chance of being pathogenic. One limitation of the VN is that for a given set of sequences, a relatively smaller VN is 
defined as more conserved than a larger VN. But since the VNs depend on a specific set of sequences, no numerical 
cutoff for a VN can be given. The approach taken in this study alone may not be powerful enough to identify human 
pathogenic variants, however, it can be used as an important feature for a more sophisticated method. Our next goal 
is to develop a model/tool for calculating the probability of a variant being pathogenic or not, and the variant 
number described in the manuscript will be an important component for our future study. For the future study, we 
will also take into consideration other measurements such as the protein folding and intermolecular interactions. We 
will then compare the performance between our method to other existing methods. The method proposed can also be 
applied to rare diseases, in which GWAS study can be difficult because of the limited number of cases. 

Human pathogenic alleles can be wild type in other species18. It is interesting to study why some positions are 
pathogenic in human while wild type in other species in BRCA1 and BRCA2 genes. It may be explained by 
compensated pathogenic deviations (CPD) and their compensated differences18. Studying CPDs are clinically 
important as it may help to explain why people carry BRCA1/BRCA2 mutations do not develop breast cancer. If 
people carrying BRCA1/BRCA2 pathogenic mutations as well as mutations in the compensated sites never developed 
breast cancer, then these sites can serve as markers and therapeutic targets for breast cancer. The specific CPDs and 
the compensatory differences will be the focus of future studies. One plausible way to find the CPDs is by finding the 
positions in the genes where the conservativeness is seen in some subgroups of the tree as shown in Figure 1b using 

685



  

CAOS. Such CPDs may also explain why some species were not clustered together with the species in the same order 
or class. 

Conclusion 

This study intended to apply an evolutionary framework to study BRCA1/BRCA2 human pathogenicity in relation to 
evolution. The requirement of sequences from different species instead of different patients made this study unique 
compared to other GWAS studies. Statistical analysis showed the advantage of using CAOS to define conservativeness 
than using nucleotide percentage similarity. Future works based on this study may be clinically meaningful. 
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Abstract 
Clinical Practice Guidelines (CPG), meant to express best practices in healthcare, are commonly presented as 
narrative documents communicating care processes, decision making, and clinical case knowledge.  However, these 
narratives in and of themselves lack the specificity and conciseness in their use of language to unambiguously express 
quality clinical recommendations.  This impacts the confidence of clinicians, uptake, and implementation of the 
guidance.  As important as the quality of the clinical knowledge articulated, is the quality of the language(s) and 
methods used to express the recommendations.  In this paper, we propose the BPM+ family of modeling languages as 
a potential solution to this challenge.  We present a formalized process and framework for translating CPGs into a 
standardized BPM+ model.  Further, we discuss the features and characteristics of modeling languages that underpin 
the quality in expressing clinical recommendations.  Using an existing CPG, we defined a systematic series of steps 
to deconstruct the CPG into knowledge constituents, assign CPG knowledge constituents to BPM+ elements, and re-
assemble the parts into a clear, precise, and executable model. Limitations of both the CPG and the current BPM+ 
languages are discussed. 
 

Introduction 
Clinical Practice Guidelines are the distillation of vast amounts of clinical knowledge and randomized controlled trials 
into knowledge artifacts (papers, algorithms, processes definitions, etc.) that are meant to represent the current state 
of understanding, recommendations, and best practices for the delivery of care.1  They are defined by the National 
Academy of Medicine as “recommendations, intended to optimize patient care, that are informed by a systematic 
review of evidence and an assessment of the benefits and harms of alternative care options”.2 
 
Narrative text is the default method for representing clinical practice guidelines with tables, figures, and flow diagrams 
used to attempt to make the CPG more clear.3  It is generally accepted that there are multiple limitations with the 
current methods for representing clinical knowledge in CPGs.4,5  These issues are compounded by the volume of CPGs 
that often contain conflicting recommendations between the CPGs.6  Current methods using narrative text are 
inadequate for communicating evidence-based best practices for reuse partly due to the intrinsic limitation of natural 
language and its misalignment with the complex and varied types of clinical knowledge present in a CPG.7,8 
 
Healthcare domain-specific languages (DSL) such as PROforma, EON, Asbru, and GLIF do not individually provide 
the language constructs necessary to express the range of semantically complex medical concepts in a CPG.9  At the 
same time, because of the historical isolation of the development of these DSLs, their overlap and concept overload 
prohibits effective use of them in combination.  Further, having one language that addresses all the medical concepts 
is problematic and generally not scalable.  Attempting to address all the requirements of all knowledge types adds 
complexity to a single solution and will potentially lead to implementations that are brittle. Thus, A one-size-fits-all 
language would not adequately provide the richness required for the wide range of concepts that are needed in the 
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healthcare domain.  Appropriately, as an example, Clinical Quality Language (CQL) focuses only on decisional logic 
or queries and does not provide support for process knowledge.10  Further, despite the importance of DSLs and their 
role to express clinical knowledge, the semantic quality of these languages is often subjective leaving their quantitative 
characteristics under assessed.11,12  
 
As healthcare DSLs and requirements advance for expressing CPGs, adding new knowledge type support could be 
complex and costly over time.13  To mitigate these potential complexities and difficulties, the available languages 
should share a common infrastructure and/or be well integrated.  It is the authors’ opinion that a strategy that allows 
CPG authors to choose the languages that are fit for purpose and aligns with the target knowledge types is required.  
As a method to address complexity, separation of concerns (SoC) addresses these difficulties by dividing the domain 
knowledge into smaller, logically cohesive and decoupled languages.14  Keeping this in mind, the authors prefer to 
leverage generalized cross-industry efforts utilizing the SOC approach for developing a family of languages.15 These 
efforts take advantage of shared development and knowledge leading to best of breed and potentially better-
rationalized modeling languages.  Furthermore, using languages that are cross-industry has a broader appeal for uptake 
and will encourage tool development. 
 
Standards such as FHIR, CQL, CDA, CDS-Hooks, and SNOMED are further examples of DSLs used to articulate 
various knowledge types such as process, decision logic, event condition action (ECA) rules, assertions, and 
semantics.  BPM+ provides three domain-independent languages that focus on expressing process, decision and case 
knowledge.  The assessment of healthcare DSLs’ ability to express clinical knowledge is often subjective.16  As 
quantitative features of a modeling language, Domain and Comprehensibility Appropriateness (DCA) provides a 
system of properties by which the quality and fitness of a language to express knowledge can be measured.17  The 
authors discuss a framework and methodology for the identification of knowledge constituents in a CPG and the 
constituents' respective transformation into Business Process Model and Notation (BPMN)18, Decision Model and 
Notation (DMN)19, and Case Management Model and Notation (CMMN)20 to express process knowledge, decision 
knowledge, and case knowledge.  Further, with the mapping of the CPG to BPM+, DCA quality measures can be 
applied to assess the semantic translation.  In addition to assessing the quality of a language, the authors will discuss 
how the framework assists in the identification of ambiguity & omissions and supports the translation from one 
language to another. 
 
In September 2019 the Business Process Management for Health (BPM+ Health) initiative was officially established 
under the auspices of the Object Management Group (OMG).  OMG is an international, cross-industry standards 
development organization who standards include the Unified Modeling Language (UML)21, BPMN, DMN, and 
CMMN.  The primary charter of BPM+ is to establish a knowledge ecosystem focused on improving national and 
international health by leveraging open and available industry standards for the disambiguated and concise 
representation of clinical knowledge.  Several of the authors were intimately involved in the development of these 
standards and with establishing BPM+ 
Health; Dr. Soley is CEO of OMG, Mr. 
Lario was an OMG Board member for 
over 10 years, co-chairs OMG 
Healthcare, and is Director of 
Methodologies and Standards at BPM+ 
Health, Dr. Kawamoto is also a Board 
Member of the collaborating Health 
Level Seven International standards 
development organization, and Dr. 
White is a co-author of BPMN and 
contributed to CMMN and DMN. 
  
Here the authors describe a framework 
and methods for systematically 
deconstructing a clinical practice 
guideline and the re-rendering of the 
clinical knowledge utilizing the 
existing standards within BPM+ 
Health.  The authors explore the 

Figure 1. Conceptual Construct Framework 
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efficacy of the OMG’s BPM+ family of languages to express process, event and decision clinical knowledge as a 
means to facilitate a standards-based expression of clear and disambiguated clinical knowledge.22  The proposed 
framework: 1) utilizes the strengths of conceptual and meta-modeling for the classification of knowledge constituents 
in a CPG,  2) facilitates rendering of these constituents in BPM+, and 3) enables the assessment of the CPG and 
BPM+’s DCA.23  To this end, we introduce and utilize a construct-concept framework and OMG’s meta-knowledge 
levels to manage the separation of concerns between knowledge types, mappings, and levels for the deconstruct and 
rendering of clinical knowledge in BPM+ languages.24,25  This framework provides a repeatable systematic method 
for semantically grounding the knowledge constructs.26  As part of the methodology, the authors utilize Guizzardi 
construct-concept framework to establish the CPG authors’ conceptual knowledge (Figure 1. Conceptual Construct 
Framework).27  Finally, the authors combine the framework with meta-knowledge levels to manage the separation of 
concerns (SOC) between languages and knowledge types.28,29 This pattern underpins the identification and partitioning 
of the clinical knowledge into the modeling languages used by the CPG authors and the transformation of the CPG 
language(s) constructs into the BPM+ representation. 

Methods 

The American College of Obstetricians and Gynecologists’ (ACOG) “Assessment and Treatment of Pregnant Women 
With Suspected or Confirmed Influenza” was selected to provide a focused and clinically accepted body of clinical 
knowledge for the evaluation of the framework and BPM+ methods.30  In order to successfully model this CPG, we 
needed a conceptual framework for making sure that the clinical concepts and processes of evidence-based medicine 
(EBM), as represented in the narrative CPG, would be accurately translated into the model. Guizzardi has expressed 
a framework for construct mapping that describes the separation and interrelationships of modeling languages, clinical 
concepts, EBM  in general, and the specific instance of a CPG.31  The fidelity of the CPG created depends on the 
“fitness” and DCA of the modeling language to represent the conceptualizations held by the authors and the ability of 
the authors to transform their concepts into the target modeling language constructs.32 

Clinical knowledge present in a CPG consists of rules, situational data, sequence of actions, complex decisions, 
directives, and event definitions.33  Addressing the complexities found in clinical knowledge, the criteria or principles 
of the partitions should be applied to the viewpoints of the types of knowledge present.34,35  Once the partition types 
are identified, the selection and application of the appropriate modeling language can be identified.36  It has been 
shown in the literature that a CPG contains models of declarative and/or imperative knowledge.37  The declarative 
knowledge can be broken down into situational data, rules, semantics, and event-condition-action (ECA) knowledge.  
Imperative knowledge within a CPG conveys process, sequencing, and temporal constraints.  In this paper, we 
demonstrate the alignment and coverage of these knowledge types with the BPM+ family of modeling languages. 

There are many factors that can impact the quality of the CPG.38, including the quality of the underpinning study or 
trial, the domain knowledge of the authors, and their methods for articulating the CPG. A reader of a CPG assesses 
the constructs in the CPG and creates their own respective construct-concept tuple bindings (their understanding).  
Potential misunderstandings can result if the reader and the author do not share the same conceptual space or language 
construct-concept bindings.  In addition, the quality of the CPG is directly impacted by the (modeling) language’s 
suitability to represent the conceptual domain of the CPG.23  The CPG  authors’ ability to articulate clinical 
recommendations and the readers' comprehension thereof is a product of the modeling languages’ DCA.  Whereas the 
readers’ understanding is hampered by the presence of DCA deficiencies’ construct overload, construct excess, 
construct redundancy and/or construct deficit.  These factors point to ambiguity and omissions by the CPG authors.39   
At best they lead to wasted resources and poor quality of care, at worst they lead to patient harm.40,41 

By using this conceptual framework, we had our process for translating the ACOG CPG into BPM+. This consisted 
of 3 major activities: 1) CPG Language and Construct Identification and Deconstruction, 2) Language Construct-
Concept binding, and 3) BPM+ Concept-Construct binding and BMP+ rendering. 

Language and Construct Identification and Deconstruction.  Harnad’s “Category Induction and Representation” 
framework was loosely used to guide and direct the identification of respective modeling languages present in the 
CPG.42,43  We further used Barsalou’s perspective system to identify the modeling languages’ Color, Graphical 
(Spatial), and Natural Language in the ACOG CPG.44  These systems were reviewed with ACOG clinicians for clarity 
and served as the major categories for delineation and categorization of the respective modeling language constructs.  
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Initially, the authors inventoried all the constructs for each of the modeling languages present in the CPG, treating 
each construct occurrence as unique within its context.  This inventory was reviewed with ACOG clinicians to ensure 
completeness and coverage of the constructs present in the CPG.  207 language constructs, for example, ‘Red’, 
‘Cough’, and ‘Box’ were identified across the three modeling languages (Color, Natural Language, Graphical) as 
previously identified. 

Language Construct-Concept binding.  The medical ontologies RxNorm45, SNOMED46, and LOINC47 were used 
to bind each identified language construct to a reference terminology for example (‘Red’, 103391001 |Urgency 
(qualifier value)) and (‘Cough’, 49727002 |Cough (finding)),  creating a collection of construct-concept tuples 
representing the CPG authors’ conceptualization of the CPG. 

During the first phase of binding, a preliminary candidate list of construct-concept binding to SNOMED, LOINC, and 
RxNorm was created.  Subsequently, each construct-concept tuple was subjectively reviewed with clinicians for the 
construct-concept tuples’ relative atomicity and decomposability within its respective frame of discernment.48  Once 
the entire construct-binding process was completed and approved the tuples were reviewed and further classified as 
either an Activity (Observing, Intervening, Assessing), Rule, Flow, or Finding.  The graphic constructs (boxes and 
arrows) that are spatially oriented across the page within the CPG were reviewed with clinicians to determine the 
constructs’ purpose and their clinical significance.  It was agreed that boxes as a construct would be bound to the 
initial high-level SNOMED concept ‘71388002 |Procedure (procedure)’ and arrows as a constraint of the sequencing 
of procedures.  The activity that is the source of the arrow must be completed before the activity that is the target of 
the arrow can be performed; semantically this is a dependency that the second activity has that the first activity is 
completed.  

cOne method identified in the CPG was to express clinical recommendations through the combination of graphical 
boxes containing simple statements such as “cough” or “runny nose”.  It is left to the reader to infer that these are 
potential findings as a result of engaging in some observations.  In addition, the exact observations and range of 
potential values and findings for each clinical observation is also left for the reader to infer.  Further investigation 
during the construct-concept binding phase review with clinicians revealed that the boxes were also meant to 
communicate the activity of assessment.  During the interviews with clinicians, it was ascertained that the boxes 

represented a collection of complex 
construct-concept tuples.  The squared 
boxes in the CPG and their respective 
content were meant to communicate that 
the task of making an Observation(s) was 
to be performed by the clinician and a 
value recorded (examples of construct 
deficit and overload).  Further, a clinical 
rule is applied to the observation and 
respective values to be assessed asserting 
a new clinical Finding(s).  These findings, 
in tandem with the implied observation(s), 
can be aggregated into a compound 
observation. Where this compound 
observation is then Assessed using a rule 
or clinical algorithm creating yet another 

new finding.  Based upon this new finding, the CPG Branched accordingly progressing to the next procedure of either 
making a new observation or performing an Intervention.  This pattern continues to repeat: Observations that are 
Assessed resulting in Findings followed by a respective Branch inflow into either a subsequent Intervention or 
Observation (Figure 2. Observation Assessment Finding (OAF) Pattern).  

Next, we assessed the tuples for missing elements using the aforementioned pattern to infer potentially missing 
constructs and their respective concepts.  This stage of knowledge explication was supported by the fact that SNOMED 
explicitly contains upper concepts “363787002 |Observable entity (observable entity)” and “404684003 |Clinical 
finding (finding)” and LOINC with Clinical and Lab Observation tuples.  As such, constructs bound to concepts 
subsumed by these upper concepts can be explicitly classified as an Observation or Finding.  For example, the 
construct ‘Fever’ which was bound to the SNOMED concept “386661006 |Fever (finding)” is a construct-finding 

Figure 2. Observation Assessment Finding (OAF) Pattern 
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tuple.  The pattern highlights that the clinical knowledge of an observation-bound-construct is always conceptually 
paired with a finding-construct in a CPG.  As such, the presence of a finding or observation construct not paired with 
an explicit conjugate implies that a construct is missing.  Applying this to our list of (construct, concept) finding tuples, 
the conjugate construct-concept observations were delineated and added.  For example, the presence of the (Fever, 
386661006 Finding) resulted in the tuple (“What is the patient’s temperature?”, 8310-5 Body temperature) being 
added.  Further, the presence of an observation-find pair implies the task of making the observation.  As such, (Task, 
268984004 |Examination of fever (procedure)) was added.  This step added 38 new construct-concept tuples not 
explicitly stated in the CPG. 

BPM+ Concept-Construct binding and BMP+ rendering.  BPM+ languages contain visual constructs (Box, Arrow, 
Diamond, etc.) that are bound to concepts in the conceptual spaces Process (Task, Sequence, Gate, etc.), Decisions, 
and Case.  For example, the rounded rectangle graphical symbol is bound to the concept ‘Task’ in the BPMN 
Specification creating the construct-concept pair (Box, Task).  Since each modeling language defines its respective 
construct-conceptual tuples space, the regions where these conceptual spaces overlap provide integration or conceptual 
bridging between modeling languages construct-concept tuples. These relations can be used to help direct how 
construct-bindings inventoried earlier materialize in BPM+ tuples.  For example, the concept ‘Task’ is shared between 
BPMN and CMMN and subsumes the concept ‘71388002 |Procedure’ in SNOMED.  As such, the tuple (12 Week 
Check up, 169712008 |Antenatal 12 weeks examination) is subsumed by the tuple (Box, Task) and the construct “12 
Week Check up” materializes in a BPMN model as Box (See figure Language and Specification Meta Levels). 

To further manage and level the construct-concept tuples the authors utilized Floridi’s Gradient of Abstraction (GoA) 
and OMG’s Meta modeling framework.28,49  Relying on GoA, the authors stratified the (construct, concept) tuples and 

(concept) into Meta-Meta (M2) and 
Meta (M1) layers.  Where M2 is the 
family of construct-concept relation 
and concept tuples for the modeling 
languages specification (BPMN, 
CMMN, DMN, SNOMED, LOINC, 
RxNORM, etc.),  M1 contains the 
(construct, concept) tuple space for 
expressing medical knowledge 
utilizing M2 Language tuples.  For 
example, the (Box, Task) tuple as 
defined at M2 in BPMN language can 
be used to express the task of 
performing a ’12 week checkup’ at M1 
as the tuples (Box, 169712008 

|Antenatal 12 weeks examination) and 
(12 Week Check up, 169712008 

|Antenatal 12 weeks examination), and level M0 is the instance of M1 for the specific patient Avery Drew. (Figure 3. 
Language and Specification Meta Levels).  

Using these methods, the authors then reviewed the inventory of M1 clinical construct-concept tuples, adding the 
corresponding M1 tuples derived from the construct-concept tuples in BPMN, CMMN, and DMN.  Ensuring that this 
new list of BPM+ tuples had a one-to-one mapping to the CPG clinical tuples verified that the CPG authors' clinical 
guidance was accurately and completely captured and expressed in the new BPM+ models. 

Results 
Our analysis of the CPG yielded 245 constructs that were distilled into 185 construct-concept pairs capturing 4 major 
and 34 minor Observation-Finding assessments. These construct-concept pairs were mapped into BPM+ resulted in 1 
overarching process model (Figure 2. Influenza Process Model), 4 case models (Figure 3. Clinical Respiratory 
Observations Case Model)  and 4 decision models.  The model consisted of 48 Tasks, 6 gateways, and 42 distinct 

Figure 3. Language and Specification Meta Levels 
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rules in a DMN model. Applying our methods for parsing the CPG to develop corresponding BPM+ tuples exposed 
weaknesses in the original CPG. First, the authors found omissions (construct deficit) in clinical knowledge as 

elucidated by the missing conjugates in the Observation-Finding pairs.  Further, the authors found instances where the 
same construct implied two different concepts (construct overload) or multiple constructs implied the same concept 
(construct redundancy). For example, the constructs expressing respiratory findings are considered at several points 
in CPG flow.  At two points in the process, the construct “Difficulty breathing or shortness of breath” is used, perhaps 
with a different semantic meaning (subjective vs. objective). Later, the construct “respiratory compromise or 
complications” is also used. The intent of the CPG authors was unclear with respect to the differences between the 
phrases "Difficulty breathing or shortness of breath", "Does she have difficulty breathing or shortness of breath?" and 
"respiratory compromise or complications".  If they are semantically equivalent, then they should not need to be 
repeatedly expressed nor repeated with different constructs (construct redundancy). If they are semantically different, 
then “Respiratory Compromise” bound to an appropriate finding concept such as (267036007 |Dyspnea (finding|) 
which then predicates a different Observation, perhaps LOINC’s (86675-6  Shortness of breath in last 7 days).  The 
mapping of multiple concepts to a single construct in the CPG is a manifestation of “construct overload” and leads to 
ambiguity.50  It is potentially the result of “construct deficit” where there is a lack of language constructs to express 
the desired clinical concept adequately.  As a result, the CPG’s authors use near or like constructs to remediate the 
missing construct-concept tuple.  In both cases, construct deficit and construct overload promotes potential ambiguity 
for the reader.51 

Another important challenge we identified was the ambiguity of concepts.  For example, the concept "Obstetric issues 
(eg, preterm labor)" in the CPG was found to be ambiguous.  Is this concept to mean there is a history of obstetric 
issues in prior pregnancies? Is it specific to the current pregnancy having premature labor, or just generalized issues 
(False labor, other obstetrical issues)?  Our conclusion was that the concept was to mean Premature labor, and was 
coded as "289733005|Premature uterine contraction (finding)".  Misinterpretation of this concept could lead to 
inappropriate application of the guideline and its erroneous implementation within a CDS system. 

Summary of Findings. We have demonstrated a method to translate a CPG, explicitly and clearly articulate care 
processes, decisions and the supporting clinical data, and integrate these parts into a functional application. The 
method provides an integrated means to clearly and pedantically describe the clinical information.  The resulting 
application was semantically clear, complete and unequivocal. Providing such a method will not only improve quality 
of care and reduce errors, but will also make the guideline more shareable, verifiable for completeness and accuracy, 
maintainable as the supporting clinical knowledge evolves, and potentially directly operational. 

Figure 4. Influenza Process Model 
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23 construct-concept pairs did not readily map into the existing BPM+ languages. For example, the tuples (ACOG 
Authors, 37920003 |Author (occupation)) and (Date of Publication, 410671006 |Date (attribute)) in the CPG were 
deemed to convey meta-knowledge about the creation of the CPG, not clinical knowledge.  Therefore these tuples 
were excluded from the final BPM+ models.  Where BPM+ provided the appropriate Process, Case and Decision 
constructs, some tuples were either difficult or not possible to clearly express.   For example, the authors found it 
difficult to express a consistent data model across the three languages due to differences in how data is defined and 
utilized by those languages.  Complex data patterns, for example, expressing medical orders such as ‘Oseltamivir 
(Preferred) 75-MG PO Twice per day for 5 days’ as a (423880009 |Medication coordination/ordering surveillance 
(regime/therapy)) were difficult to express with clear construct-concept tuples.  In addition, the authors identified, 
albeit abstract, a collection of implied construct-concepts tuples concerning the organization and packaging of the 
knowledge in the CPG.  Further, although not explicitly expressed in the CPG, construct-concept tuples regarding 
quality measures and the physical environment under which the CPG was to be considered and applied were identified 
during interviews with ACOG clinicians.  What are the required qualifications, for example (442867008 |Respiratory 
therapist (occupation)|) of the care providers and what physical setting should the CPG be implemented?  Is (39216000 
|School infirmary (environment)) an appropriate setting for the delivery of care for the CPG?  How should the delivery 
of the CPG be measured?  Although not supported by BPM+, the authors believe these are important concepts 
requiring new languages that would impact comprehensibility, uptake, and confidence of users of a CPG. 

Translating CPGs into artifacts that can be consumed by various platforms and generate identical outputs over a range 
of clinical scenarios is an important component of CDS development.  Delivering quality care and being able to 
measure that quality is essential to improving value in our healthcare system.  Having a way to bridge the gap between 
coders and clinicians, and generate artifacts that can be consumed by vendors is an important advancement. This 
project demonstrated that BPM+ can 
be used to describe CPG content with 
clarity and consistency that is a 
dramatic improvement over existing 
methods. Further, these methods 
have computation semantics, as such 
the model can be validated, tested 
and executed.  

BPM+ languages are supported by 
well-defined semantics and 
supporting documentation, as 
opposed to the variety of custom-
drawn flowcharts that are typical of 
current CPGs. Thus, the authors 
found that once learned by Clinicians 
and SMEs, all BPM+ models applied 
to CPGs were readily 
understandable. 

As a result of this effort, we identified specific areas where the CPG could be improved. Clarity surrounding both the 
constructs (Obstetrical Issues, Respiratory compromise) and process flow (When to send the patient emergently to the 
hospital) were identified and sent back to ACOG for consideration in their ongoing process of CPG revisions. 

Discussion 

While much attention has been paid to the methods and standards for the development of CPGs,  there has not been 
as much effort to standardize the specific content and format of the CPG itself.  The "Standards for Developing 
Trustworthy Clinical Practices Guidelines" Standard 6 Articulation of Recommendations states, "Recommendations 
should be articulated in a standardized form detailing precisely what the recommended action is, and under what 
circumstances it should be performed".  Further, it states that "Strong recommendations should be worded so that 
compliance with the recommendation(s) can be evaluated."(2)  However, there is no standardized format for 
representing this clinical knowledge in a clear, unambiguous, reproducible and actionable manner.  As our analysis 

Figure 5. Clinical Respiratory OAF Case Model 

693



exemplifies, semantic ambiguity and logical errors may hamper correct implementation of a guideline, but modeling 
them with this process can expose those gaps. Complex and nuanced concepts that are not adequately explicated 
potentially reduces the appropriate application of the CPG and potentially could lead to harm.52  All paths, workflow, 
and decisions should be explicitly stated.53 This would of course preferably be done by creating CPG authors, prior to 
the guideline being published.  

With the goal of promoting quality of care through the standardization of delivery, continuity, and coordination of 
care, it has been shown that CPG can improve consistency in delivery and improve clinical outcomes for patients.54,55  
However, there are many factors that can contribute to the ‘quality’ of a CPG, which can impact their uptake, delivery, 
and use by the healthcare community.16  One such factor is the quality (domain appropriateness and comprehensibility 
appropriateness) of the language(s) used by the CPG’s authors to express the clinical recommendations.39,56  We define 
quality as the ability to completely, soundly, clearly, concisely, and unambiguously express a clinical recommendation 
in such a way as the reader fully comprehends the articulate knowledge without the CPG authors’ intervention or 
remediation. The quality of the language underpins the level of semantic interoperability between CPG and a reader’s 
comprehension.57   

Future Direction. Several issues were encountered in the development of the BPM+ models.  First, although the three 
methods were jointly developed under the OMG’s Business Modeling & Integration (BMI) Domain Task Force 
(DTF), they are not fully integrated nor do they share a consistent common underlying meta-model in the treatment 
of data for example.  It’s the authors’ opinion that the OMG should engage in a harmonization effort to address the 
weak integration of the treatment of data across the existing methods. 

Further, the existing methods do not provide a standard mechanism for associating clinical concepts to the BPM+ 
modeling constructs (terminology binding).  For example, a task could be added to our model expressing the medical 
activity of an “Exam of 7 Month old”, but there is no clear way to explicitly bind our BPMN User Task to the clinical 
concept “170309003 |Child 7-month exam (procedure)” in SNOMED directly in the model; the BPMN specification 
meta-model does not account for semantic binding.  It is the authors’ opinion that remediating the BPM+ languages 
at their M2 specification is required and would be of significant value. 

The authors found that the existing family of BPM+ modeling languages provide extensive coverage of CPG 
construct-concept tuples when expressing Process, Decision, and Case clinical concepts.  However, in some cases the 
authors found it challenging to associate some construct-concept tuples utilizing the existing BPM+ languages.  
Beyond BPM+, the authors found that there was a natural cohesion and grouping of these outlying tuples into three 
logical groups.  Relying on the SOC principal, the authors identified these groups as Knowledge Packaging (KP) 
constructs, Pedigree and Providence (PP) constructs, and Situation Data (SD) constructs.  Constructs that addressed 
meta-data about “when”, “where” and “how” the CPG should be used were classified KP constructs.  Constructs 
associated with the CPG authors, document version, metadata concerning supporting clinical evidence that underpins 
the CPG and the creation of the CPG were classified as PP constructs.  Although the existing BPM+ standards offered 
support for the articulation of assertional data, it was deemed that a richer integrated meta-model for expressing the 
data utilized or created in the BPM+ models is required.  Constructs that fell into this latter category were classified 
as SD constructs.  It is the author’s position that these three categories predicated the need for new modeling languages 
and encourage future development, extending the BPM+ family of standards accordingly.  

Further, the Observation-Intervention pattern identified should be integrated at the M3 level in these new emerging 
modeling languages to include constructs such as Effects, Goals, and Measures.  Presently, these constructs are not 
available, and it is the authors’ opinion that unnecessary effort was required to express these medical concepts in the 
BPM+ model.  Finally, the framework utilized to deconstruct and reconstruct the BPM+ models provides the 
foundation for systematically and quantitatively assessing the quality of the modeling languages.58,59  The domain and 
comprehensibility appropriateness of a modeling language, for example, FHIR can be assessed for its efficacy to 
express clinical knowledge.60,61 

Conclusion 

Using BPM+ and the described methodology and framework to describe a CPG provides a standardized, shareable, 
computable artifact that leaves little room for misinterpretation or ambiguity.  To improve the representation and reuse 
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of clinical knowledge within CPGs, the authors recommend the use of BPMN, DMN, and CMMN as a standard way 
to represent a process, decision and case knowledge in clinical practice guidelines.  These standards provide a unified 
means of describing clinical processes in a clear and precise manner.  They provide a graphical representation to 
improve communication and understandability for all stakeholders involved in creating, reviewing, using and 
implementation of CPGs.  CPG authors and subject matter experts (SME) can use the same tools as the software 
engineers tasked with integrating the CPGs into functional applications. If vendors and application developers also 
agree to accept this format as a standard, then CPGs will be able to be incorporated into various platforms in a 
standardized way, which can hopefully result in higher quality care. 
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Abstract 

Due to the global spreading of the COVID-19 virus, countries all over the world are faced with the need to conduct 
centralized quarantine or home quarantine for "persons who have been in contact with individuals diagnosed with 
the COVID-19 virus" and "visitors who have travel histories via COVID-19 hot zones". We have presented the 
community home quarantine service platform design that was utilized in Nanjing, China when the first wave of 
citizens returns to work after the Chinese New Year holidays on 10th Feb 2020.  

The main functions of the home quarantine monitoring system include (1) community grid management,(2) GPS 
positioning application in home isolation movement management,(3) Bluetooth body temperature patch data 
transmission integration, (4) health assessment scale (physical and mental health state) and (5) multilingual 
language options. 

Introduction 

It is well established at present that the COVID-19 virus is highly contagious1, 2, 3 and rapidly spreading due to fast 
moving global traffic via close contact between humans4, 5. Regions with either severe community transmission or 
the presence of strict pandemic prevention measures can focus on the reduction or minimization of human contact to 
reduce the risk of widespread community transmission in addition to the present procedure of movement tracking of 
confirmed cases6. The most common method currently being used is either thru quarantine or self-monitoring for 
fourteen days after returning from affected regions7, 8. 

Centralized quarantine is the most convenient community transmission prevention management method but it may 
not be practical in some scenarios. Home quarantine is at present the most common method but the immediacy and 
reliability of monitoring and management are vulnerable to breaches resulting in loopholes in the prevention of 
community transmission. 

Our main goal of this study is to establish a Real-time Responsible Home Quarantine and Monitoring Management 
Service which is able to reliably and efficiently manage thousands of quarantined individuals without them being in 
direct contact with our monitoring management personnel. Taking into consideration of area size and number of 
quarantined individuals, this monitoring and management system should adopt a hierarchical approach with 
correspondingly supervisory staff responsible for each level. 

The scope of responsibilities for monitoring personnel includes (1) enforcement actions on breaching quarantine 
restrictions in accordance with local laws9, 10; (2) detection of higher than normal body temperatures (although 
COVID-19 carriers may not always exhibit fever symptoms, it is of the utmost importance to pay special attention to 
quarantined individuals who might have come down with fever); (3) the mental health of quarantined individuals 
after a prolonged period of quarantine may have been affected so it is important to monitor their behavior in order to 
provide timely care and assistance when necessary11, 12. 

In major cities around the world where human traffic consists of a very diverse and multinational population, it is 
essential that services are available in multiple languages catering to different nationalities to effectively monitor 
and manage quarantined individuals to prevent loopholes in the pandemic prevention system. 
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A cross-platform Mobile Application taking into consideration the above factors could be designed to provide to the 
public with convenient access to self-monitoring and management via Bluetooth capable smart phones on both the 
Android or iOS platforms. The smart phone integrated with a personal temperature monitoring patch connected via 
Bluetooth would then interact with the App to transmit real time data and temperature warnings to supervisors and 
the establishment of a web management system for local first responders providing for a Real-time Responsible 
Home Quarantine and Monitoring Management mHealth Platform. 

Design 

The technology being utilized on this platform includes (1) HTML5 which is currently the most popular 
cross-platform Web App development technology; (2) Geolocation which utilizes the GPS capabilities of smart 
phones and online mapping API services for real time location positioning; (3) Bluetooth Low Energy (BLE) 
transmits measurement information between the body temperature patch and the phone and (4) Node.js is Server site 
JavaScript technology which is being used to build Web Services for the entire platform. 

Grid Management of Hierarchical Administrative Regions 

Diverse regions around the world have different levels of local administrative boundaries and different scope 
coverage of their respective administrative area. Therefore, our design considers a hierarchical management 
structural approach with multiple administrative affairs systems in the administrative region hierarchy with the 
specific location as the key factor. Taking for example the coverage of this platform, our first level of administrative 
management system is the civil administration system. There are six levels of coverage in a city. The second 
administrative management system is the system of the police force. It has seven levels of coverage in a city. These 
two different administrative systems (2 Trees) are both able to monitor in real-time the status of individuals under 
home quarantine and receive warning notifications in this tree structure and provide first response or follow up 
actions in accordance with their respective unit roles. 

In terms of system design, the most basic management unit of the platform is the individual with the home 
quarantined individual being regarded as the leaf node, which is the bottommost administrative unit connected to the 
system. The interpretation in abstract is that there is only one Organization Resource (refer to HL7 FHIR 
Organization Resource13), which can then be flexibly applied to represent a tree-like organization structure 
regardless of the amount of hierarchical layers. 

In the actual application of this platform, the bottommost administrative personnel (referred to locally as either the 
grid administrator or the community police) will be responsible for front-line operations such as the status 
monitoring, intervention during detection of abnormalities and basic necessities of quarantined individuals under 
their jurisdiction. Platform services can ensure that the essential data of quarantined individual can be effectively 
shared and managed while preventing any face to face contact between our front-line personnel and the quarantine 
individuals. 

The service platform overview features 

The platform service is mainly composed of the Client App at the end of the individual under home quarantine and 
the Monitor Dashboard App on the end of the management personnel. Management personnel of all hierarchical 
levels log in to the same Monitor Dashboard App but the range of data available to them varies according to their 
clearance levels. User Interface Exploded view is shown in Figure 1 and detailed system functions are shown in 
Table 1. 

The main functional module blocks of the Client App on the top displays the grassroots management unit to which 
the monitoring staff belongs to. The right side displays the current status of the Bluetooth body temperature patch 
device in color while the orange block displays the main aspects of the quarantined individual’s status summary 
including (1) name, (2) temperature, (3) number of days under quarantine, (4) physical and mental state indicators 
and (5) location of the quarantined individual. 

The main function menus of the Monitor Dashboard App are on the left, from top to bottom accordingly (1) the list 
of monitoring personnel and their detailed status data, (2) GPS footprint tracking and query, (3) data export 
procedures, (4) bulletin maintenance management, (5) abnormalities warning notification lists and (6)requests 
handled during home quarantine. 
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Figure 1. User interface exploded view. 

Table 1. System function list. 

1. Home Quarantine Client App (HTML5 cross platform App) 

 1.1 Status summary, including: A) current body temperature, B) isolation days, C) body status, D) mental status 

 1.2 Bluetooth body temperature patch using guide 

 1.3 Bluetooth body temperature patch connection status 

 1.4 Contact history 

 1.5 Support needs message 

 1.6 Health instruction and education 

 1.7 Medication reminder (on demand) 

 1.8 Food and drink record (on demand) 

 1.9 Sport record (on demand) 

 1.10 Vital sign record 

 1.11 Physical and mental health questionnaire 

 1.12 Progress note of quarantine 

 1.13 Government declarations of epidemic prevention 

 1.14 GPS trace history 

 1.15 Home location setting 

2. Monitoring and Management Web App 

 2.1 Quarantined list of hierarchical grid management 

 2.2 GPS location monitoring of grid manager 

 2.3 Quarantined list import and export 

 2.4 Government declarations and health instruction maintenance 

 2.5 Quarantined individual location alert list 

 2.6 Support demand message management 
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Geolocation & Period Care Questionnaire  

All platform users would have the Client App installed on their smartphones. The individual under quarantine must 
first set the home GPS location of his home quarantine address upon first login to the Client App. The GPS function 
on the smartphone would then be used in conjunction with the Web API Service periodically collecting the 
geographic location data (Geolocation) of the quarantined individual and proceeding to gauge the relative distance 
from the home location to the quarantined individual’s actual location. If this relative distance exceeds a certain 
threshold, the Client App would generate a warning event notification to the first responders via SMS text message 
and management Web App for intervention and follow up. Other units higher up the hierarchical chain of command 
would also be able to receive real-time event notifications and updates of all home-quarantined individuals in via the 
management web app in accordance with their area of responsibility and coverage. 

During designated intervals, a "Caring Notice" questionnaire will also automatically pop up on the Client App. This 
designated time interval can be preset according to region preferences. This questionnaire will monitor the basic 
health status of the quarantined individuals for example whether they are unwell and/or if they are having adequate 
sleep and meals. At the conclusion of the questionnaire, the quarantined individuals are also required to upload live 
photos to ensure that the operation of the Client App is being done by the quarantine individual or assisted by an 
approved family member. In the event the questionnaire is not being responded to within a stipulated period of time, 
a non-responsive event notification would then be generated to remind the front-line management service personnel 
to intervene and provide follow up response. 

This platform’s Geolocation Web API Service utilizes the Baidu Map JavaScript API which technicality wise 
provides GPS, WiFi, and base station fusion positioning. Under acceptable GPS signal strengths, the positioning 
margin of error is under 10 meters or lower. In other parts of the world, there are also other Geolocation Web API 
Services available and one such example would be Google Map. 

Our platform combines these two mechanisms to ensure reliable real-time location pinpointing of individuals under 
home quarantine and ensuring that front-line management service personnel can effectively respond to both the 
needs of these individuals and also to any emerging scenarios. User Workflow is shown in Table 2. 

Table 2. User Workflow of Geolocation Monitoring & Care Questionnaire. 
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Real-time Body Temperature Monitoring with Smart Thermometer Patch 

Individuals deem to require home quarantine is usually people with contact history with diagnosed patients or with 
prior travel history to affected areas. For individuals who are not currently exhibiting any obvious symptoms, the 
most clear physiological indication at this stage is body temperature14, 15. 

The measurement of body temperature via wearable measuring devices has matured as a technology in recent years. 
Measuring of body temperature can be continuously done via a small (28 mm * 26 mm * 3.5 mm, 3g weight) 
rechargeable body temperature patch without impacting the user from going about his daily activities. Body 
temperature data can be collected in real time from the patch to a smartphone through BLE transmission and then 
synchronized by the Client App to the Web App via the platform management eliminating errors often caused by 
oral or artificial recordings. 

The body temperature patch used on this platform is a CE certified commercially available product with a 
measurement accuracy threshold of within +/- 0.05 ° C. Additionally, the patch itself is both waterproof and 
dustproof with coefficient standard of IP 34. The patch is attached to the left armpit of the human body to directly 
measure the core temperature of the human body.The system design records and stores (Archive) an individual’s 
body temperature data via a user account and can also support the use of multiple user accounts on a single 
smartphones (such as for the co-monitoring for parents and their children). 

Physical and Mental Health State Assessment  

After a prolonged period of isolation while under home quarantine, individuals may experience deterioration in both 
their physical or psychological states. Based on the principle of minimizing contact with, this platform utilizes a 
daily questionnaire for the purpose of self-assessment. Due to the fact that quarantined individuals do not have a 
trained medical professional at their side to assist them, the primary focus on the design of this questionnaire is to be 
as simple, speedy and straight to the point as possible. We developed two questionnaires Table 3 COVID-19 
Symptom Assessment, that includes dyspnea or shortness of breath, coughing, fever, and other systemic symptoms 
of discomfort. and Table 4 A Mental State Assessment Scale, which includes signs of nervousness, distress or anger, 
depression, insomnia, and any other signs which might indicate the possible presence of self-harm16, 17. 

Frontline management service personnel can make use of the Web App to monitor the physical or psychological 
assessment results and in relation to the assessment scores, highlight warning indicator displays in colors such as 
green, yellow, orange, and red to provide for easier monitoring and tracking. If a questioner is not filled for a certain 
day, it would be highlighted in gray. Upon assessment that a quarantined individual may be experiencing signs of 
physical or mental distress, the frontline management service personnel can then decide to intervene, provide 
assistance or to refer for consultation with relevant medical professionals. 

Table 3. Simple home quarantine body status questionnaire. 

Total score range Alert Color Description 

0~1 Green Normal 

2~4 Red Suspected symptoms 

Question 1: Whole Body Condition (Multiple choice) 

0 Normal mental, appetite and sleep  1 Poor spirit, poor appetite 

Question 2: Respiration Condition (Multiple choice) 

0 No dyspnea or shortness of breath 1 Increased frequency, even breathing difficulties 

Question 3: Cough Condition (Multiple choice) 

0 Asymptomatic  1 Severe symptoms, mainly dry cough 1 Accompanied by sputum, wheezing 

Question 4: Fever Condition (Multiple choice) 

0 Asymptomatic  1 Fever within 72 hours 1 High fever more than 72 hours 
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Table 4. Simple home quarantine emotion status questionnaire. 

Total score range Alert Color Description 

0~5 Green In a good mood. 

6~9 Yellow Mild emotional distress, emotional support is recommended. 

10~14 Orange Moderate emotional trauma, referral to psychiatric treatment or professional 
consultation is recommended. 

15~24 Red Severe emotional distress, referral to psychiatric treatment or professional 
consultation. 

Question 1: Feeling nervous (Multiple choice) 

0 Absolutely not 1 Slight 2 Moderate 3 Severe 4 Very serious 

Question 2: Feeling easily upset or angry (Multiple choice) 

0 Absolutely not 1 Slight 2 Moderate 3 Severe 4 Very serious 

Question 3: Feeling depressed (Multiple choice) 

0 Absolutely not 1 Slight 2 Moderate 3 Severe 4 Very serious 

Question 4: Feel inferior to others (Multiple choice) 

0 Absolutely not 1 Slight 2 Moderate 3 Severe 4 Very serious 

Question 5: Difficulty sleeping, such as difficulty falling asleep, waking up early (Multiple choice) 

0 Absolutely not 1 Slight 2 Moderate 3 Severe 4 Very serious 

Question 6: Have suicidal thoughts (Multiple choice) 

0 Absolutely not 1 Slight 2 Moderate 3 Severe 4 Very serious 

 

Multilingual with Internationalization(i18n) Locale  

Presently with the worsening status in the global COVID-19 pandemic spreading, regulations are being put in place 
to home quarantine individuals for a period of 14 days if they have travel history from designated affected areas. 
Regardless of whether these individuals are exhibiting any possible health symptoms, they must first complete the 
14 days quarantine either at home or at a designated quarantine facility before they can resume their daily activities. 
This situation will inevitably evolve into a universal regulatory norm as the number of confirmed COVID-19 cases 
continues to rise globally. Ensuring that our Home Quarantine and Management Service Platform’s availability in 
multiple languages is thus essential in effective epidemic prevention management. 

The system design provides the option to switch languages at the Client App’s login screen and upon selection of a 
particular language, all subsequent related service content is presented in that language including all the options of 
the daily care notice questionnaire and the physical and mental state assessment scale. On the management end, Web 
App front-line management service personnel can still monitor and manage quarantined individuals in their own 
local language setting without being affected by the language preference settings of the latter. 

Internationalization is technically set by locale information based on a specific geographic, political or cultural 
region. Locale information can also be in the form of a language code and an optional country code. The language 
encoding is defined by ISO-639 (Codes for the representation of names of languages), which is represented by two 
lowercase letters, such as "ko" for Korean and "zh" for Chinese. Region codes are represented by two capital letters 
and are defined in ISO-3166 (Codes for the representation of names of countries and their subdivisions), such as IT 
for Italy and TW for Taiwan. A part of the language comparison table is shown in Table 5. 
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Table 5. Partial multilingual (include: English, Chinese, Japanese and Korean) comparison table. 

 

Result 

The basic properties of the platform user 

The current online platform has an administrative population of about 260,000. The smallest level of administrative 
(Grid Node) unit is 267 and the platform is currently being utilized by three groups of users: (1) home quarantine 
individuals, (2) administrative system managers and (3) police force system managers. This platform has been in use 
since 9th Feb 2020 and as of 16th March 2020, there were a total of 2,088 users broken down into 779 home 
quarantined individuals and 1,139 administrative system management personnel of which 983 are frontline 
management service personnel while the balance 170 are personnel from the police force. 

The distribution according to gender and age of the home quarantine individuals is shown in Table 6. 10.91% of the 
age distribution profile is made up of children and minors under the age of 20, 87.16% consists of adults between 20 
and 65 years old and the remaining 1.93% are senior citizens over the age of 65. 

Table 6. Gender and age distribution of home quarantine cases. (n=779) 

Variable n % 

Gender 

  Male  419 53.79% 

  Female  360 46.21% 

Age 

0~10 y 31 3.98% 41~50 y 144 18.49% 

11~20 y 54 6.93% 51~60 y 61 7.83% 

21~30 y 190 24.39% 61~70 y 15 1.93% 

31~40 y 274 35.17% 71~80 y 10 1.28% 

The amount of daily added home quarantine 

The amount of individuals added daily into home quarantine since the platform was launched all the way till the 
16th March 2020 is shown in Figure 2. 

The first wave of a large number of quarantined individuals appeared at the end of January and early February, and  
the second wave started at 2/10 in the first week to working. Then on 2/18, 2/25, both Tuesday of the week, showing 
that the people returned to the local area on Monday. Later, they was included in the home quarantine list at the next 
day. The number of daily added case showed a downward trend until March, and there was a small increase until 
3/14. 
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Figure 2. The detail of daily added home quarantine cases. 

The amount of location alert 

As of the 16th March 2020, the platform has been in operation for a total of 37 days monitoring a total of 779 home 
quarantine cases. A total of 88 people (11.3% of the total number of home quarantine cases) have breached the 
preset warning threshold range of leaving their home quarantine locations by exceeding more than 50 meters of the 
preset location. The total of escaping from home quarantine cases stands at 374 among this 88 people with 71 of 
them breaching quarantine for 5 times or less, 13 of them from between 6-15 times, and the other 4 for over 15 
times. 

A further breakdown of the total distance breached (or escapes) at 100 meters or less accounted for 16.87%, 300-500 
meters accounted for 69.32% and over 500 meters accounted for 13.81%. The detailed out-of-warning distribution is 
shown in Table 7. 

Table 7. The detail of location alert events. 

Total alert: 978 events Total people: 88 

Distance of 
escapes 

Events % Number of escapes Number of People 

<100m 165 16.87% Once 42 

100~300m 437 44.68% Twice 14 

300~500m 241 24.64% 3~5 times 15 

500~1000m 70 7.16% 6~10 times 6 

1000~2000m 48 4.91% 10~15 times 8 

2000~6299m 17 1.74% >15 times (max to 33) 4 

Medical and other results 

In the first week of the platform's launch, a total of 324 quarantined individuals (registered before 2/15) from 
January to early February, 15 of them (4.63%) had triggered a warning of more than 2 points in the daily physical 
condition questionnaire. Seen as suspected symptoms, referred to hospital for further testing. 

During this period, a total of 17 people asked for assistance 34 times, including 29 times for purchasing, parcel 
collection, and garbage disposal (85.3%), 3 times for physical problems, and 2 times for other problems. 

Discussion 

The zones which covered by the platform has since been announced by the local government from Monday, 10th 
Feb 2020 following the end of the Chinese New Year holidays where many would be returning to work and school 
classes would also begin. This would also mean that individuals who have visited their relatives and have travelled 
to other countries during this festive season would also be returning around this period. Some of these individuals 
have visited areas that had been announced as being affected by the COVID-19 virus during this time including the 
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Chinese cities and provinces of Hubei, Zhejiang, and Guangdong provinces and hence needed to be included in the 
home quarantine management list. 

Due to subsequent total traffic closure management measures in some cities in China, the number of returnees from 
affected provinces and cities in China has gradually decreased but there still remains the requirement for mandatory 
home quarantine for locals who have had contact with diagnosed patients. With the spread of the pandemic on a 
global scale, countries like South Korea, Japan, Iran, and Italy have all been listed as affected areas since the end of 
February. There are also a small number of individuals of various nationalities who have been entered into the 
mandatory 14 day home quarantine system upon returning to work at the end of February. 

Our actual findings of this study are established and managed 779 of home quarantined individuals over a large area. 
We estimate we can manage thousands of home quarantined individuals using only a smartphone integrated with 
administrative management system and mHealth service platform. 

Quarantine measures often involve both human rights and privacy issues and this study aims to establish and 
implement an information service procedure that can strike a fine balance between the implementation of home 
quarantine measures while safeguarding personal rights and privacy in the shortest time possible under the 
increasingly worsening development of the COVID-19 pandemic. This platform is meant to be both universally 
inclusive and viable under varying degrees of infrastructure constraints in different regions. 

Referring to other previous researches on mHealth application in a wide area and epidemic control18,19,20, this study 
shows that the use of mHealth technology can effectively and accurately grasp the status of personnel and help us 
face the challenge of COVID-19 or other infectious diseases in the future. 

It is also worthwhile to note that we did encounter problems encountered during the implementation of this system. 
This include (1) the quarantined individual is either too young or too old to be able to properly operate the basic 
functions of the Client App and hence we needed to seek the assistance of their family members, neighbors or grid 
administrators as a workaround, (2) the number of smartphones within a single household is insufficient resulting in 
the need to perform account switching on a single phone or the reliance on grassroots level administrators to provide 
an additional smartphone,(3) GPS positioning capabilities may be hampered due to either manual disabling of the 
phone’s GPS function or in the event of certain smartphone brands’ own automatic firmware updating.  

Furthermore when the individuals under mandatory quarantine attempts to intentionally breach their quarantine 
restrictions, we can only relay the information as fast as possible to first responders and rely on them to get to these 
individuals as fast as they can in order to address the breach. Temperature measurement patches should also be 
paired beforehand in scenarios whereby multiple individuals within a single household is quarantined together so 
that the Client App can detect instances whereby a user is using a wrong patch belonging to another family member.  

Lastly, non-local individuals who are being quarantine may not be familiar with local quarantine practices and 
procedures so it is essential that they be provided with a multiple language user manual to familiarize them with the 
procedures of home quarantine and what would be expected from them while under quarantine. 

The 779 users in this study were all directly assisted by the first-line government service staff of Street Office (the 
most basic official civil affairs unit in China) in Nanjing City to install this Client App on their personal 
smartphones. The software service usage agreement description includes: (1) Scope of application (2) Use of 
information (3) Information disclosure (4) Information storage and exchange (5) Information Security. Each user 
individually agrees to authorize the use of this Client App to collect, process, and apply data in compliance with 
local epidemic prevention policies and regulations. Certainly, in different countries/regions, we still need to pay 
attention to compliance with local personal data and privacy-related regulations. 

Conclusion 

With the establishment of a real-time responsible home quarantine and monitoring management mHealth platform, 
we can efficiently and accurately manage future home-based quarantine cases due to global outbreaks of pandemics 
or highly infectious diseases (such as COVID-19). 

Such a service can enable us to instantly access necessary information from quarantined individual while 
minimizing any possible intrusion into their privacy violation and avoiding face to face contact as much as possible. 
We can easily replicate and implement this system anywhere in the world with the combination of a variety of 
proven and popular technologies such as the smartphone, Bluetooth temperature patches, Geolocation, etc. 
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Abstract  

Efforts to enhance Electronic Health Record (EHR) data for the study of conditions in which social and economic 
variables play a prominent role include linking clinical data to sources of external information via patient-specific 
geocodes. This approach is convenient, but whether geographic-area-level information from secondary sources is 
adequate as a surrogate of individual-level information is not fully understood. We used Behavioral Risk Factor 
Surveillance System (BRFSS) epidemiologic data to compare associations of individual income, median aggregate 
income, and Area Deprivation Index (ADI)—a validated score of U.S. socioeconomic deprivation—with various 
health outcomes. Median income and ADI assigned according to respondent area of residence were significantly 
associated with various health outcomes, but with substantially lower effect sizes than those of individual income. Our 
results show the limited ability of median income and ADI at the level of metropolitan/micropolitan statistical areas 
versus individual income for use as measures of socioeconomic status. 

Introduction 

Epidemiologic studies include efforts to understand the prevalence of diseases and identify associated risk factors. Via 
careful sampling designs and analyses, results from epidemiologic studies may appropriately represent distributions 
and patterns that would be observed had an underlying population been sampled in its entirety. In the United States, 
the Centers for Disease Control and Prevention (CDC) leads various observational studies to understand trends in 
health at a national level. One of these is the Behavioral Risk Factor Surveillance System (BRFSS), a yearly cross-
sectional telephone survey of adults conducted across the 50 U.S. states, the District of Columbia, and the U.S. 
territories of Guam, Puerto Rico and the Virgin Islands1,2. BRFSS goals include monitoring of health risk behavior 
and chronic health conditions among adults, and BRFSS data has been used to understand multiple conditions, 
including obesity,3 cigarette smoking,4 influenza vaccination among adults with asthma,5 sex-specific determinants of 
asthma6 and Chronic Obstructive Pulmonary Disease (COPD) emergency department visits/hospitalizations7. In recent 
years, BRFSS provides publicly available Selected Metropolitan/Micropolitan Area Risk Trends (SMART) data, 
which contains information from respondents in metropolitan/micropolitan statistical areas (MMSAs) with 
populations of at least 10,000 people, along with their MMSA of residence. 

Electronic health records (EHRs) provide a rich source of information that is increasingly used for secondary purposes, 
including the conduct of research studies that seek to relate various health outcomes to patient characteristics. While 
EHR data offers convenient and low-cost access to data for a large number of individuals, it suffers from bias and 
missingness compared to epidemiologic study data given that the primary purpose of the EHR is to record clinical 
procedures and patient information according to the needs of health providers and administrators, rather than represent 
characteristics of underlying populations8. By taking into account the complex and biased nature of EHRs, they can 
be successfully used for population health studies9,10. We have previously shown that EHR-derived data can be 
enhanced by using patient residential addresses and other location data to link clinical data to rich and diverse sources 
of social, economic and environmental variables that capture information that is not contained in the EHR11,12. For 
example, the Area Deprivation Index (ADI), a validated score of socioeconomic deprivation in U.S. geographic areas, 
can be assigned to individual patients via their residential geocode to obtain an estimate of their socioeconomic 
status13. The ADI, which consists of a linear combination of 17 American Community Survey (ACS) socioeconomic 
variables, including housing, education, income and unemployment, has been associated with mortality and hospital 
readmission risk14–16. Composite measures of area-level socioeconomic status like ADI are typically preferred to 
individual area-level variables (e.g., median income) for health studies as they have been shown to have more robust 
associations with health outcomes17,18. 
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While enhancing EHR-derived data with external sources of information—such as ADI to represent socioeconomic 
status—is convenient, validation of specific approaches remains an outstanding issue. Because epidemiologic studies 
collect individual-level data using fixed and validated protocols, they can be used to test whether variables assigned 
at a group-level according to a geographic area are associated similarly as individual-level variables without need for 
further data collection19. Here, we compare associations of various BRFSS outcomes with 1) BRFSS individual 
income, and MMSA-level 2) ACS median income and 3) ADI assigned to BRFSS respondents, to determine whether 
individual income, ACS median income and ADI capture similar socioeconomic information at the level of MMSAs. 
We also provide a web application for the analysis and visualization of relationships among chronic disease, risk factor 
and socioeconomic variables of BRFSS respondents. 

Methods 

Study Population. BRFSS SMART data corresponding to 1,816,427 participants aged at least 18 years who were 
surveyed via landline and mobile telephone surveys from January 2011 to December 2017 was obtained from the 
BRFSS website (https://www.cdc.gov/brfss/).  

Variable Selection. Variables selected for analyses were available in each of the seven years considered. Respondents’ 
smoking status was recorded based on self-report of being a current smoker, former smoker, or never smoker. A 
dichotomous smoking variable was also created in which respondents were classified as smokers if they were current 
smokers and classified as non-smokers otherwise. BMI was split into five levels: not overweight or obese 
(<25.0kg/m2), overweight (25.0 to <30.0 kg/m2), grade 1 obesity (30.0 to <35.0 kg/m2), grade 2 obesity (35.0 to <40.0 
kg/m2), and grade 3 obesity (>40.0 kg/m2). A dichotomous obesity variable was also created in which respondents 
were classified as obese if they had BMI >30.0 kg/m2 and classified as not obese otherwise. Education was re-leveled 
into three groups: no high school, some high school, and college/some higher education. Individual annual income 
was re-leveled into three groups: less than $25,000, $25,000-$75,000, and more than $75,000. Race/ethnicity was re-
leveled into five groups: White, Asian/Pacific Islander, Black, Hispanic, and Native American. Respondents were 
considered to have health insurance if they reported having either a pre-paid health insurance plan, a traditional health 
insurance plan, a government plan, or coverage from the Indian Health Service. Respondents who reported being 
vaccinated for the seasonal flu in the past year were recoded as having received flu shot. Health outcomes considered 
were: 1) asthma, based on affirmative responses to the questions “Have you ever been told by a doctor, nurse, or other 
health professional that you had asthma?” and “Do you still have asthma?”; 2) Coronary Heart Disease (CHD), based 
on affirmative response to having had CHD or a myocardial infarction; 3) Chronic Obstructive Pulmonary Disease 
(COPD), based on self-reported doctor’s diagnosis of COPD, emphysema, or chronic bronchitis; 4) depressive 
disorder, based on self-reported doctor’s diagnosis of depression, major depression, dysthymia or minor depression; 
5) diabetes, based on self-reported doctor’s diagnosis of diabetes, excluding pregnant women who reported being 
diabetic only during pregnancy; and 6) self-rated fair or poor health, based on a dichotomous re-leveled self-rated 
health question in which respondents rated their health as good, better, fair, or poor. Subjects were excluded for 
missingness in any of these listed variables, resulting in 1,225,946 respondents with complete BRFSS data. 

ACS Median Income and Area Deprivation Index Measures. Data from ACS 5-year estimates from 2013-2017 for 
median income and other variables needed to compute ADI were obtained from the U.S. Census website with the R 
tidycensus package20,21. Median income was re-leveled into four categories according to percentile rank. The bottom 
quartile of median incomes contained incomes less than $53,711, the second had incomes ranging from $53,711 to 
$59,046, the third from $59,047 to $65,757, and the fourth greater than $65,757. ADI was computed as the linear 
combination of 17 MMSA-level socioeconomic variables using a well-established formula22. ADI was re-leveled into 
four categories according to percentile rank. The first ADI quartile ranged from 0 to 10, the second from 11 to 22, the 
third from 23 to 35, and the fourth from 36 to 99; an ADI score of 99 corresponds to the highest level of 
“disadvantage.” ACS median income and ADI categories were assigned to BRFSS participants according to their 
MMSAs, resulting in 976,665 complete cases.  

Statistical Analysis. Statistical analyses were performed in R23. Logistic regression models that considered survey 
design were created with the R survey package using weights calculated by the BRFSS SMART survey weighting 
methodology. Adjusted odds ratios were obtained for each health outcome using multivariable logistic regression 
models. To determine whether the magnitude of the association between area-level socioeconomic status measures 
and health outcomes was similar to their association with individual income, we estimated logistic regression models 
for each outcome with race, sex, age, and either 1) individual income and education, 2) ACS median income or 3) 
ADI as independent variables. Results were considered statistically significant at alpha level 0.05. Subsequently, we 
fit logistic regression models for each outcome with race, sex, age, individual income, education, ACS median income,  
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and ADI as independent variables, to compare the 
independent contributions of individual and area-level 
socioeconomic status variables. To measure the 
influence of individual and area-level socioeconomic 
status variables on the association of obesity and 
smoking with BRFSS health outcomes, we compared 
ORs for obesity and smoking obtained from four 
multivariable models: model 1 included demographic 
variables only (race/ethnicity, sex, age); model 2 
additionally included ADI; model 3 additionally 
included ACS median income; model 4 additionally 
included ADI, ACS median income, individual 
income and education. To further explore variable 
relationships between one health outcome (COPD) 
and socioeconomic status variables, we compared 
results of multivariable models with the following as 
predictors 1) demographic variables and ACS median 
income, 2) demographic variables and ADI 3) 
demographic variables, ACS median income, ADI, 
individual income and education. 

Application Development. We used the R Shiny 
package24 to create a web application that is available 
at http://prevalencemaps.org. Data displayed in maps 
and MMSA-specific graphs were weighted using 
survey weights from the BRFSS source data and 
created with the R rgeos, rgdal, and sf packages. The 
app code was saved on a DigitalOcean droplet 
containing an RStudio Connect server that uses 
various R packages, including Leaflet to display an 
interactive map24,25. Full code is available at 
https://github.com/HimesGroup/prevalencemaps. 
 
Results 

Demographic characteristics and prevalence of the 
outcomes considered for BRFSS respondents are 
provided in Table 1. Weighted percentages reflect the 
expected national distribution. Raw counts 
demonstrate that older adults and women were 
overrepresented among respondents with complete 
data. Analysis of variable distributions across the 
seven BRFSS survey years considered found nearly 
identical distributions of all, except for the variable 
has health insurance, which steadily rose from 
84.27% in 2011 to 89.88% in 2017, consistent with 
the signing of the Affordable Care Act in 2010 and its 
subsequent implementation. 
 
Individual income is more strongly associated with health outcomes than area-level measures of socioeconomic 
status. Comparison of logistic regression models that included demographic variables and either 1) individual income 
and education 2) ACS median income, or 3) ADI found that ORs corresponding to individual income less than $25,000 
versus more than $75,000, as well as the first versus fourth quartile of ACS median income, were significant for all 
outcomes (Figure 1). The fourth quartile of ADI (i.e., most deprived areas) differed significantly relative to the first 
quartile in all models except for asthma (Figure 1). Comparison of fully adjusted models that included individual 
income, ACS median income, and ADI found that their effects remained significant for all outcomes except for the 
association of ACS median income with asthma (OR: 0.95, 95% CI 0.89-1.01), diabetes (OR: 1.03, 95% CI 0.96-

Table 1. Overall characteristics of the 976,665 BRFSS 
respondents from survey years 2011-2017 who were 
complete cases and included in analyses. 
 

    N (weighted %) 
Sex 

 

  Female 544,488 (49.10) 
Race/Ethnicity 

 

  White 785,606 (65.10) 
  Asian/Pacific Islander 23,775 (4.90) 
  Black 83,372 (12.80) 
  Hispanic 79,818 (16.90) 
  Native American 4094 (0.40) 
Education 

 

  No High School 18,171 (3.70) 
  Some High School 288,315 (33.80) 
  College/Some Higher Education 670,179 (62.50) 
BMI 

 

  Normal 336,216 (35.20) 
  Overweight 358,223 (36.20) 
  Grade 1 Obesity 175,253 (17.70) 
  Grade 2 Obesity 65,361 (6.60) 
  Grade 3 Obesity 41,612 (4.20) 
Individual Income 

 

  Less than $25,000 247,650 (27.30) 
  $25,000 to $75,000 407,148 (39.70) 
  More than $75,000 321,867 (33.00) 
Smoking 

 

  Never Smoked 545,153 (58.10) 
  Former Smoker 285,243 (24.80) 
  Current Smoker 146,269 (17.10) 
Age 

 

  18-24 44,836 (10.60) 
  25-34 101,904 (17.70) 
  35-44 130,051 (18.00) 
  45-54 176,841 (19.20) 
  55-64 220,578 (16.90) 
  65+ 302,455 (17.60) 
Has Health Insurance 892,912 (86.40) 
Self-Reported Good or Better Health 814,814 (83.80) 
Received Flushot 455,080 (38.30) 
Asthma 90,156 (8.80) 
CHD 55,873 (4.10) 
COPD 69,585 (5.60) 
Depressive Disorder 184,874 (17.10) 
Diabetes 122,119 (10.50) 
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1.10), smoking (OR: 1.00, 95% CI 0.95-1.06), and fair or poor health (OR: 1.06, 95% CI 1.00-1.12), and the 
association of ADI with COPD (OR: 1.05, 95% CI 0.96-1.13). Significant associations of ACS median income with 
outcomes that were lost in the fully adjusted model were for smoking, fair or poor health, diabetes and asthma. In the 
case of ADI, its association with COPD was lost 
in the fully adjusted model, while it became 
associated with asthma in the fully adjusted 
model. ORs of individual income remained 
similar in magnitude with all outcomes and were 
largest for self-reported fair or poor health, 
COPD, smoking and depressive disorder. ACS 
median income had the greatest effect on no flu 
shot. ADI had the greatest effects on CHD, 
smoking and obesity albeit with much smaller 
ORs than the individual income effects. 
 
Confounding effects of socioeconomic status 
variables on obesity and smoking. Obesity and 
smoking are known risk factors for various health 
outcomes26 and both have been associated with 
SES variables as observed in Figure 1. 
Comparison of ORs for obesity and smoking 
obtained from four multivariable models (model 
1 included demographic variables only; model 2 
additionally included ADI; model 3 additionally 
included ACS median income; model 4 
additionally included ADI, ACS median income, 
individual income and education) found that 
inclusion of ADI or ACS median income did not 
significantly change the magnitude of ORs of 
either smoking or obesity with the health 
outcomes considered, compared with the 
baseline model that included demographic 
variables only (Figure 2). Inclusion of 
individual income and education (model 4) 
decreased many of the ORs for obesity and 
smoking, and although the obesity effect 
sizes remained similar in magnitude 
compared to models 1, 2 and 3, several of 
the smoking ORs decreased substantially 
(Figure 2). Specifically, the largest shifts in 
ORs were observed for COPD, fair or poor 
health and depressive disorder, which is 
consistent with Figure 1, where income 
had the greatest effect on these three 
outcomes, as well as on smoking. 
 
Influence of socioeconomic status 
variables on association of COPD with 
demographic and health risk factors. 
Among the relationships in the 
multivariable models considered in Figure 
2, the association between smoking and 
COPD was most affected by inclusion of 
socioeconomic status variables. Logistic 
regression models for COPD found that it 
was more likely to occur in women, people 

 
 
Figure 1. A) Association of individual income, ACS median 
income or ADI with various outcomes shows that individual 
income has greatest ORs. B) In models that include individual 
income, ACS median income and ADI, individual income 
maintains greatest ORs, while effects of ACS median income 
and ADI tend to decrease compared to A). #p<0.05 *p<0.001 

 
Figure 1. Confounding of SES measures on the relationships between A) 
obesity and B) smoking and listed health outcomes. Model 1 independent 
variables are race, sex, age and obesity or smoking; Model 2 also includes 
ADI; Model 3 also includes ACS median income; Model 4 also includes 
ADI, ACS median income, individual income, and education. Smoking 
is a dichotomous variable based on being a current smoker. Obesity is a 
dichotomous variable based on having BMI > 30 kg/m2. 
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who self-identified as White, current or former smokers, obese individuals and those of older age (Table 2), all of 
which are consistent with published COPD trends7,27. In the model that included ADI as the sole socioeconomic status 
variable, those living in more disadvantaged MMSA’s (quartiles 3 and 4) were more likely to have COPD compared 
to those living in the least disadvantaged MMSA’s (quartile 1). In the model that included ACS median income as the 
sole socioeconomic status variable, those living in MMSAs with lower median incomes were significantly more likely 
to have COPD compared to those in MMSAs with higher median incomes. The fully adjusted model that included 
ADI, ACS median income, individual income and education, found that ADI was no longer significant, ACS median 
income had reduced but still significant effects, and individual income had a strong effect on COPD. An increased 
association of COPD with Native American race/ethnicity versus White that was significant in the model with ADI 
or ACS median income alone was not significant in the model with all socioeconomic status variables, while there 
was a decreased risk of COPD with Black race/ethnicity in the model with all socioeconomic status variables that was 
not present when including ADI or ACS median income alone. 
 
Web application. Users can view yearly 2011-2017 BRFSS results of associations among chronic diseases, risk factor, 
and socioeconomic variables, as well as the overall seven-year span of the BRFSS respondents included in analyses. 
A map feature enables users to view the geographic distribution of these variables across the U.S. at the resolution of 
MMSAs (Figure 3) and select an MMSA to view its specific data. Barplots are provided to visualize general trends 
among user-selected variables.  
 

Figure 2. Maps of COPD and smoking prevalence among 2011-2017 BRFSS respondents in MMSAs 
with available data (http://prevalencemaps.org). 
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Table 2. Factors Associated with COPD in BRFSS Multivariable Analysis. Adjusted odds ratios (ORs) were 
derived from adjusted survey logistic regression models with COPD as the outcome. *p<0.05; **p<0.001 
 

 ADI Model ACS Median Income 
Model 

Full SES Model 

Adjusted ORs (95% CI) Adjusted ORs (95% CI) Adjusted ORs (95% CI) 
Sex 
  Male Reference Reference Reference 
  Female 1.48 (1.43, 1.54)** 1.48 (1.43, 1.54)** 1.37 (1.32, 1.42)** 
Race/Ethnicity  
  White Reference Reference Reference 
  Asian/Pacific Islander 0.77 (0.65, 0.91)* 0.76 (0.64, 0.90)* 0.72 (0.61, 0.86)** 
  Black 1.04 (0.98, 1.10) 1.03 (0.97, 1.09) 0.80 (0.76, 0.86)** 
  Hispanic 0.71 (0.66, 0.77)** 0.69 (0.64, 0.75)** 0.48 (0.44, 0.52)** 
  Native American 1.38 (1.13, 1.69)* 1.36 (1.11, 1.67)* 1.08 (0.88, 1.33) 
Smoking   
  No smoking Reference Reference Reference 
  Former smoker 2.99 (2.86, 3.12)** 2.98 (2.85, 3.11)** 2.89 (2.76, 3.02)** 
  Current smoker 7.03 (6.71, 7.36)** 7.03 (6.71, 7.37)** 5.46 (5.20, 5.73)** 
BMI 
  Not overweight or obese Reference Reference Reference 
  Overweight 0.90 (0.86, 0.94)** 0.91 (0.87, 0.95)** 0.91 (0.87, 0.96)** 
  Grade 1 Obesity 1.23 (1.17, 1.29)** 1.24 (1.18, 1.30)** 1.19 (1.14, 1.26)** 
  Grade 2 Obesity 1.82 (1.71, 1.93)** 1.83 (1.72, 1.94)** 1.68 (1.58, 1.79)** 
  Grade 3 Obesity 2.85 (2.65, 3.06)** 2.87 (2.67, 3.09)** 2.47 (2.29, 2.66)** 
Age 
  18-24 Reference Reference Reference 
  25-34 0.97 (0.85, 1.12) 0.98 (0.85, 1.12) 1.10 (0.96, 1.26) 
  35-44 1.27 (1.12, 1.45)** 1.28 (1.12, 1.45)** 1.58 (1.39, 1.79)** 
  45-54 2.38 (2.11, 2.68)** 2.38 (2.11, 2.68)** 2.87 (2.55, 3.24)** 
  55-64 3.91 (3.48, 4.39)** 3.9 (3.47, 4.38)** 4.51 (4.01, 5.07)** 
  65+ 6.31 (5.62, 7.08)** 6.26 (5.58, 7.03)** 6.21 (5.53, 6.97)** 
ADI 
  Q1 (0-10) Reference - Reference 
  Q2 (11-22) 1.06 (1.01, 1.12)* - 0.95 (0.89, 1.01) 
  Q3 (23-35) 1.24 (1.18, 1.31)** - 1.04 (0.96, 1.12) 
  Q4 (36-99) 1.27 (1.21, 1.33)** - 0.99 (0.91, 1.08) 
ACS Median Income 
  Q1 (<$53,711) - 1.41 (1.35, 1.47)** 1.22 (1.13, 1.33)** 
  Q2 ($53,711 to $59,046) - 1.34 (1.28, 1.40)** 1.21 (1.13, 1.31)** 
  Q3 ($59,047 to $65,757) - 1.21 (1.15, 1.27)** 1.16 (1.09, 1.24)** 
  Q4 (>$65,757) - Reference Reference 
Income 
  < $25,000 - - 3.47 (3.27, 3.70)** 
  $25,000 to $75,000 - - 1.81 (1.71, 1.92)** 
  > $75,000 - - Reference 
Education  
  Less than high school - - Reference 
  Some High School - - 0.86 (0.78, 0.95)* 
  College or Some Higher 

Education 
- - 0.73 (0.66, 0.80)** 
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Discussion 

We used publicly available data on 976,665 complete cases from the 2011-2017 BRFSS, along with ACS median 
income and ADI computed with data from ACS 5-year estimates for 2013-2017, which we assigned to BRFSS 
participants according to their MMSAs, to compare associations of individual-level versus geographic-area-level SES 
variables with various health outcomes. The goal of this comparison was to shed light on the appropriateness of using 
geographic-area-level information from secondary sources as a surrogate of individual-level information, an appealing 
approach that is being increasingly used to enhance EHR data with social, economic and environmental variables from 
external data sources via patient-specific geocodes11,12,28. We focused on income, an important individual-level 
indicator of socioeconomic status that is associated with various health outcomes but not typically recorded in the 
EHR, and two related area-level measures of socioeconomic status, ACS median income and ADI, that can be 
integrated with EHR data via geographic linkage. Overall, we found that ACS median income and ADI determined at 
the MMSA level were poor surrogates for individual income and did not sufficiently account for its confounding 
effects on the association between risk factors (i.e., smoking and obesity) and a number of health outcomes. 

While ACS median income and ADI variables were significantly associated with several of the health outcomes 
considered, the effect sizes were considerably smaller compared to individual income, which was significantly 
associated with all health outcomes/factors considered (i.e., smoking, obesity, receiving flu shot, self-rated fair or poor 
health, diabetes, depressive disorder, COPD, CHD, asthma). Our analysis examining the confounding effects of 
individual- vs. MMSA-level socioeconomic status variables on risk factor-health outcome associations illustrates the 
potential consequences of using an area-level measure to represent individual-level variables. Individual income was 
found to be an important confounder of the association between smoking and many health outcomes, most notably 
with COPD, where adjusting for income strongly attenuated the effect of smoking. However, the inclusion of ACS 
median income or ADI did little to affect the association of smoking with most outcomes, suggesting that ACS median 
income and ADI determined at the MMSA level are inadequate measures to account for the cofounding effects of 
socioeconomic status in EHR or other health studies. Given that previous studies have found that ADI was 
significantly associated with health outcomes at the level of census blocks, future studies using epidemiologic datasets 
that contain geographic information for respondents in areas smaller than MMSAs are warranted. For contrast, census 
blocks are substantially smaller on average than MMSAs and there are 11,078,297 census blocks compared to 942 
MMSAs in the United States29. 

We provided further details on the regression results for COPD, given that it had the greatest change in relationships 
with risk factors when individual income was included in a model. The associations we observed between COPD and 
smoking, demographic factors and individual income have been observed previously and serve as a check of 
consistency for our BRFSS-based results30–35.  Interestingly, when not accounting for individual income, associations 
with race/ethnicity changed: Native American respondents had greater risk of COPD than White respondents in 
unadjusted models only, suggesting that individual SES contributes to COPD for those respondents. Conversely, Black 
respondents had similar risk of COPD as white respondents in unadjusted models, but when individual income was 
included, Black respondents had decreased risk. Further studies are needed to understand these relationships between 
income, race/ethnicity and COPD.  

To facilitate exploration of various BRFSS health outcomes and demographic factors, we designed a Shiny web 
application (http://prevalencemaps.org) that displays their geographic distribution across the United States and shows 
bivariate and multivariable relationships. This app differs from existing online resources that utilize BRFSS data. For 
example, Chronic Disease Indicators is a CDC web application that provides an interactive map of multiple diseases 
and risk factors stratified by specific indicators, years and data types covering the 50 U.S. states, the District of 
Columbia, and the U.S. territories of Guam, Puerto Rico and the Virgin Islands36. Although it includes a large number 
of variables, prevalence is displayed at a state, rather than MMSA, level. Another interactive map application, the 500 
Cities Project, displays BRFSS measures at the census tract level for the 500 largest U.S. cities but does not contain 
information on other geographic locations37,38. Other tools that facilitate analysis of BRFSS data, such as VitalWeb, 
are not freely available39. Thus, beyond serving as a source of data and results to ensure reproducibility of the work 
presented here, our web application provides a user-friendly resource for the exploration of relationships among 
BRFSS variables, including geospatial trends at the level of MMSAs.  

In addition to being constrained to use ACS median income and ADI at the level of MMSAs given that MMSAs are 
the smallest geographic location available for BRFSS respondents, limitations of our study include potential error in 
self-reported measures of BRFSS, such as obesity and income40. While these errors cannot be discounted, several 
relationships we observed are consistent with those in published studies, and thus, do not affect the major question 
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addressed regarding individual income versus geographic-area-level socioeconomic status variables. Future studies 
using epidemiologic data are needed to explore the utility of neighborhood- versus individual-level measures of 
income and other variables that are not recorded in the EHR to improve the scope of secondary studies that address 
individual and population health outcomes. 

Conclusion 

To better understand whether geographic-area information from secondary sources is helpful as a surrogate of 
individual-level information, we used BRFSS data to compare associations of individual income and two geographic-
area-level socioeconomic status variables with various health outcomes. Our results show that use of ACS median 
income or ADIs assigned according to MMSA of residence are significantly associated with various BRFSS outcomes, 
but effect sizes are much smaller than those of individual income. Furthermore, adjusting for individual income 
substantially decreased known confounding between smoking and health outcomes such as COPD, while adjusting 
for ACS median income or ADI had little effect, suggesting that these two variables measured at the MMSA level do 
a poor job accounting for the confounding effects of socioeconomic status. Relationships among BRFSS health 
outcomes and risk factors can be further explored and visualized using a web application developed and made available 
at http://prevalencemaps.org.   
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Abstract 

Low trial generalizability is a concern.  The Food and Drug Administration had guidance on broadening trial 

eligibility criteria to enroll underrepresented populations.  However, investigators are hesitant to do so because of 

concerns over patient safety.  There is a lack of methods to rationalize criteria design.  In this study, we used data 

from a large research network to assess how adjustments of eligibility criteria can jointly affect generalizability and 

patient safety (i.e the number of serious adverse events [SAEs]).  We first built a model to predict the number of SAEs.  

Then, leveraging an a priori generalizability assessment algorithm, we assessed the changes in the number of 

predicted SAEs and the generalizability score, simulating the process of dropping exclusion criteria and increasing 

the upper limit of continuous eligibility criteria.  We argued that broadening of eligibility criteria should balance 

between potential increases of SAEs and generalizability using donepezil trials as a case study. 

Introduction 

Clinical trials, especially randomized controlled trials (RCTs), are the current gold standard for measuring treatment 

effectiveness and safety,1 before a drug can be approved by the Food and Drug Administration (FDA).  Trial sponsors 

and investigators often overemphasize the assessments of efficacy, and aim for good internal validity (i.e., how well 

the observed treatment effects are reflective of the true treatment effects in the study samples).2  On the other hand, 

the question of how well the study findings could be applied to the target patients in the real-world, referred to as 

external validity or generalizability, is often overlooked.3  Further, clinical trial designers often adopt eligibility criteria 

from existing similar studies, with no or little modifications, without sound scientific justifications.  Many phase 3 

trials continue to adopt the highly restrictive eligibility criteria used by their corresponding phase 1 and phase 2 trials4, 

resulting in study samples less representative of the real-world patient population who are in need of the treatments.  

For example, older adults are often excluded from, and hence underrepresented in cancer and Alzheimer’s Disease 

(AD) drug trials,5,6 despite being the primary target populations of these drugs.  A recent study has found that among 

the most frequently prescribed drug classes with known differences in pharmacokinetics or contraindications for older 

adults, only 62% of the 113 initial approval documents had pharmacokinetic information for the elderly.7  Overly 

restrictive eligibility criteria will lead to low clinical trial generalizability, which will ultimately lead to low treatment 

effectiveness and increased risk of adverse events in certain population subgroups when the treatments are practiced 

in real-world patients.  As a results, regulatory agencies such as the FDA had issued guidance on broadening eligibility 

criteria to increase the diversity of the clinical trial population during enrollment.8 

In clinical trials, the study population includes patients who meet the eligibility criteria; the 

target population includes patients to whom the study findings will be applied; and the study 

sample population includes participants enrolled in the trials (Figure 1).  Population 

representativeness measures the coverage of the study sample or study population over the 

target population with respect to study traits (e.g., demographic, diagnosis, and laboratory 

test results).  Although population representativeness is a different concept from clinical 

trial generalizability, it is the key measure of a trial’s generalizability.  To date, a number 

of methods and tools have been developed to quantify clinical trials’ population 

representativeness (or generalizability).9  These methods can be categorized into two major 

approaches: (1) sample-driven and often called a posterior generalizability, where these 

methods measure the representativeness the study samples (i.e., participants enrolled in 

clinical trials) over the target population, and (2) eligibility-driven and called a priori 
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generalizability, where these methods measure the representativeness of the study population (i.e., patients who met 

the eligibility criteria) over the target population.10  Although the a posterior generalizability is important, it cannot 

be changed after the fact as the trial has already been concluded.  In contrast, the a priori generalizability is driven by 

clinical trial’s eligibility criteria and can be tweaked when designing a trial.  A clinical trial will have good a priori 

generalizability when its study population and target population share similar demographic and clinical characteristics.  

Among the available a priori generalizability assessment methods, the Generalizability Index of Study Traits (GIST) 

2.0 is the best available quantitative, eligibility-driven generalizability measure.  GIST 2.0 quantifies the population 

representativeness using eligibility criteria and data from the real-world target population.11  It measures the proportion 

of potentially eligible patients across multiple trial eligibility criteria, while considering the relative importance of 

individual traits.12  GIST 2.0 has two components: the single GIST (sGIST) when considering individual criteria and 

the multi-GIST (mGIST) when considering all the criteria of a trial as well as their weights in a trial as a set.  The 

sGIST and mGIST range from 0 to 1, where a higher score indicates a greater generalizability.  GIST 2.0 has been 

validated in previous studies, including our own.13,14   

Although methods such as GIST are available for linking trial eligibility criteria and generalizability, it is unclear how 

broadening eligibility criteria will simultaneously impact trial generalizability and clinical outcomes in real-world 

patients.  Investigators tend to use restrictive eligibility criteria for recruitment due to concerns over patient safety 

(e.g., fear of increased number of adverse events), but this is often done at the expense of trial generalizability with 

no clear data evidence.  Therefore, it is crucial that we examine how a priori generalizability and the number of 

adverse events vary with adjustments to trial eligibility criteria so that a balance between internal and external validity 

can be identified.  To our knowledge, no methods or tools are available to support and rationalize the eligibility criteria 

development process in clinical trial design through balancing generalizability and patient safety. 

In this study, we aimed to analyze how broadening trial eligibility criteria will simultaneously impact trial 

generalizability, as measured by GIST, and clinical outcomes, as measured by serious adverse events (SAEs) using 

real-world data (RWD) from a large clinical data research network.  We focused on Alzheimer’s disease (AD) patients 

who took the FDA-approved donepezil (Aricept), the most widely used drug for AD treatment.  We obtained RWD 

data from the OneFlorida Clinical Research Consortium, a statewide clinical data repository that contains RWD, 

including electronic health records (EHRs) and administrative claims data, for over 14 million (> 50%) Floridians.  

We first built models to predict the number of donepezil-related SAEs using patients’ demographic and clinical 

characteristics.  Then, we illustrated several scenarios in which we adjusted eligibility criteria and observed how the 

number of SAEs and trial generalizability changed at the same time.  This study provided the initial evidence on how 

trial generalizability and clinical outcomes can be jointly affected by the adjustments of eligibility criteria and 

subsequently used as justification for broadening eligibility criteria as advocated by the FDA. 

Methods 

Data source and the overall patient cohort 

The overall patient cohort for this study included patients who were 

diagnosed with AD and treated with donepezil.  Donepezil is an 

acetylcholinesterase inhibitor under the brand name Aricept, which 

has known efficacy in patients with mild, moderate, and severe AD.  

We obtained individual-level patient data between January 2012 and 

March 2019 from the OneFlorida Clinical Research Consortium.  

OneFlorida is a statewide clinical research data repository that 

contains linked administrative claims and EHR data, including 

diagnoses, procedures, medications, and patient demographics, for 

approximately 14.4 million (> 50%) Floridians.  OneFlorida was one 

of the 9 clinical data research network funded by the Patient-Centered 

Outcomes Research Institute (PCORI), contributing to the national 

Patient-centered Clinical Research Network (PCORnet).  The 

OneFlorida data follow the PCORnet Common Data Model (CDM) 

that contains 22 data domains.  We identified AD patients using 

International Classification of Disease, 9th and 10th, Clinical 

Modification (ICD-9/10-CM) codes (i.e., ICD-9-CM: 331.0; ICD-10-

CM: G30.0, G30.1, G30.8, and G30.9).  Patients whose donepezil 

prescriptions were before their AD diagnoses were excluded from the 

Figure 2. Selection of the overall 

patient cohort. 
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study.  Patients whose first donepezil prescription was within 90 days of their first encounter date in OneFlorida were 

also excluded to ensure a sufficient observation period.  We identified 2,096 unique AD patients who were eligible 

for our study and extracted their data from OneFlorida.  The selection of the overall patient cohort of our study is 

illustrated in Figure 2.  

Prediction model for the number of SAEs on AD patients treated with donepezil 

To explore how adjustments to eligibility criteria affect the number of SAEs in the target population, we first built a 

prediction model for the number of SAEs on AD patients treated with donepezil, considering study traits (e.g., age) 

extracted from eligibility criteria as predictors.  We also considered as model predictors other AD-related risk factors 

(e.g., chronic conditions) that can contribute to the number of SAEs.  We argue that these additional predictors need 

to be considered as potential eligibility criteria in future trials.   

Predictor variables.  We first extracted all the eligibility criteria in all US-based Phase 3 donepezil AD trials on 

ClinicalTrials.gov.  We then extracted study traits corresponding to each eligibility criterion from the OneFlorida 

EHR data as model predictors.  For example, exclusion criterion “patients with psychiatric disorders affecting the 

ability to assess cognition such as schizophrenia, bipolar or unipolar depression” was converted to two binary study 

traits, (1) having schizophrenia and (2) having bipolar or unipolar depression, which were subsequently extracted 

from the EHR data using ICD codes for each patient.  In addition, we used the chronic condition algorithms from the 

Centers for Medicare & Medicaid Services (CMS) Chronic Conditions Data Warehouse (CCW) to extract chronic 

conditions from the EHR data as model predictors.15  As shown in Figure 3, we defined the observation window as 

the period before patients’ first donepezil prescription.  Patient should have more than 90 days of data in the 

observation window (i.e., the patient shall have an encounter in the OneFlorida network 90 days before the first 

donepezil prescription).  All predictor variables were extracted from the OneFlorida data within the observation 

window.  To determine donepezil use, we extracted donepezil prescribing and dispensing data using RxNorm CUI 

codes and National Drug Codes (NDCs) and identified the first and last date of donepezil use for each patient. 

 

Outcome variables.  Our outcome variable was the number of SAEs occurred after donepezil use.  To define SAEs, 

we first reviewed the drug label of donepezil (brand name Aricept) obtained from the DailyMed database and extracted 

the adverse events (AEs) from the warnings and adverse reactions sections.  We also extracted and summarized AEs 

listed in all the completed donepezil-related AD trials that had results on ClinicalTrial.gov.  We compiled a list of 

AEs from these two sources and identified 279 corresponding ICD-9-CM codes and 292 ICD-10-CM codes.  Based 

on the AE severity grading scale defined in the Common Terminology Criteria for Adverse Events (CTCAE), AEs 

leading to hospitalization or prolongation of hospitalization are grade 3 AEs and were considered as SAEs in our 

study.  Therefore, we identified encounters that had AE relevant ICD codes and subsequently had emergency 

department visits (ED), ED visits followed by inpatient hospital stays (EI), and inpatient hospital stays (IP) for each 

patient during the prediction window.  The prediction window was defined as the period after the first donepezil 

prescription date but before the last donepezil prescription date plus 30 days (Figure 3).  There were two limitations 

with our SAE definition: (1) we would miss certain SAEs, such as AEs that led to mortality because mortality data in 

OneFlorida was sparse, and (2) there was no explicit causal relationship between taking donepezil and the subsequent 

SAEs.  Nevertheless, our SAE definition was reasonable because (1) the FDA AE guideline required reporting of all 

AEs after the treatment, not just those directly caused by the treatment, and (2) our analyses considered the average 

number of SAEs relatively across patient populations.  

Prediction model.  The number of SAEs is count data with only non-negative integer values and excessive zeros.  

Both the zero-inflated Poisson (ZIP) and zero-inflated negative binomial (ZINB) model can be used for this kind of 

outcomes.  The ZINB model is a better choice when the outcome variable is overdispersed (i.e., the variance is much 

larger than the mean).  Thus, we first examined the dispersion parameter of SAE counts to decide which of the two 

models was appropriate.  Then, we built the model using all predictors defined above.  We compared the model 

Figure 3. Definition of the observation window and prediction window. 
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predicted probabilities to the true distributions to assess model fit.  The prediction model was subsequently used as a 

basis for adjusting eligibility criteria while observing changes in predicted SAEs. 

Scenarios of eligibility criteria adjustments 

To rationalize the adjustments of eligibility criteria, we explored how broadening eligibility criteria jointly impacted 

trial generalizability and SAE.  To better illustrate the criteria broadening process, we used the pivot Phase 3 donepezil 

trial for AD, “Comparison of 23 mg Donepezil Sustained Release (SR) to 10 mg Donepezil Immediate Release (IR) in 

Patients With Moderate to Severe Alzheimer's Disease” (NCT00478205) as a starting point for constructing a list of 

eligibility criteria for a hypothetical trial design.  As AD trials often exclude patients with chronic conditions, we thus 

considered chronic conditions defined in the CMS CCW Chronic Condition algorithms as potential exclusion criteria, 

noting that some chronic conditions were already explicitly listed in NCT00478205 as exclusion criteria.  To compute 

the trial’s generalizability scores (sGIST and mGIST), we defined the target population as the AD patients who were 

treated with donepezil in the OneFlorida data and used the original trial eligibility criteria to identify study population 

(i.e., those who met the criteria and eligible for the study in target population).  The study population was defined as 

the eligible group and those who were not in study population but in the target population were defined as the non-

eligible group (i.e., AD patients who were treated with donepezil but did not meet the trial eligibility criteria).  For 

each criterion, a sGIST score could be calculated, with a lower sGIST score meaning the criterion was more stringent 

and thus excluded more patients from the study population compared to other criteria.  An mGIST score could also be 

calculated for a trial, considering all eligibility criteria combined as well as the weights of the different study traits.   

A higher mGIST would mean the trial had a higher population representativeness, and thus better generalizability.   

We considered two scenarios of eligibility criteria adjustments: (1) determine whether a binary (exclusion) criterion 

should be included or removed; and (2) determine the optimum range of a continuous criterion.  To simplify the 

discussion, we did not used the terms inclusion and exclusion criteria; instead, we only considered the actual effects 

of the criteria – whether participants with certain study traits should be included in the trial or not. 

In the first scenario, we considered how broadening binary criteria (i.e., disease diagnosis) impacted GIST and SAEs.  

We computed the sGIST score for each criterion and mGIST score for the hypothetical trial based on NCT00478205.  

To assess the overall effect of a criterion-corresponding study trait on SAEs, we used the prediction model to compute 

the predicted mean number of SAEs for each study trait.  If the sGIST score of the criterion was small and the 

corresponding study trait had a weak association with number of SAEs (i.e., the criterion was limiting trial 

generalizability but had little effect on the number of SAEs), the criterion could potentially be eliminated.  Further, 

we removed individual study traits from the original trial eligibility criteria one at a time and assessed its impact on 

the mGIST and predicted mean number of SAEs of the study population for the eligible and non-eligible groups, 

respectively.  Through monitoring the joint changes of mean SAEs and mGIST scores, we can observe if removing 

certain criteria is worthwhile considering the tradeoff between the mean number of SAEs in the target population 

(both eligible and non- eligible groups) and the trial generalizability in terms of mGIST score.   

In the second scenario, we considered how broadening a continuous criterion (i.e., age) jointly impacted the mGIST 

score and predicted mean number of SAEs.  In the trial NCT00478205, the age criterion was set to be between 45 and 

90 years old.  We broadened the age criterion by sequentially increasing the upper age limit, one year at a time, to 100 

years.  At each iteration of age increase, we computed the trial’s mGIST score and predicted mean number of SAEs.  

The mGIST scores would increase as the range of the age criterion enlarges; meanwhile, as it enlarges, if the model 

adjusted mean number of SAEs of patients within the age criterion (holding other criteria unchanged) is not 

significantly higher, the upper limit of the age criterion could be enlarged. 

Results 

Patient cohort characteristics 

We identified 2,096 unique patients who were eligible for our study.  Among these patients, 1,351 (64.5%) had zero 

SAEs and 745 (35.5%) had at least one SAE.  The overall mean age at AD diagnosis was 77.2, and the overall mean 

age at first donepezil medication was 78.2.  Patients who had any SAEs were slightly older than those who had no 

SAEs (77.7 vs. 77.0; p = 0.0973).  There were more female than male patients (63.4% vs. 36.6%; p = 0.4499).  Over 

50% of the patients were non-Hispanic white.  The percentage of the non-Hispanic black patients was higher in the 

patient group having SAEs compared to the no SAE group.  The characteristics of the study population is summarized 

in Table 1. 
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Table 1. Patient characteristics of the target population in OneFlorida. 

 Overall 

(N=2,096) 

# of SAEs = 0 

(N=1,351) 

# of SAE > 0 

(N=745) 
P value* 

 N (or 

Mean) 
% (or SD) 

N (or 

Mean) 
% (or SD) 

N (or 

Mean) 
% (or SD) 

Age at AD diagnosis 77.2 9.7 77.0 9.5 77.7 9.9 0.0973a 

Age at first donepezil 78.2 9.7 78.0 9.6 78.5 9.9 0.2303a 

Gender       0.4499b 

    Female 1328 63.4% 848 62.8% 480 64.4%  

    Male 768 36.6% 503 37.2% 265 35.6%  

Race/Ethnicity       <.0001b 

    NHW 1050 50.1% 706 52.3% 344 46.2%  

    NHB 408 19.5% 215 15.9% 193 25.9%  

    Hispanic 563 26.9% 376 27.8% 187 25.1%  

    Other 75 3.6% 54 4.0% 21 2.8%  

 Median IQR Median IQR Median IQR  

Number of donepezil 

prescriptions 
2.0 (1.0, 3.0) 1.0 (1.0, 2.0) 2.0 (1.0, 4.0) <.0001c 

Number of months on 

donepezil 
0.0 (0.0, 6.6) 0.0 (0.0, 0.9) 1.6 (0.0, 17.0) <.0001c 

*The p value was for the comparison between the # of SAEs = 0 and # of SAE > 0 group 
atwo samples T test; 
bChi-square test; 
cWilcoxon rank sum test; 

Analysis of donepezil AD trial eligibility criteria 

We identified a total of 5 Phase 3 trials conducted in the U.S. testing donepezil for treating AD (NCT00478205, 

NCT00566501, NCT00428389, NCT00096473, and NCT00000173) and extracted 113 eligibility criteria (54 

inclusion and 52 exclusion criteria).  On average, each donepezil AD trial had 23 criteria.   Some criteria could be 

decomposed into multiple sub-criteria (e.g., “hypertension and cardiac disease must be well-controlled” could be 

decomposed into “well-controlled hypertension” and “well-controlled cardiac disease”).  We decomposed these 

eligibility criteria and extracted the core elements of each criterion.  Many of the eligibility criteria were fundamentally 

similar (e.g., “age > 40” and “age > 45” both discussed a core element on patient age).  We considered the smallest 

core elements of criteria as individual study traits and extracted 193 unique study traits out of the 113 eligibility 

criteria.  However, not all study traits were computable against our OneFlorida patient database.  For example, there 

were 2 inclusion and 5 exclusion criteria related to the availability of caregivers to the patients (e.g., “caregiver must 

have regular contact with the patient”), which were not computable using OneFlorida data.  We found that 60 (31.1%) 

of the study traits were not computable.  The main reasons were: (1) the trait was based on subjective information 

(e.g., requiring “informed consent”, or health conditions that require investigator’s judgement); and (2) the data 

elements were not available in the OneFlorida data (e.g., information on whether a patient “lives in assisted living 

facility” was not available in the structured OneFlorida data). 

Prediction model for the number of SAEs 

The dispersion parameter (0.885; 

95% confidence interval [CI]: 

0.730, 1.071) for the SAEs was 

statistically significant from zero, 

indicating that ZINB regression, 

rather than ZIP regression, should 

be used for modeling.  As shown in 

Figure 4, the ZINB model 

predicted probabilities being close 

to the observed relative frequencies 

indicated a good fit.   

The ZINB model estimates were shown 

in Table 2.  

Figure 4. ZINB Predicted Probabilities and Observed Relative Frequencies 
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Table 2. Zero-inflated negative binomial model for predicting number of SAEs 

Part 1: logistic part for excessive zero (i.e., having no SAE) 

Parameter Odds Ratio (OR) 95% Confidence Interval p-value 

Age at first donepezil 0.972 (0.929, 1.017) 0.2181 

Male vs Female 1.739 (0.711, 4.255) 0.2256 

Race/Ethnicity 

    Hispanic vs NHW 0.204 (0.079, 0.531) 0.0011 

    NHB vs NHW      0.659 (0.232, 1.867) 0.4321 

Number of donepezil prescription 0.027 (0.003, 0.231) 0.0010 

Number of months on donepezil 0.966 (0.834, 1.119) 0.6448 

Chronic conditions * (Only p < 0.05 are shown here) 

    Anemia 0.268 (0.097,  0.74) 0.0110 

    Ischemic Heart Disease 0.122 (0.029,  0.52) 0.0044 

Part 2: negative binomial part 

Parameter Estimate 95% Confidence Interval p-value 

Age at first donepezil 0.998 (0.988, 1.007) 0.5995 

Male vs Female 1.072 (0.867, 1.326) 0.5213 

Race/Ethnicity 

    Hispanic vs NHW 0.874 (0.699, 1.093) 0.2369 

    NHB vs NHW      1.285 (1.042, 1.584) 0.0190 

Number of donepezil prescription 1.104 (1.071, 1.139) <.0001 

Number of months on donepezil 1.023 (1.017,  1.03) <.0001 

Chronic conditions * (Only p < 0.05 are shown here) 

    Chronic obstructive pulmonary disease (COPD) 1.397 (1.134, 1.719) 0.0016 

    Hyperlipidemia 0.756 (0.624, 0.916) 0.0042 

    Hypertension 1.517 (1.202, 1.914) 0.0004 

    Anxiety disorder 1.368 (1.115, 1.679) 0.0027 

 

The first part of the ZINB model was a logistic regression model for estimating the probability of having no SAE.  

Age and gender were not statistically significant in this part of the model.  Hispanics had a lower probability of 

having no SAE compared to non-Hispanic whites (OR = 0.204; p = 0.0011).  The number of donepezil prescriptions 

was a significant predictor (OR = 0.027; p = 0.0010), indicating that having more donepezil doses was associated 

with a lower probability of having no SAE.  In terms of chronic conditions, patients with anemia and ischemic heart 

disease had significant lower odds of having no SAE (OR = 0.268; p = 0.0110 and OR = 0.122; p = 0.0044).   

The second part of the ZINB model was a negative binomial regression, estimating the expected number of SAEs 

conditioned on having at least one SAE.  Age at first donepezil prescription, gender, and race/ethnicity were not 

statistically significant in this part of the model.  The number of donepezil prescriptions and the number of months on 

donepezil were significant predictors, indicating that increasing 1 donepezil prescription would increase the number 

of SAEs by 1.104 – 1 = 0.104 (beta = , p < 0.0001) and increasing 1 month of being on donepezil would increase the 

number of SAEs by 1.023 – 1 = 0.023 (beta = ; p < 0.0001).  In terms of chronic conditions, chronic obstructive 

pulmonary disease (COPD) had an estimate of 1.397 (p = 0.0016), indicating having COPD would increase the number 

of SAEs.  Hyperlipidemia had an estimate smaller than 1, indicating patients with hyperlipidemia would have 1 – 

0.756 = 0.244 (p = 0.0042) fewer SAEs.  Patients with hypertension would have 1.517 – 1 = 0.517 (p = 0.0004) more 

SAEs than those without hypertension.  Anxiety disorder had an estimate of 1.368 (p = 0.0027), indicating patients 

with anxiety disorder would also have 0.368 more SAEs. 

The relationships among eligibility criteria, SAEs, and trial generalizability 

The original donepezil trial NCT00478205 had 40 inclusion and exclusion criteria, with 4 criteria about caregivers.  

Based on the eligibility criteria from NCT00478205 and the 27 chronic conditions in the CMS CCW algorithms, we 

constructed a hypothetical trial design with 18 criteria as shown in Table 3.  Excluding non-computable criteria, we 

extracted 31 study traits from the 18 criteria.  Note that for simplification, we did not use individual study traits in this 

part of the analysis.  For example, strictly speaking, “visual or hearing impairment” were two different study traits: 

“visual impairment” and “hearing impairment”; nevertheless, we combined these two as one exclusion criteria. 

Table 3. Eligibility criteria of a hypothetical trial constructed based on NCT00478205. 

Num Short Name  Inclusion/

Exclusion 

Criteria Definitions 
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1 Age Inclusion age at first donepezil date 45 - 90 

2 Donepezil days Inclusion days on donepezil >= 90 days 

3 Visual/hearing Impairment Exclusion patients with visual impairment or hearing impairment* 

4 Cardiac diseases Exclusion patients with acute myocardial infraction, atrial fibrillation, 

heart failure, or ischemic heart disease* 

5 Uncontrolled Hypertension Exclusion patients with hypertension and have systolic blood 

pressure > 140 or diastolic blood pressure > 90 in recent 3 

months* 

6 Uncontrolled diabetes Exclusion patients with diabetes and have HbA1c > 7 % in recent 3 

months* 

7 Other AD treatments Exclusion patients taken any of Tacrine, Pyridostigmine, 

Galantamine, Isoflurophate, Demecarium, Physostigmine, 

Rivastigmine, Edrophonium, or Ambenonium 

8 Dementias other than AD Exclusion patients had no diagnosis of AD but had diagnosis of other 

dementias 

9 Parkinson's disease Exclusion patients diagnosed with Parkinson's disease 

10 Schizophrenia Exclusion patients with schizophrenia* 

11 Depression Exclusion patients with depression* 

12 Sleep disorder Exclusion patients diagnosed with sleep disorder 

13 Drug use disorders Exclusion patients with drug use disorders* 

14 Alcohol use disorders Exclusion patients with alcohol use disorders* 

15 Conditions affect absorption, 

distribution, or metabolism of the 

study medication 

Exclusion patients diagnosed with any of inflammatory bowel 

disease, gastric or duodenal ulcers, or hepatic disease 

16 Cancer Exclusion patients with a history of cancer (does not include basal or 

squamous cell carcinoma of the skin, benign prostatic 

hyperplasia) within 5 years* 

17 Use antidepressants Exclusion patients prescribed with any of amitriptyline, 

clomipramine, doxepin, imipramine, trimipramine, 

protriptyline, amoxapine, desipramine, or nortriptyline 

18 Fecal/urinary incontinence Exclusion patients diagnosed with fecal or urinary incontinence 

*These criteria were constructed based on CMS CCW chronic condition algorithms.  

We summarized the predicted mean number of SAEs and sGIST scores for each of the 16 exclusion criteria in Figure 

5.  Patients with Parkinson’s disease had the lowest mean number of SAEs at 0.65.  Patients who had taken 

antidepressant medications had the highest mean number of SAEs at 1.87.  However, only 12 patients in the 

OneFlorida data had taken antidepressants.  Patients who had alcohol use disorder also had a high mean number of 

SAEs at 1.70.  In terms of sGIST scores, the exclusion criterion of cardiac diseases had the lowest score of 0.578, 

indicating it was the most stringent criterion.  Exclusion based on depression and uncontrolled hypertension also had 

low sGIST scores of 0.716 and 0.768, respectively.  Exclusion based on the use of antidepressants had the highest 

sGIST score of 0.991.  Exclusion based on uncontrolled diabetes had a sGIST score of 0.964.  For alcohol use disorder, 

the sGIST was 0.962.   

The effects of removing an individual exclusion criterion on 

the number of SAEs and the mGIST score were shown in 

Table 4.  Out of the 2,096 AD patients treated with 

donepezil, 373 met the eligibility criteria of the original 

hypothetical study (i.e., the eligible group) with a predicted 

mean number of SAEs of 0.66.  The non-eligible group had 

a higher predicted mean number of SAEs of 0.99.  The 

mGIST score for the original hypothetical trial was 0.062.  

As an example, if we broadened the eligibility criteria by 

removing the exclusion criterion of cardiac diseases that had 

the lowest sGIST of 0.578, the mGIST score of the trial 

would increase to 0.078, while the number of patients in the 

eligible group increased from 373 to 503 and the adjusted 

mean number of SAEs for eligible and non-eligible groups 

would increase from 0.66 to 0.67 and from 0.99 to 1.01, 

respectively.  On the other hand, dropping the criterion of 

Figure 5. Model adjusted number of SAEs (upper) and 

sGIST (bottom) for each of the 16 exclusion criteria. 
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uncontrolled hypertension would lead to a smaller mGIST gain (i.e., from 0.062 to 0.074) but significantly increase 

the mean number of SAEs in the eligible group from 0.66 to 0.83.  Based on our results on SAE and mGIST, one can 

rationalize the choice of dropping cardiac diseases versus dropping uncontrolled hypertension as exclusion criteria. 

Table 4. Population size, model adjusted mean number of SAEs, and mGIST when dropping individual exclusion 

criteria, independently, stratified by eligible vs. non-Eligible group. 

Independently dropping individual 

exclusion criteria 

Eligible non-Eligible 

sGIST* mGIST Population 

Size (N) 

# of Mean 

SAEs 

Population 

Size (N) 

# of Mean 

SAEs 

00.Original 373 0.66 1642 0.99 . 0.062 

The lowest sGIST scores after dropping these exclusion criteria 

01.Drop Cardiac disease 503 0.67 1512 1.01 0.578 0.078 

02.Drop Depression 431 0.68 1584 0.99 0.716 0.074 

03.Drop Uncontrolled Hypertension 431 0.83 1584 0.95 0.768 0.074 

The highest sGIST scores after dropping these exclusion criteria 

13.Drop Drug use disorders 378 0.66 1637 0.99 0.955 0.062 

14.Drop Alcohol use disorders 378 0.66 1637 0.99 0.962 0.063 

15.Drop Uncontrolled diabetes 378 0.66 1637 0.99 0.964 0.062 

16.Drop Use antidepressants 373 0.66 1642 0.99 0.991 0.062 

*sGIST score of the specific exclusion criterion before dropping the exclusion criterion. 

Table 5. Population size, model adjusted mean number of SAEs, and mGIST when dropping combined individual 

exclusion criteria, sequentially, stratified by eligible vs. non-Eligible group. 

Subsequently 

dropping criterion 

Eligible non-Eligible 

mGIST Population 

Size (N) 

# of Mean 

SAEs 

Population 

Size (N) 

# of Mean 

SAEs 

00.Original 373 0.66 1642 0.99 0.062 

01.Drop Cardiac disease 503 0.67 1512 1.01 0.078 

02.Drop Depression 603 0.70 1412 1.02 0.096 

03.Drop Uncontrolled Hypertension 744 0.83 1271 0.98 0.120 

04.Drop Dementias other than AD 865 0.82 1150 1.00 0.141 

05.Drop Sleep disorder 972 0.85 1043 1.00 0.157 

06.Drop Cancer 1101 0.83 914 1.04 0.175 

07.Drop Visual/Hearing Impairment 1206 0.85 809 1.04 0.194 

08.Drop fecal/urinary incontinence 1320 0.90 695 0.97 0.214 

09.Drop Conditions affect absorption 1413 0.93 602 0.92 0.232 

10.Drop Parkinson's disease 1499 0.91 516 0.97 0.241 

11.Drop Other AD treatments 1575 0.91 440 0.99 0.256 

12.Drop Schizophrenia 1645 0.90 370 1.04 0.260 

13.Drop Drug use disorders 1703 0.91 312 1.01 0.269 

14.Drop Alcohol use disorders 1778 0.94 237 0.80 0.280 

15.Drop Uncontrolled diabetes 1846 0.94 169 0.78 0.290 

16.Drop Use antidepressants 1856 0.95 159 0.69 0.292 

Table 5 shows a different scenario of dropping exclusion criteria, where we assessed the impact of dropping multiple 

exclusion criteria on the mean number of SAEs and mGIST score of the trial.  It was clear as we dropped additional 

exclusion criteria, both the population size of the eligible group and the mGIST score of the trial increased.  However, 

the predicted mean number of SAEs also increased, highlighting the need to find a balance between gaining trial 

generalizability and potentially increasing SAEs. 

Figure 6 illustrates the second scenario of eligibility criteria adjustments, where we aimed to find the optimal range 

of a continuous criterion.  Using the age criterion (i.e., patients from 45 years old to 90 years old) as an example, we 

gradually increased the upper limit of the age criterion from 40 to 100.  Considering patients’ age at first donepezil 

prescription, the predicted mean number of SAEs for each unit increase of the upper age limit, the sGIST score of the 

age criterion, and mGIST score of the trial were plotted in Figure 6.  As the upper limit of the age criterion increased, 

the number of SAEs slightly increased at the beginning and then decreased slightly, but essentially vibrated between 

1.3 to 1.5.  The confidence interval of the model predicted mean number of SAEs were large between 50 and 60 as 

well as between 90 and 100, but relatively narrow between 70 and 80, because we had more data of patients between 

70 and 80.  Both the sGIST score of the age criterion and the overall mGIST of the trial increased, at first, quickly 
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from 70 to 80 and then slowed down after around 85.  Considering both the GIST and the predicted mean number of 

SAEs, it may be beneficial to increase the upper limit of the age criterion to 100 because the increase in trial 

generalizability was not accompanied with significant increase in mean number of SAEs.   

Discussion and conclusion 

Our study demonstrated that adjusting clinical 

trial eligibility criteria would simultaneously 

impact trial generalizability and SAEs in the 

target population using RWD from a large 

clinical data network—OneFlorida.  We also 

demonstrated the potential decision processes 

of rationalizing both categorical and continuous 

eligibility criteria with RWD.  By examining 

the predicted number of SAEs for subgroup 

defined by each criterion, the subgroup with a 

lower risk of having SAE should be allowed to 

participate.  By examining the sGIST scores, the 

eligibility criterion has the most stringency 

could potentially be dropped.  Nevertheless, 

adjustments to eligibility criteria should 

consider both the generalizability of the trial 

(reflected by the GIST scores) and the predicted 

mean number of SAEs simultaneously.  For 

categorical traits like chronic conditions, 

usually used as exclusion criteria, if dropping 

such a trait (i.e., so that patients with that certain disease would be included in the trial) would largely increase the 

number of SAEs but gain little in trial generalizability, it may not be a good idea to do so.  For continuous trait like 

age, we shall broaden the age limits to include as many patients as possible, especially older adults, but without 

increasing the risk of potential SAEs.  Studies had shown that older patients, especially for those above 80, were 

under-represented in existing AD trials.6  As demonstrated in our study, for the donepezil trial for treating AD patients, 

the patients who aged above 80 had a similar expected number of SAEs comparing to those who were younger; thus, 

increasing the upper age limit to include older participants should be allowed.  In sum, eligibility criteria design of a 

trial should find the balance between manageable risks of adverse events for those eligible for the trial and the 

maximum trial generalizability.  

Our approach of using RWD to rationalizing clinical trial eligibility criteria by linking them with a generalizability 

score and the number of SAEs can be easily applied to other clinical data networks that contain large collections of 

RWD.  For other diseases and treatments, the same steps could be used to examine how adjustments to eligibility 

criteria can jointly impact trial generalizability and drug-related SAEs, which informs trial design.  Clinical trials are 

typically conducted in phases, where one could use our approach and data collected from early phase trials (e.g., phase 

1 and 2 trials) to inform the design, especially eligibility criteria design, of later phase trials (e.g., phase 3 trials).  Such 

an approach will yield a high return on investments, where phase 3 trials can be tailored to have the greatest 

generalizability with manageable participant risks. 

Moreover, our study also shows the feasibility of using RWD to build a trial participant identification and recruitment 

tool.  This tool would allow exploration of the potential target population and their characteristics, designing and 

tailoring the trial eligibility criteria, assessing the sample size of the study population, estimating the clinical outcomes 

(e.g., number of SAEs), and assessing the trial’s generalizability.  With such a tool, RWD could be used to support 

trial design to narrow the population representativeness gap between the trial participants and real-world target 

patients.  Additionally, such tool would also help assess participant risks in terms of SAEs when planning the trial. 

Our study is not without limitations.  First, we had no information on medication adherence because of the limitation 

of the EHR data, where only prescription data are available.  We simply assumed that patients who were prescribed 

with the medication did take the medication.  In future studies, being able to link EHR data with medication dispensing 

data can potentially alleviate this limitation.  Second, a number of the eligibility criteria were not computable because 

of the limited availability of the data elements in structured OneFlorida data (e.g., MMSE scores).  However, these 

data elements are often documented in free-text clinical narratives.  In future studies, we can explore advanced natural 

Figure 6. Model adjusted mean number of SAEs across age (blue solid line, 

the band were 95% confidence interval) sGIST score for age criterion with 

lower limit of 40 (red dash line), and mGIST score of the trial (green dash 

line). 
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language process (NLP) methods to extract these important data elements from unstructured clinical narratives.  

Moreover, in addition to SAEs, other clinical outcomes such as survival and treatment efficacy could be explored to 

enhance the decision processes.  

In sum, tools and methods to support the design of eligibility criteria are in great need.  Our ultimate goal is to build 

an easy-to-use eligibility criteria design tool that could rationalize the eligibility criteria by balancing clinical outcomes 

and trial generalizability with real-world data.  
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Abstract
Type 1 diabetes (T1D) is a chronic autoimmune disease that affects about 1 in 300 children and up to 1 in 100

adults during their life-time
1
. Improvements in early prediction of T1D onset may help prevent diagnosis for diabetic

ketoacidosis, a serious complication often associated with a missed or delayed T1D diagnosis. In addition to genetic

factors, progression to T1D is strongly associated with immunologic factors that can be measured during clinical visits.

We developed a T1D-specific ontology that captures the dynamic patterns of these biomarkers and used it together with

a survival model, RankSvx, proposed in our prior work
2
. We applied this approach to a T1D dataset harmonized from

three birth cohort studies from the United States, Finland, and Sweden. Results show that the dynamic biomarker

patterns captured in the proposed ontology are able to improve prediction performance (in concordance index) by

5.3%, 3.3%, 2.8%, and 1.0% over baseline for 3, 6, 9, and 12 month duration windows, respectively.

Introduction
Type 1 diabetes (T1D) is a condition characterized by a lack of insulin due to autoimmune processes that destroy
the insulin-producing �-cells in the pancreas. The presence or absence of four islet autoantibodies (AAB), which
are proteins produced by the immune system, have been shown to be associated with T1D3, 4: insulin autoantibodies
(IAA), GAD autoantibodies (GADA), insulinoma-associated protein 2 autoantibodies (IA-2A), and zinc transporter 8
autoantibodies (Znt8A). Laboratory tests can detect the presence of one or more of these AABs from blood samples.
Although the determinants of AAB progression (such as patterns of the presence or absence of AAB, and the number
and types of AAB) are not fully understood5, they have the practical advantage of being associated with the develop-
ment of T1D6. T1D is also associated with genetic factors, particularly the human leukocyte antigen (HLA) class II
region that regulates the autoimmune processes7. In fact, HLA class II genotypes have been used to select infants for
recruitment into natural history T1D studies8.

The incidence of T1D is increasing, particularly in children9. The accurate and early prediction of T1D onset may help
reduce or even prevent complications such as diabetic ketoacidosis10. Since we are interested not only in the diagnosis
of T1D, but also when it is diagnosed, we want to leverage time-to-event methods for predicting T1D onset. Towards
this goal, we utilized the RankSvx method2 proposed in our prior work that simultaneously optimizes two objective
functions: a regression function that models the event times of the observed events, and a ranking function that
models the relative risks of both the observed and censored events. Prior work have shown that RankSvx consistently
outperforms traditional survival models based on both concordance index and mean absolute error2. The use of features
derived from a single time point may not be sufficient for the effective prediction of T1D onset as the temporal
progression of autoantibodies is important for this task. Ontologies are powerful tools for semantically encoding
biomedical knowledge and can assist the downstream data analysis, insight mining, and improving prediction model
performance11, 12. In this study, we developed an ontology that relates the progression of different autoantibodies based
on varying definitions of stringency. We first created a number of definitions that capture autoantibody progression.
For example, “How many autoantibodies were developed?”, and “Were autoantibodies present in two consecutive
tests?”. Then, we built an ontology that relates these definitions. Finally, we derived features based on the ontology
and assessed whether the clinical knowledge regarding AAB dynamics extracted from this ontology improves the
prediction performance of RankSvx.

* These two authors contributed equally
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Methods and Materials
Data Sources
This study was performed using a subset of the harmonized dataset from our collaboration with the T1DI Study Group
that contained the longitudinal data for biomarkers we chose to use in these analyses. Essentially, the data came from
three studies of T1D, namely DAISY13 in the U.S., DiPiS14 in Sweden, and DIPP15 in Finland that followed children
from birth or close to birth and young adults until their diagnosis or for a period of 15 years whichever came first. The
Institutional Review Boards (IRBs) have approved the studies for each site and for the T1DI study group.

DAISY is a prospective, longitudinal study in Denver, Colorado that has enrolled subjects with high genetic and/or
familial risk from the general population. In this cohort, there are 2542 subjects of which 364 (15%) developed one
or more islet autoantibody during the follow up period. Of these subjects, 93 (3.7%) were diagnosed with T1D at the
end of their follow up period. On average, there are 11 (± 8) visits per subject, with mean time gap between visits at
1 (± 0.85) years and a mean age at visit (for a subject) at 8 (± 5) years.

DiPiS is a prospective, longitudinal, population-based study in the southern part of Sweden that has also enrolled
subjects at high genetic and/or familial risk from the general population. In this cohort, there are 4376 subjects of
which 406 (9%) developed one or more islet autoantibody during the follow up period. Of these subjects, 75 (1.7%)
were diagnosed with T1D at the end of their follow up period. On average, there are 8 (± 5) visits per subject, with
mean time gap between visits at 1.18 (± 1.43) years and a mean age at visit (for a subject) at 4 (± 3) years.

DIPP is also a prospective, population-based birth cohort study in Finland and is the largest study to date of T1D. It
has three sub-sites including Oulu, Tampere and Turku University Hospitals. Like other studies, DIPP also enrolled
subjects at high genetic risk from the general population. In this cohort, there are 11654 subjects of which 1297 (11%)
developed one or more islet autoantibody during the follow up period. Of these subjects, 400 (3.4%) were diagnosed
with T1D at the end of their follow up period. On average, there are 16 (± 10) visits per subject, with mean time gap
between visits at 0.61 (± 0.39) years and a mean age at visit (for a subject) at 5 (± 4) years.

HLA class II genotypes were used to select infants for follow-up, but the definition of high/low risk varied in different
studies. We harmonized these genotypes into 4 HLA risk groups – A, B, C, D, with A as the highest and D as the
lowest risk group. This harmonization was based on a priori risk16 of HLA class II DR, DQA and DQB alleles17.
Broad “hap-types” were defined resulting in “hap1/hap2“ encoding for each subject who were then assigned a “HLA
Risk Group”. The highest risk Group A genotypes are DR3-DQ2/DR4-DQ8, Group B are DR4-DQ8/x-x genotypes,
Group C are DR3-DQ2/x-x genotypes and Group D are neutral and protective genotypes.

Cohort Construction

Figure 1: Illustration of the cohort selection criteria.
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Figure 1 illustrates the cohort selection criteria used in this study. The timeline for each subject was divided into
three parts using two time markers: 1) the first time when testing positive for AAB biomarkers (firstBiomarker), and
2) the time when applying the prediction model for forecasting T1D (indexTime). Please note that the time duration
before firstBiomarker may vary among study subjects. A time window was created to capture any change in biomakers
between the time of firstBiomarker and indexTime. This window is labeled as the “duration window” and its length
varied from 0, 3, 6, 9 and 12 months in our experiments. The “follow-up” time is the time interval after indexTime until
their diagnoses of T1D or the end of study period whichever came first. To minimize the artifact that may come from
using different sets of subjects for model development and validation, we only include subjects that have at least one
biomarker positive at firstBiomarker and were followed for at least 12 months (the maximum of the duration window)
without developing T1D. For example, subject 4 would be excluded since he/she was lost to follow up within the
duration window (i.e. following 12 months), and subject 5 would be excluded since he/she developed T1D within 12
months.

Feature Construction

Two sets of features were considered in this study. The first set are basic features as typically collected in T1D birth-
cohort studies, e.g. sex, age@indexTime, HLA groups (A, B, C or D), study site, four AAB biomarkers (i.e. IA-2A,
IAA, GADA and Znt8A), and the number of AAB biomarkers that were detected positive at indexTime. The second set
of features are dynamic features that capture the dynamic patterns of AAB during the “duration window.” The features
IA-2A dyn, IAA dyn, GADA dyn and Znt8A dyn capture if the specified AAB changed between firstBiomarker

and indexTime. The possible feature values are -1 indicating that the AAB was positive at firstBiomarker and then
became negative between firstBiomarker and indexTime, 1 indicating the vice versa, and 0 indicating that the AAB
did not change between firstBiomarker and indexTime. We derived a CumulativeAABCount feature that counts how
many types of the four AABs were ever tested positive between firstBiomarker and indexTime. Two other features
were generated using the following ontology and are described next.

With the help of clinicians from the T1DI study group, we developed an ontology of AAB development shown in
Figure 2. Each term in the ontology represents a progression of AAB development and the ontology represents an
ordering in terms of stringency. The ontology can be used to label each visit from every subject. The term Single

refers to the case where the subject developed only one AAB and there was no prior AAB events. This is considered
to be the lowest stringent AAB risk definition. If the subject developed the same AAB in the next immediate visit,
we label the visit as SinglePersistent. Later if the subject developed a different AAB, we label that visit as Multiple

indicating that the subject has developed a different AAB and now has a history of multiple AABs. If the subject
developed more than one AAB at the same visit, i.e., Multiple@SameVisit, it is considered to be a more stringent
definition than just developing different AAB at different time points (Multiple). MultiplePersistentOR refers to the
case where the subject developed more than one AAB collectively on two consecutive visits and at least one of those
AAB is persistent. Finally, the MultiplePersistentAND is similar to MultiplePersistentOR but in this case, at least two
AAB have to be persistent. Clearly, MultiplePersistentAND is more stringent than MultiplePersistentOR. Based on this
ontology, subjects at each time point were assigned to their most stringent AAB definition based on the development
of AAB up to that point.

To better explain the ontology, we give illustrative examples in Figures 2(a) and 2(b) for two subjects, A and B.
Each row is a visit; each column corresponds to one AAB (IAA, IA-2A, GADA, Znt8A); and the value in the cell
indicates the AAB test result: 1 for positive and 0 for negative. Subject A developed only IA-2A at the second visit
so that visit is labeled as Single. Then, in the next visit, the subject developed GADA, which means that the subject
developed up to this point IA-2A and GADA, therefore, this visit is labeled as Multiple. In visit number 4, the subject
developed IAA and GADA, where GADA was persistent because it was positive for two consecutive visits (3 and
4), therefore, visit 4 is labeled as MultiplePersistentOR. In Figure 2(b), subject B developed IA-2A only on the first
visit, so that is labeled Single. On visit 2, IA-2A remains positive, so that visit is labeled SinglePersistent. The subject
developed IA-2A and GADA at visit number 4; however since IA-2A was not positive at visit 3 (so IA-2A was not
persistent) visit 4 is labeled as Mulitple@SameVisit. On visit 5, since both IA-2A and GADA remain, that visit is
labeled MultiplePersistentAND.

Based on this ontology, we derived two features to capture the progression of AAB. The feature HighestRiskSoFar
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Figure 2: Definition of ontology and examples of visits labels using the ontology

captures the highest risk (based on the ontology) the subject has reached to up to the current time point. Clearly,
subjects can have different trajectories to reach to a specific risk. For example, subjects can develop Single, Multiple,
Multiple@SameVisit, and then MultiplePersistentAND, while other subjects can go from Multiple to MultiplePersis-

tentAND directly. We also derived a feature called PathwayLengthToHighestRiskSofar to capture the length of the
trajectory to reach to the current risk. Overall, we generated 14 basic features and 7 dynamic features as shown in
Table 1.

Prediction Models

The objective of time to event analyses is to predict the time when the subject will develop T1D. However, one of
the challenges with these type of analyses is censored data, i.e. where some subjects are lost to follow up. RankSvx
addresses this challenge in a way by optimizing two objective functions simultaneously2. The first objective term,
which is similar to the Cox objective function, is to order event times which is suited to censored data. So, given two
subjects, the goal is to determine which subject is more likely to develop diabetes first. The second objective function is
to predict the actual time of the diagnosis and this function models the observed data (subjects who actually developed
T1D because their time of diagnosis is known). This term is similar to those used in standard generalized regression
models.

Let us assume that ti is the time of onset for patient i or the time of censoring and xi represents the feature vector used
by the model f to predict the onset of T1D. RankSvx optimizes the following objective function:

↵Lobs

�
ti, f(xi|⇥)

�
+ (1� ↵)Lcen

�
ti, f(xi|⇥)

�
+ g(⇥) (1)

where ⇥ is the parameter of the model f , ↵ is a hyperparameter to weight the contribution of each term, and g is
a regularization term to prevent overfitting. The function f predicts the actual event time which is implemented as
a linear regression function, i.e. f(xi|⇥) = ⇥Txi, and Lobs is implemented as the mean squared loss function to
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Table 1: List of basic and dynamic features.

Basic Feature Set
Feature Description

Age Age at index time
ABcount n Number of positive ABs at index time

Sex Sex of the subject: male (0), female (1)
DAISY If the subject was enrolled in DAISY study (1) or not (0)
DIPIS If the subject was enrolled in DIPIS study (1) or not (0)
DIPP If the subject was enrolled in DIPP study (1) or not (0)

HLA GROUP A If the subject was classified as high risk group A (1) or not (0)
HLA GROUP B If the subject was classified as risk group B (1) or not (0)
HLA GROUP C If the subject was classified as risk group C (1) or not (0)
HLA GROUP D If the subject was classified as low risk group D (1) or not (0)

IA-2A If the subject was tested positive for IA-2A (1) or not (0) at index time
IAA If the subject was tested positive for IAA (1) or not (0) at index time

GADA If the subject was tested positive for GADA (1) or not (0) at index time
Znt8A If the subject was tested positive for Znt8A (1) or not (0) at index time

Dynamic Feature Set
Feature Description

IAA dyn

If IAA was tested differently for the subject between firstBiomarker

and indexTime: -1 positive at firstBiomarker but ever became negative
between firstBiomarker and indexTime, 1 vice versa, 0 no change
between firstBiomarker and indexTime

IA-2A dyn

If IA-2A was tested differently for the subject between firstBiomarker

and indexTime: -1 positive at firstBiomarker but ever became negative
between firstBiomarker and indexTime, 1 vice versa, 0 no change
between firstBiomarker and indexTime

GADA dyn

If GADA was tested differently for the subject between firstBiomarker

and indexTime: -1 positive at firstBiomarker but ever became negative
between firstBiomarker and indexTime, 1 vice versa, 0 no change
between firstBiomarker and indexTime

Znt8A dyn

If Znt8A was tested differently for the subject between firstBiomarker

and indexTime: -1 positive at firstBiomarker but ever became negative
between firstBiomarker and indexTime, 1 vice versa, 0 no change
between firstBiomarker and indexTime

CumulativeAABCount How many kinds of AAB were ever tested positive for a subject
between firstBiomarker and indexTime

HighestRiskSoFar The highest risk (e.g. the deepest node in the AAB ontology) that a
subject has reached up to indexTime

PathwayLengthToHighestRiskSofar The length of the trajectory to the HighestRiskSoFar

penalize the prediction error:

Lobs =
X

i

1

2
(ti �⇥Txi)

2 (2)

The second term in equation (1) aims to correctly rank the relative risks of two subjects, which is equal to maximizing
the probability of all pairs of subjects whose predicted event times are correctly ordered among all subjects that can
actually be ordered. Let us assume Eij represents all pairs of subjects i, j where subject i observed the event and
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subject j may or may not have observed the event and ti  tj . In order to preserve the order of events, we maximize

log
Y

Eij

Pr(tj > ti|⇥) = log
Y

Eij

Pr [f(xj |⇥)� f(xi|⇥)] . (3)

According to18, we can instead minimize the following log-sigmoid lower bound

Lcen = �
X

i,j2Eij

log �(f(xj |⇥)� f(xi|⇥)) (4)

where � is the sigmoid function. Finally, the regularization term g(⇥) is the `2 norm to penalize the model complexity,
which is defined as g(⇥) = ||⇥||2. Additional details about the RankSvx method can be found in our prior paper2.

Evaluation Design
As discussed in the methods section, RankSvx optimizes two different objective functions simultaneously; one is
related to ordering the events and the other is related to predicting the actual diagnosis time. We used two metrics to
evaluate the performance of RankSvx for these two objectives. The first evaluation metric is the concordance index
(CI) which measures the proportion of concordant pairs and is one of the most used evaluation metrics for survival
models19. It is defined as

CI =
1

Ntest

X

Eij

1f(xi)<f(xj) (5)

where Ntest is the number of comparable pairs in the test dataset and 1 is the indicator function. Higher CI values
indicate better performance. The second evaluation metric is the mean absolute error (MAE) which measures the
performance of the prediction model to estimate the actual event times. MAE is defined as the mean of the absolute
differences between the predicted times-to-event and the actual observed event times:

MAE =
1

N

X

8ci=1

|ti � t̂i| (6)

where ci = 1 indicates patients who experienced the event. Lower MAE values indicate better performance.

We conducted several experiments to 1) evaluate the performance of the RankSvx model relative to baseline methods,
and 2) evaluate whether the clinical information extracted from the ontology described above improves the prediction
performance of the model. To evaluate RankSvx, we compared it to baselines including both time-to-event models
and regression models for predicting the actual time to event. The baselines include a Cox model which is the most
widely used semi-parametric survival model20, a parametric Weibull survival model21 and a linear regression model
that directly models the event times but cannot leverage the censored data. For these experiments, we evaluated all
models using the basic feature set (Table 1). To evaluate the usefulness of clinical information extracted from the
ontology, we evaluated the RankSvx model using different duration windows of 3, 6, 9, and 12 months to capture the
AAB dynamic patterns. For each duration window, we conducted two experiments, one using the basic feature set
only and the other using the basic features combined with the dynamic features. All features were extracted from the
history. For each experiment, five-fold cross validation was used and the average and standard error of the performance
metrics across the five folds are reported.

Results
We started with 2067 subjects who developed one or more ABs and then excluded subjects who were not followed up
for at least one year since firstBiomarker. This led to 1719 subjects in the study cohort and 437 of them developed
T1D. The mean (±SD) age at firstBiomarker was 4.5 (±3.7) years. Of the 1719 subjects, 750 were female. The mean
(±SD) of follow-up time was 5.3 (±3.2) years for those who developed T1D and 7.8 (±4.5) years for those who did
not starting from firstBiomarker. The mean (±SD) number of visits between firstBiomarker and indexTime was 1.6
(±1.1).
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The first set of experiments were performed to evaluate the performance of RankSvx and other baselines at first-

Biomarker using the basic feature set. Results are shown in Figure 3 which plots mean absolute error (MAE) on
the horizontal axis and concordance index (CI) on the vertical axis for the four models. The upper left corner of the
plot indicates an ideal prediction with low MAE and high CI. The RankSvx model (red) has a similar CI as the Cox
model (black) but with much lower MAE, showing that RankSvx is comparable to the survival Cox model in terms
of ordering the events but much better at predicting the actual time to event. Compared to the regression model (yel-
low), the RankSvx model has similar MAE but much better CI, showing that RankSvx has similar prediction error
with the regression model but is much better at ordering the events. The RankSvx model is significantly better than
the Weibull model (blue) in both MAE and CI. These results confirm our hypothesis that optimizing both objective
functions simultaneously can lead to improvements on both performance metrics: better prediction of the actual time
to event (MAE) and more accurate ordering of the events (CI). Finally, we note that the standard error for RankSvx on
both measures is much smaller than for the other baseline models.
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Figure 3: Prediction performance (CI and MAE) of the Cox, Regression, RankSvx, and Weibull models using the
basic feature set

The second set of experiments were performed to evaluate whether the clinical information extracted from the ontology
can increase the accuracy of the predictive model. Results are shown in Figure 4 for both CI and MAE metrics.
The RankSvx model was applied twice: first using only the basic features (blue lines) and second using both the
basic features and the dynamic features (red lines). Different length duration windows (0, 3, 6, 9, 12 months) after
firstBiomarker were explored. Performance at duration window 0 is the same for both models because there is no
dynamic information regarding biomarkers at firstBiomarker. With a duration window of 3 months, we see that the
model with just the base features has slightly improved CI performance (from 0.719 to 0.731) compared to 0 months
since an additional 3 months of data on the basic features is now available and the indexTime has increased. For the
model with dynamic features, the CI performance has significantly increased from 0.719 to 0.784. The difference
between RankSvx with and without dynamic features using a 3-month duration window is 0.053. As the duration
window increases, the improvement of using the dynamic features decreases: 5.3%, 3.3%, 2.8%, and 1.0% for 3, 6,
9, and 12 month duration windows, respectively. It may indicate that the history information extracted from the most
latest visits before the indexTime is most valuable to improve CI. Figure 4 (b) shows that, in terms of MAE, there is
very little change resulting from the addition of the dynamic features. It appears that the dynamic features can help
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with discriminating between subjects that develop T1D and those that do not, but can’t help with estimating exactly
when T1D onset occurs. Figure 5 shows feature importance for 21 features and their bootstrapped confidence intervals.
Note that the prediction model is leveraging dynamic features based on 12 month duration window and the risk factors
with positive coefficients contributing to the longer survival time.
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Figure 4: Prediction performance (CI and MAE) of the RankSvx model using the basic feature set compared to using
the basic + dynamic feature sets

Figure 5: Feature importance for 21 features considered in the prediction model
Discussion
Previous prediction studies with similar data mainly focused on developing a composite risk score using domain
knowledge22. Their prediction performance was relatively high perhaps because they used the same biomarkers as the
ones used in diagnostic tests for presymptomatic T1D10. However this composite risk score lacks the flexibility to con-
sider dynamic temporal patterns (trajectories) of biomarkers and multiple risk factors simultaneously especially when
dealing with the interactions between different risk factors23. Some studies have focused on exploring the complex
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relationship between longitudinally measured biomarkers and the risk of progression to T1D using novel methods, e.g.
Bayesian joint modeling approach24, 25. However, these methods may have leveraged information beyond the forecast-
ing/prediction time and may be fine for association analysis, but may not be appropriate for prediction purposes. In
contrast, our study is first of its kind to leverage both complex dynamic temporal biomarker patterns and advanced
machine learning methods to predict time to T1D.

A limitation of this study is that this prediction model was developed in the context of a high genetic and/or familial
risk population, and those who tested positive for biomarkers. Therefore, the results may vary if we apply the model
to different populations and/or starting points such as when subjects show persistent positivity.

In terms of future work, we plan to explore the impact of other features on predicting T1D onset, for example the
age at multiple/single persistent visit, growth features such as height and weight, or the titer levels of the biomarkers.
Although the dichotomy of positivity and negativity of biomarkers has shown to improve prediction accuracy, the con-
sideration of biomarker levels may further enhance prediction26. There is an ongoing debate regarding the application
of advanced machine learning methods to draw clinical insights. Many clinicians feel uncomfortable with black box
methods, even if it does achieve high degrees of diagnostic or prognostic accuracy, and there have been calls for more
research to understand how these models work27. Therefore, we plan to conduct a feature importance study to better
understand how dynamic features contribute to the prediction performance.

Conclusion
We proposed a novel survival analysis approach that incorporates a biomarker ontology that reflects the dynamic
change of the biomarkers over time. We used this approach to predict when a subject would develop T1D after
first time when tested positive for any biomarker using RankSvx, a time-to-event prediction model. We conducted
extensive experiments on a harmonized birth cohort data set and the results validated the improved concordance index
when using the proposed method.
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Abstract 

IgA nephropathy (IgAN) is common worldwide and has heterogeneous phenotypes. Predicting long-term outcomes is 
important for clinical decision-making. As right-censored patients become common during the long-term follow-up, 
either excluding these patients from the cohort or labeling them as control will bias the risk estimation. Thus, we 
constructed a survival model using EXtreme Gradient Boosting for survival (XSBoost-Surv), to accurately predict the 
prognosis of IgAN patients by taking the time-to-event information into the modeling procedure. Shapley Additive 
exPlanations (SHAP) was employed to interpret the individual predicted result and the non-linear relationships 
between the predictors and outcome. Experiments on real-world data showed our model achieved superior 
discrimination performance over other conventional survival methods. By providing insights into the exact changes 
in risk induced by certain characteristics of the patients, this explainable and accurate survival model can help 
improve the clinical understanding of renal progression and benefit the therapies for the IgAN patients.  

Introduction 

Immunoglobulin A Nephropathy (IgAN), a condition that damages the glomeruli inside kidneys, is a leading cause 
of chronic kidney disease (CKD) and renal failure. Prevalence varies geographically, with higher incidence in 
Pacific Asian regions1, 2. IgAN usually progresses slowly over years, but the course of the disease varies from person 
to person. Some people leak blood in their urine without developing problems, some eventually achieve complete 
remission and others develop end-stage kidney failure. As shown in recent long-term follow-up studies, up to 30-
40% of IgAN patients develop end-stage kidney disease (ESKD) within 10-25 years, which demonstrates the 
prognosis for IgAN is poor 2, 3. Accurate long-term kidney prognosis prediction models are needed to support 
clinical decision making for precise treatment and management.  
There have been some models established to predict the long-term prognosis of IgAN patients3, 4. During the long-
term follow-up, more and more patients may leave the study, meaning their status are unknown before the end of the 
study. Therefore, most of the previous IgAN prognosis models employed statistical survival methods, such as cox 
regression5, to deal with these censored records. However, these models usually made too strict assumptions on the 
data distribution3, 5 and utilized small number of predictors, which resulted in inadequate performance. As the 
clinical presentations of IgAN patients are complicated, more complex models are needed to capture the 
relationships between variables and the target outcome. Machine learning models are more skilled in modeling the 
heterogeneous data and have achieved state-of-art results in many clinical tasks6-8. However, common machine 
learning practices ignore the right-censoring issue in the time-to-event data. In other words, these censored patients 
are either removed from the study cohort or labeled as control samples, which results in biased estimation of the 
predicted risk.  
In our paper, we employed a machine learning survival method to build the long-term prognosis model, aiming to 
simultaneously learn the complex patterns hidden in the time-to-event data and handle the right-censoring issue. 
Recently, the objective function of EXtreme Gradient Boosting (XGBoost)9 has been modified to support the 
survival analysis, which we utilized in our paper and named as XGBoost-Surv to distinguish from that for 
classification. Despite of the superior performance in prediction accuracy, the machine learning models are often 
hard to use in clinical practice7 due to the unexplainable result. We here utilized the Shapley Additive exPlanations 
(SHAP)10 to explain why a prediction is made by XGBoost-Surv. Results showed that XGBoost-Surv made 
significant improvements over other conventional survival methods. Moreover, the interpretations of the prediction 
results offered deeper insight into the changes in risk induced by certain characteristics and thus could benefit the 
early intervention of the modifiable factors.  
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This study is an extension of our previous work11 by utilizing machine learning to build survival model instead of 
classification model and focus on offering explanations of the predicted result. We hope this work could make broad 
the application of machine learning in the clinical field. 

Methods 

2.1 Study population 

Single-center data were retrieved consecutively from Nanjing Glomerulonephritis Registry between January 2006 and 
June 2009. Multicenter data were collected from 18 renal centers between January 1997 and June 2010. All follow-
up data were updated to August 2017. This study followed the tenets of the Declaration of Helsinki, and was approved 
by the ethics committee of the Nanjing General Hospital (2010NLY-023), Nanjing, China. Written informed consent 
was obtained from all study participants. 

The IgAN patients were recruited to our cohort according to the following criteria. Patients with biopsy-proven 
primary IgAN who were 18 years or older with a follow-up time exceeded 12 months, an estimated glomerular 
filtration rate (eGFR) ≥ 30 mL/min/1.73 m2, proteinuria ≥0.5 g/d, and a biopsy specimen with 8 or more total glomeruli 
on periodic acid-Schiff (PAS) staining were eligible for inclusion. Patients who progressed to end-stage kidney disease 
(ESKD) and 50% reduction in the eGFR within the first 12 months of follow-up were also included. Patients with 
secondary causes of mesangial IgA deposits, such as IgA vasculitis and autoimmune disorders, or those with comorbid 
conditions, such as diabetes mellitus and Alport’s syndrome were excluded. 

Based on the criteria described, 2,047 IgAN patients were included in the study cohort. Patient data from a single 
clinical center were used as the derivation cohort, while patient data from a multicenter cohort were used as the 
external validation cohort.  

2.2 Variables and Target Outcome 

The eGFR was estimated using the chronic kidney disease epidemiology collaboration (CKD-EPI) formula. ESKD 
was defined as eGFR<15 mL/min/1.73 m2 for over 3 months, initiation of dialysis or transplantation. The mean arterial 
pressure (MAP) was defined as the diastolic pressure plus one-third of the pulse pressure. The time-averaged systolic, 
diastolic blood pressure, and MAP were calculated as previously reported4. Information about the type and duration 
of immunosuppressive treatment was recorded. Renin-angiotensin system blockade included any exposure to 
angiotensin-converting enzyme inhibitors, angiotensin receptor blockers, or both. The scoring sheet was based on the 
updated Oxford Classification for IgAN12. The exact biopsy tissue sections to be scored were marked on the PAS 
slides. In addition, capillary necrosis, arteries score, and malignant vascular changes were scored in this study. A total 
of 36 variables were included for candidate predictors, including epidemiological characteristics, clinical 
manifestations, clinical characteristics, pathological findings and treatments (Table 1).  

In this study, we defined the target outcome as the combined event (50% reduction in the eGFR or ESKD) after biopsy. 

Table 1. Variables in the data set 
Category Variable name 

Epidemiological 
characteristics 

Age at biopsy, Body Mass Index, Gender, Family history of kidney disease, 
Immunosuppression treatment prior to the biopsy, Renin-angiotensin system blockade 
prior to the biopsy 

Clinical manifestations Hypertension before biopsy, Macroscopic hematuria before biopsy 

Clinical characteristics 
Serum albumin (g/L), MAP (mm Hg), Serum creatinine (mg/dl),Estimated GFR 
(ml/min per 1.73m2), Urine protein (g/d), Serum cholesterol (mmol/L), Serum 
triglycerides (mmol/L), Serum uric acid (μmol/L), Microscopic hematuria (/microliter) 

Pathological findings 
M, E, S, T, C, N, Mean mesangial score, Endocapillary hypercellularity, Global 
sclerosis, Segmental sclerosis, Necrosis, Crescents, Tubular atrophy /Interstitial 
fibrosis, Arteriosclerosis interlobular arteries, Arteriolar hyalinosis 

Treatments 
Tonsillectomy, Immunosuppression treatment during follow-up time, Renin-
angiotensin system blockade treatment during follow-up time, Statin treatment during 
follow-up time 

 

738



  

2.3 Machine learning analysis 

2.3.1 Model Construction and Evaluation 

The survival model was constructed by XGBoost-Surv on the derivation set. XGBoost is a gradient boosting 
approach13 which ensembles a series of relatively weak base classifiers into a stronger one in the sequential manner. 
Compared to the original version of XGBoost for classification, the objective function of XGBoost-Surv was 
modified into Cox loss function5 to adapt to the time-to-event data. In the derivation set, we used 5-fold cross-
validation to tune the hyper-parameters of the XGBoost-Surv, including the “max depth of trees”, the “minimum 
loss reduction” required to make a further partition on a leaf node, the “boosting learning rate” and the “number of 
estimators”. The “objective” was set to “survival:cox” and the “booster” was set to “gbtree”. Other parameters 
were fixed as default.  

We compared the performance of XGBoost-Surv model with other conventional survival methods, including random 
survival forest (RSF)14, support vector machine for survival (SVM-Surv)14, 15 and the statistical method cox regression5 
and cox with lasso penalty (lasso-cox)16. The hyper-parameters for lasso-cox, RSF and SVM-Surv were also optimized 
by 5-fold cross-validation on the derivation set.  

2.3.1 Model Evaluation 

We used the time-dependent concordance index (Ctd-index)17 to quantify the concordance between the predicted and 
true survival time of a set of patients. This metric is commonly used to evaluate and compare predictive models with 
censored data18. The Ctd-index evaluates whether predicted survival times are ranked in the same order as their true 
survival time. Because of censored data, the actual ordering of patient survival is not always available. For example, 
if patient i died at ti and patient j is still alive at ti and ti > tj, the actual order of this pair of patients’ survival is not 
available as patient j may or may not have died before ti. This pair of patients is defined as a non-admissible pair, in 
opposition to admissible pairs, where the actual order of patient survival is available. 

The Ctd-index is defined as follows: 

𝐶!" − 𝑖𝑛𝑑𝑒𝑥	 = 	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑐𝑜𝑛𝑐𝑜𝑟𝑑𝑎𝑛𝑡	𝑝𝑎𝑖𝑟𝑠/𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑎𝑑𝑚𝑖𝑠𝑠𝑖𝑏𝑙𝑒	𝑝𝑎𝑖𝑟𝑠 

where concordant pairs are the pairs of patients that are correctly classified and admissible pairs are the pairs of patients 
that can be ordered. For example, (i, j) is admissible if patients i and j are not censored, or if patient i dies at t = k and 
patient j is censored at t>k. On the contrary, if patient i died at t=k′ and patient j is censored at t < k′, (i, j) is not 
admissible. 

2.3.2 Model Interpretation 

Shapley Additive exPlanations (SHAP)10 was utilized to interpret the prediction result of our model. SHAP method 
transforms the original complex machine learning models to simple linear addition approximations around 
each data point. Formally, SHAP explains the output of a model as a sum of each contributing variable 
𝑦!"#$
% = ∑ Φ&,%

(
&)* , where Φ&,% is the attribution of variable 𝑖 to the predicted result 𝑦!"#$

% 	for sample 𝑗. 
Φ&,% 	greater than zero means the variable 𝑖 at the current value increases the predicted risk for individual 𝑗 while less 
than zero indicates the opposite.  

In our study, we utilized these 	Φ&,% 		in the derivation cohort to interpret the predicted result of the XGBoost-Surv 
model in three levels: (1) The general variable importance in the model by calculating the mean magnitude of the 
attributions values of each variable (Φ& = ∑ Φ&,%

+
%)* /𝑁)	.	(2) The relationship between each variable and the 

combined renal event by investigating how the attributions varied with the variable values. To be mentioned, we 
modified the original main effect plot offered by SHAP by fitting more interpretable curves from the points 
using generalized additive model19. (3) Individualized risk explanation by the 	Φ&,% for each IgAN patient;  
3. Results 
3.1 Study cohorts 

The derivation cohort was comprised of 1022 patients and the median follow-up was 7.9 years (interquartile range, 
6.6-9.8). The 5- and 10-year renal survival rates were 96.8% and 92%, respectively. The external validation cohort 
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recruited 1025 patients and the median follow-up was 7.8 years (interquartile range, 3.0-12.0). The 5- and 10-year 
renal survival rates were 83.8% and 76.4%, respectively. 

Among the 36 variables, the overall rate of missing data was 0.75% in the derivation cohort and 1.18% in the external 
validation cohort. Missing values were imputed by mean or mode for continuous and categorical variable respectively. 

3.2 Model Evaluatoin 

We listed Ctd-index of the applied methods in Table 2. The XGBoost-Surv model trained on the 36 variables had a 
Ctd-index of 0.822 (95% CI: 0.784-0.860) on the external validation set. The XGBoost-Surv achieved overwhelmed 
performance over the cox regression (0.655, 95% CI: 0.601-0.708), lasso-cox (0.795, 95% CI: 0.757-0.833), RSF 
(0.773, 95% CI: 0.730-0.815) and SVM-Surv (0.781, 95% CI: 0.741-0.821) on the external validation set.   

 
Table 2. Ctd-index (95% confidence interval) of different survival models 

Method Derivation set External validation set 
Cox Regression 0.860 (0.815-0.905) 0.655 (0.601-0.708) 
Lasso-cox  0.831 (0.787-0.875) 0.795 (0.757-0.833) 
RSF 0.854 (0.815-0.893) 0.773 (0.730-0.815) 
SVM-Surv 0.866 (0.831-0.901) 0.781 (0.741-0.821) 
XGBoost-Surv 0.872 (0.834-0.911) 0.822 (0.784-0.860) 

3.3 Model Interpretation 
3.3.1 General Variable Importance in the XGBoost-Surv model 
The general variable importance of the top ten variables obtained from SHAP as described in Methods were 
illustrated in Fig. 1. The Tubular atrophy/Interstitial fibrosis (%) and global sclerosis (%) were the strongest 
contributors to the model’s final decision. Among the top ten most important variables, five were clinical 
characteristics, three were pathological characteristics, one was the epidemiological information and one was the 
clinical manifestations.  

 
 
Figure 1. Top ten important variables in the XGBoost-Surv model. 
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3.3.2 Relationships between the variables and the predicted risk  
As described in the method, the effect of varying variable values indicates the relationship between the variable and 
the predicted risk. Fig. 2 demonstrated the results from some typical variables. Results showed that XGBoost-Surv 
did capture the non-linear relationships between the predictors and the combined renal event. The relationship of the 
tubular atrophy/interstitial fibrosis was two phased, segmented by the value between 30% and 40%. The tubular 
atrophy/interstitial fibro more than 40% increased the risk of IgAN progression while less than 30% would be 
beneficial for the progression. Similar pattern existed in the variable of age. It was interesting to discover that serum 
triglycerides displayed a U-shaped relationship with the combined renal event, which meant both too high or too low 
values would increase the predicted risk. The global sclerosis and urine protein linearly related to the predicted risk 
at lower values and then kept constant after reaching a certain threshold. 

 
 

Figure 2. Relationship between the variables and the predicted risk of the combined renal event. The horizontal axis 
represents the variable value and the vertical axis represents the variable attribution to the predicted result. Each data point 
corresponds to one prediction from a particular patient. Red means the variable at the current value increases the predicted value 
while blue decreases the predicted value. The yellow colored lines represent the smoothed fitted curve from the attribution 
values. The grey histograms on each plot show the distribution of values for that variable in the derivation set. 
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3.3.3 Individualized interpretation of the predicted risk  
Fig. 3 demonstrated two examples of the individualized interpretation results from SHAP. The figure explained how 
the patients got his/her predicted risk of within 5-year combined renal event given the status of the 36 variables. For 
the IgAN patient in Fig. 3a, XGBoost-Surv predicted his/her risk as 0.09, mainly contributed by the variables listed 
in the horizontal line. The global sclerosis (% of glomeruli) 8.1%, Serum uric acid 228.0 μmol/L and serum albumin 
44.1 g/L were the main factors that pushed the patient’s 5-year combined event risk to lower values from the 
baseline risk. The serum triglycerides 0.72 mmol/L was the main factor that pushed the predicted risk to higher 
values. For the patient in Fig. 3b, the predicted risk was 0.55, whose age of 20 years old, urine protein at 12.7 g/24hr 
were the top two contributors to the high predicted risk while the global sclerosis (% of glomeruli) 10% decreased 
the predicted risk.  

 

Figure 3.  Explained combined event risk for two example individuals. The contributing variables are arranged in the 
horizontal line, sorted by the absolute value of their impact. Variables in the red arrow mean the impact values are positive while 
blue means negative. The length of the arrow bar represents the absolute value of the impact. The output value is the predicted 
within 5-year combined renal event risk. The base value means the predicted risk of the “average” IgAN patient, whose variable 
values equal to the mean values in the derivation cohort. 

4. Discussion 

Patients with IgAN have various clinical presentations and histological lesions leading to difference prognoses, and 
approximately 50% of these patients still have a risk of progression in five to ten years2. Therefore, obtaining long-
term accurate individualized risk estimates for decisions on further management are important20. We proposed a 
survival model to predict the risk of combined renal event for IgAN patients by incorporating the machine learning 
method XGBoost-Surv and a model interpretation approach SHAP. The model we constructed achieved not only 
high accuracy but also good clinical interpretability. The observed efficacy suggests the ML models can be a 
powerful tool in predicting the prognosis for the IgAN patients. 
During the long-term follow-up, patients may leave the study before the target event occur or the end of the study. 
As methods for classification task do not consider the time to event information, the common machine learning 
practice is to exclude the censored patients or label them as the control samples. However, the former means may 
result in insufficient data and the latter one decreases the event rate, both of which can bias the predicted risk. One 
rational solution is to utilize the survival analysis to handle the time-to-event data. Although the traditional statistical 
survival models such as cox regression5 can deal with the censored issue and are user-friendly, they often require 
strong assumptions in data, including the linear relationship, independence of observations and no multi-collinearity 
among variables21. For complex data, these oversimplified models may result in inadequate predictive accuracy and 
insufficient subsequent decision making. 
Considering the above challenges, we employed the machine learning survival method XGBoost-Surv, to learn the 
complex relationships hidden in the time-to-event data. Specifically, XGBoost-Surv employs regression tree as its 
base classifier, which can handle numerical data that are highly skewed and multimodal. As observed, the XGBoost-
Surv model achieved an overwhelmed Ctd-index of 0.822 (95% CI: 0.784-0.860) than the cox regression model 
(0.655, 95% CI: 0.601-0.708) on the external validation set. The lasso-cox model (0.795, 95% CI: 0.757-0.833) 
behaved better than the cox mainly benefiting from its embedded feature selection mechanism. But it was still less 
accurate than XGBoost-Surv due to its strong assumption on the linearity. XGBoost-Surv also beat random survival 
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forest on our data. Compared to random survival forest (0.773, 95% CI: 0.730-0.815), which is also an ensemble 
tree system, XGBoost-Surv is trained in an additive manner, which makes it focus on the residuals left by the 
previous training in each round. This mechanism helps XGBoost-Surv to gain more precise prediction under fine 
parameter tuning. We also applied SVM-Surv on our problem. As we know, SVM needs a kernel to project the data 
into a space where it can separate the data points when they are not linearly separable. However, it’s hard to find a 
kernel perfectly suitable to a data distribution. In contrast, XGBoost-Surv adapts to the data automatically and thus 
achieved better performance (0.822, 95% CI: 0.784-0.860) vs. (0.781, 95% CI: 0.741-0.821) on the IgAN data.  

The complex mechanism of the machine learning approaches makes their results hard to interpret. Unlike the widely 
employed statistical approach cox regression, whose coefficients tell the effect of the predictive factors on the 
outcome, the un-transparency issue of the complex ML algorithm applied in medical tasks are seriously criticized 
and doubted in recent years22-24. In this study, we showed that the machine learning algorithm could give better 
insight into the predicted risk by utilizing SHAP to demonstrate the complex relationship between predictors and 
outcome. Some of our findings showed consistency with the previous studies and some were novel and interesting 
discoveries. Prior studies have verified younger age as risk factor for aggressive IgAN, while advanced age is 
protective4, which is consistent with our results. Urine protein >1 g/d is a risk factor for IgAN that has long been 
widely recognized4, 25, which is very approximate with our turning point 1.25g/d. The risk factor hypertension found 
in the previous studies also agrees with our findings. In the IgAN Oxford classification26, Tubular atrophy/ 
interstitial fibrosis plays important roles. Global sclerosis of the glomerulus has also been confirmed by many 
studies and has a significant influence on the prognosis of the kidney27, 28. This variable can predict long-term kidney 
prognosis more accurately when combined with tubular atrophy/interstitial fibrosis29, which is also reflected in our 
result. Our study also explained why the model predicted the risk value for a specific individual. By providing the 
adverse and beneficial contributors, our proposed model allowed clinicians to plan appropriate interventions. For the 
patient in Fig. 3b, interventions should be made to lower the patient’s characteristic of urine protein. Deserved to be 
mentioned, the proposed model has been implemented in a risk prediction system for IgAN patients and used in real 
world application. Fig. 4 illustrated a screenshot of the system.  

Our study also demonstrated its limitations. Firstly, the cohort was not a prospective therapeutic trial, and the 
therapeutic interventions in patients were variable, although we did not identify treatment-related factors that 
significantly affect the prognosis. Secondly, the prediction model was established based on data obtained from the 
Chinese population, and the applicability of the results to other races and regions still needs to be verified. Thirdly, 
although XGBoost-Surv can capture the complex relationship between variable and the combined renal event, it is 
still limited by the proportional hazard assumption. In future work, deep learning for survival30 which leverages 
from the assumption about the stochastic process can be tried.  

Conclusion 

In conclusion, the proposed XGBoost-Surv model in our study can be an effective tool to predict the long-term event 
of the IgAN patients, and offer explanations on how the patients’ characteristics and the clinical variables influence 
their prognosis. We hope the proposed model could benefit individualized treatment and management in IgAN 
patients and our work can contribute to make broad the applications of the machine learning techniques in clinical 
filed. 
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Figure 4. Screenshot of the risk prediction system. (a) The interface for inputting patient characteristics. (b) Risk 
prediction result and the individualized contributing factors. (c) Interpretation of the risk prediction model. 
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Introduction

Melanoma is a cancer of melanocytes and though it only accounts for ∼1% of all skin cancer diagnoses, it is a leading
cause of skin cancer-related mortality. Invasive melanoma, or disease that extends beyond the most superficial layer
of the skin, is the 5th and 6th most common malignancy in the United States in men and women, respectively.1 5-
year survival for thin, early stage melanoma is ∼98%, but drops to <25% for patients diagnosed with advanced-stage
disease. The incidence of melanoma has been rising steadily (3-7%/year) over the last ∼30 years, but mortality has sta-
bilized and even declined in some age groups in recent years, in part due to significant advances in available treatments
for late-stage disease, including targeted immunotherapies.2 Over the last ∼9 years alone, twelve new immunotherapy
drugs or clinical combination therapies have been approved by the Food and Drug Administration for the treatment of
melanoma.∗ Early assessments of efficacy and safety of new therapeutics is from clinical trial data, which are often
less representative of the general population due to strict inclusion criteria. Outcomes studies using national registries,
which allow us to expand our understanding of patient characteristics (e.g. demographics), treatment selection, and
outcomes (e.g. recurrence and death), are often delayed by years. Local registries, however, can be powerful sources
of real-world, near real-time data, the evaluation of which is critical to understand the immediate effect of these novel
treatments on patient outcomes.

Registries (databases comprised of systematically collected disease-specific patient data) have been growing in num-
ber since the early 2000s, but have garnered significant interest recently, both academically and commercially, as
translational applications have become more tangible and accessible to clinical providers (through digital health ser-
vices such as Verana Health and Flatiron Health). Registries vary in the level of detail included, which influences the
types of questions researchers can ask, ranging from impact on individual patient care, cancer surveillance, improving
understanding of treatment and survival trends, or serving as mechanisms to monitor quality in patient care. It is clear,
however, that the quality of the data in any registry is critical to the quality and accuracy of a study outcome3, and an
assessment of registry quality and clinicopathologic validation must be made prior to use as a epidemiologic (research)
resource. Many authors have defined what “quality” in registries means, described the types of errors most commonly
seen in registries and databases, and some have recommended standardized strategies to optimize data collection and
reduce error.3

Despite recent advances in data abstraction, processing, and analysis, such as natural language processing (NLP),
the emergence of data lakes, and statistical learning, large, automated, searchable, user-friendly, clinician-accessible
databases out of EHRs are still a promise of the future. At the moment, high-quality, detailed, controlled, and regularly-
updating tumor board registries, though laborious, are already in motion. These registries are purposed to clinically
assist physicians in understanding of disease and treatment courses, and have the potential to bring the learning health
system to fruition.

At our large, urban academic medical center and cancer center in New England, complex patient cases are discussed at
the institution’s multidisciplinary Melanoma Tumor Board (MTB), comprised of medical oncologists, plastic surgeons,
surgical oncologists, dermatologists, pathologists, radiologists, and basic scientists. About 10 years ago, the MTB
began building a patient registry (The Melanoma Registry; TMR), including all patients with a diagnosis of melanoma

∗Based on a review of marketing approval dates publicly available at the FDA through the National Drug Codes database. https://www.
accessdata.fda.gov/scripts/cder/ndc/index.cfm, accessed on Sunday March 8th 2020 at 16:00h UTC -4
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seen at the institution at any point in their care timeline. Since its inception, the purpose of this registry was to augment
the ability of members to make prognostic predictions and inform treatment selection for uncommon presentations
through the inclusion and interrogation of granular data elements, such as genetic/genomic information and more
robust health and demographic data. This registry is a manually curated, near real-time resource, which includes
comprehensive treatment regimens and a growing patient pool managed by contemporary treatment strategies. TMR
contains 7414 patients with melanoma (1958-present), with 265 distinct data elements. Approximately 750 new
melanoma patients are seen at the institution each year, with a variable registry entry lag time, ranging from 1 week
to about 3 months. Priority of data entry is placed on cases with higher stage disease and rare tumor sites. Though
each individual institutional registry has differences, TMR seems to share many features of other published melanoma
registries.4

In this study, we first assess data quality and address data errors in TMR. To validate the registry, we examined a
known clinicopathologic outcome: overall survival stratified by AJCC 8th edition staging criteria, and find that the
registry is valid when compared to prior national and regional analyses.4, 5

Methods
Registry Curation

Eligibility criteria for TMR includes patients with a primary melanoma diagnosed up until January 2020. 3500 of these
patients were entered retrospectively through manual extraction of data from paper charts from 1970-2010 (though
original biopsies dated back to the 1950s). In 2011, the institution implemented an electronic health record (EHR) and
subsequent melanoma patients were enrolled prospectively. At this time, data was extracted directly from the EHR
and augmented as necessary through searches in obituaries.

To date, a single trained data manager has captured the clinical and pathological information from patients’ medical
charts (265 clinical and pathologic data points). The data elements are entered and stored in a Patient Registry Manage-
ment System (PRMS) using OnCore (Forte Research Systems Inc, Madison WI, version 15.4.10). After enrollment,
patients are prospectively followed, but prior to this study, the follow-up timeline was not regularly scheduled. The
tumor board leadership team is currently developing a standard process for future use. For this data quality and vali-
dation study, patients were only excluded if they did not have a reported stage (n = 956 (13%)). These patients were
excluded because stratification by stage was a key facet of the clinicopathologic validation outcome.

Each patient is assigned a unique identifier. Demographic information, personal medical history, social and family
history, pathology and radiology reports, surgical reports (including sentinel lymph node biopsy and complete lymph
node dissection data), stage, treatment types and courses, recurrence data and subsequent work-up and treatment, last
visit date, death data (if, when, cause) are entered as individual data elements into the PRMS.

Registry Data Quality

For the purpose of this study, our assessment of data quality is guided by a definition of quality as,

“the totality of features and characteristics of a data set, that bear on its ability to satisfy the needs that
result from the intended use of the data [...] data are of the required quality if they satisfy the requirements
stated in a particular specification and the specification reflects the implied needs of the user”3.

Data errors have been characterized in many different ways. For this study, however, we will discuss errors during
“set up and organization of the registry”, errors stemming from “data collection”, and errors due to lack of “quality
improvement” using strategies guided by the aforementioned definition from Arts et al.

All patient information and data elements were downloaded from OnCore into excel flat files. The excel files were
then loaded into R (version 3.6.1). Data elements were assessed for percentage of missing elements. Error assessment
was completed by comparing overlapping, though not redundant, data elements, to ensure the data elements had
equivalent information. Data discrepancies identified during data manipulation and data element characterization
were subsequently addressed, as detailed in the Results section. Redundant data elements were collapsed into single
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data elements, when possible, which reduced percentages of missing data within certain data elements. When data
errors were identified due to data entry, they were communicated to the data manager, who confirmed and corrected
the errors in the OnCore PRMS.

Clinicopathologic Validation

To assess the validity of the registry, a clinicopathologic case was selected which was explicitly a function of patient-
level features.5 Overall survival (OS) was calculated as time from the initial diagnosis (date of biopsy) to time of
death. Kaplan-Meier curves were generated to estimate the OS for each staging classification and the R survfit model
was used to generate and report the results. Log-rank tests were generated using the R survdiff model. Five-year OS
95% confidence intervals were estimated for stage IIC and IIIA disease. A two-tailed p-value, generated from the
log-rank test, <0.05 was used to establish statistical significance.

Results
Data Structure

Each patient in the registry has a unique identifier. In TMR, data elements are entered in data entry forms that are
linked directly to the patient/patient identifier or nested as a part of a biopsy (or recurrence) encounter, which is
then linked to the patient. While the biopsy-central data storage structure is an ideal clinical representation of the
data, it poses problems when using the registry as a informatics tool. When querying data elements that are sub-
categorized by procedural events, rather than storing all data in a patient-centered format, validation challenges arise
due to systematic, structural errors, as discussed in Arts et al.. Additionally, prior to this study, data review and audit
occurred occasionally, but the process was not standardized. There can be up to a few months delay for data entry,
though this is variable, with prioritization of later-stage tumors. The registry is cycled 1-2 times per year to update
patient death information, but again, this had not been standardized. Notably, the registry was reviewed prior to our
data analysis, to ensure accuracy of our output, and formal mechanisms are in development for future use.

Data errors were identified to have occurred at two phases (adapted from Arts et al.): 1. Set up and organization of the
registry, which include errors due to (a) Data loss, (b) Missing data and data elements, and (c) Lack of standardization;
and 2. Data collection, which include errors due to (a) Entry errors, (b) Data loss, and (c) Information loss. Table 1
presents a summary of these errors, as well as potential short and long term solutions detailed below.

1. Set up and organization of the registry

(a) Data loss: This error stems from loss of data through systematic changes over the lifetime of the registry
or database, or in data entry. It also occurs due to data processing without sufficient knowledge of the
underlying data structure. Examples of this in TMR are the implementation of dropdown boxes for the
comorbidity and medication data elements. While dropdown boxes minimize typing errors from free-
text entry and allow for faster input, they reduce the options of comorbidities or medications that can be
entered, though the data manager can always add to the dropdown boxes. Additionally, it is often too time
consuming or not possible (in the case of old paper charts) to retrospectively update old patient entries to
the new format. Another example of data loss occurs when patients have more than one primary tumor
biopsied on the same day. Both of these tumors/biopsy encounters are entered with the same patient
identifier, for example “PT1”, if this is the patient’s first melanoma diagnosis. As a result, due to retrieval
restrictions, some data elements will concatenate as (X; X′) in a single column. Ultimately, this is a result
of misalignment between the data entry and data storage primary keys, as the data is stored at minimum in
the third normal form, evidenced during retrieval transactions joining biopsy and patient tables.

Short-term corrections: We filtered out patients with more than one “PT1” for this analysis. We
split each individual comorbidity by “;” in either the “Comorbidities” column or the “Comorbidities
Dropbox” column, removed duplications and then merged the two columns into a single data element.
Long-term solutions: We recommend optimization of data entry and PRMS structure upfront to min-
imize changes needed over time. This includes involvement of clinical informatics specialists at reg-
istry creation time, alongside other technical specialists such as biostatisticians. Additionally, moving
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forward, all encounters should have different names, such as “PT1-1” and “PT1-2”, to prevent the use
of a composite key upon retrieval. This illustrates again, an issue encountered in TMR because data
is entered in a clinical-forward, rather than informatics-forward way.

(b) Missing data and missing data elements: This can be split into two categories—i. absent data elements
and ii. redundant data elements.

i. Absent data elements can occur when the information is available in the EHR, but excluded by
database creators/managers because it is considered unimportant for their purposes, or it is depri-
oritized as it increases total entry time per patient. An example of this in TMR is inclusion of markers
of socioeconomic status (e.g. insurance status). Data elements may also be missing because the in-
formation is not consistently available in the EHR (not collected, not recorded in patient encounters)
and this information could only be acquired by speaking with the patient again. Examples of this are
a patient’s “Fitzpatrick skin type”, which is a much more accurate marker than “Race” or “Ethnicity”
for a patient’s risk of development of melanoma, but requires a specific set of questions be asked of
the patient that is rarely done outside of dermatology practices. Finally, absent data elements occur
when information is not reliably updated in the EHR. The most important example of this is death
data (i.e. whether a patient is alive or has expired, the date of death, and cause of death). Death does
not trigger a separate EHR entry, so this information may not be in the EHR at all, or may be hidden
in a progress note. The EHR is searched periodically to check for death in late-stage patients, and the
data manager will occasionally cycle through obituaries, though this can be a laborious process.

ii. Redundant data elements can also lead to missing data in subsequent analyses if they are not com-
pletely interchangeable, leading to a form of syntactic ambiguity. An example in TMR is the assess-
ment of “skin tone”. There are 6 different data elements that can contribute to assessment of skin type,
including “Race”, “Ethnicity”, “Skin Tone”, “Sun Reaction”, “Eye Color”, and “Hair Color”. Each
patient has some of these elements included in incomplete combinations, which leads to missing data
and information loss when trying to integrate them into one data element, which otherwise is absent.

Short-term corrections: We examined, through manual review, specific data elements which war-
ranted attention (such as death), performing a more detailed chart review to correct errors.
Long-term solutions: Regarding absent data elements, we recommend implementing a standardized
data review process as described in Bajaj et al. We would also recommend a second data manager
or analyst to audit the data and perform regularly scheduled checks looking for data elements with
known errors or those revealed through auditing. One could also consider addition of a structured
death element in the EHR. Death data is critical for accurate survival assessment and mechanisms
to improve this series of data elements should be prioritized. Finally, collaborating with different
clinical specialties prior to building the registry or database may help ensure more of the necessary
data elements for validation are included in the registry and do not have to be added, integrated, or
imputed later. This can also be applied to redundant data elements, where we can select, for example,
the most useful “skin type” indicators and encourage increased collection and documentation of those
specific data element(s) in patient encounters.

(c) Lack of standardization: This is most commonly due to variability of the recording preferences of the
physician or provider that writes the notes and is a form of semantic ambiguity. In TMR, this is most
visible in the data elements related to response to therapy. For example, some physicians record response
using RECIST guidelines (Complete Response, Partial Response, Stable Disease, Progressive Disease),
while others report “Excellent response”, “Mixed response”, or “No response”. In order to combine these
into a unified response element for data analysis, we would have to interpret the original meaning, which
has the potential to introduce error (especially when performed by a non-clinician). Another example
is differences in the questions patients are asked. While some physicians regularly ask questions about
family history, sun exposure, history of sun burns, others do not, which again leads to missing data during
data entry. A similar lack of standardization is seen in pathology reports of biopsy and surgical specimens.
Most reports comment on depth of invasion, presence of ulceration, and melanoma subtype because those
features have been reported to have prognostic significance. However, there are many other features that
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may end up having significance in the future, as we learn more and guidelines change (as they did for
mitotic index with the adoption of the AJCC 8th edition in 2018).6 Some pathology reports will include
the absence of potentially useful features (some of which have known prognostic significance in other
cancer types)7, such as lymphovascular invasion, presence of attached nevus, perineural invasion, among
others, while many exclude information about these features altogether. When extracted, these features are
correctly reported as “not applicable” rather than “No”, which will obscure our ability to understand the
impact of each variable. Additionally, if any of these features become critical in the future, and they are
not recorded now, our ability to create retrospective cohorts will be limited.

Short-term corrections: We made and documented the use of assumptions when standardizing data
for analysis.
Long-term solutions: Initially, we recommend identifying a focused group of high-yield data ele-
ments, a minimum viable dataset for validation, and discuss importance and utility with the clinical
service lines participating in the registry to encourage improved and expanded information collec-
tion moving forward. Additionally, improvements to the registry need to be coupled with consistent
training to resolve syntactic and semantic ambiguity at the point of data entry.

2. Data collection

(a) Entry errors: In TMR, the primary cause of entry errors is manual data entry. A goal of this registry is
rapidity of data entry, which further compounds risk of entry error. Examples include not clicking “No”
with the assumption that “not applicable” (which auto fills if nothing is clicked) means “No”, which is not
the case. Another example includes not clicking “Yes” for “has the patient had medical therapy”, but then
that same patient has a medical therapy start date.

Short-term corrections: We compared all related data elements, for example yes/no interventions and
the presence/absence of start dates or results. Programmatically we can then back fill the yes/no in the
table. We went through data elements recorded by free-text and corrected errors in spelling and text
case (upper vs. lower) so that data was syntactically consistent during analysis.
Long-term solutions: Utilize the ability of enterprise registry software such as OnCore or REDCap to
link directly to the EHR. If structured data elements were automatically pulled into the PRMS, this
would reduce error due to manual entry, increase rapidity of entry for certain data elements, allow the
data manager to spend more focused time on the unstructured data elements, and would auto-update,
helping to keep the registry contemporary with reduced effort and increased accuracy.

(b) Information loss: This type of error occurs due to binning of data, a pre-processing technique to reduce
the effects of minor observation errors. An example of binning is reducing the comprehensive lists of
comorbidities into a comorbidity score (e.g. Charlson Comorbidity Index). The score is a much easier
data element to manipulate, but this reduction of granularity of output leads to loss of information that
may be important.

Short-term corrections: We suggest reducing granularity of data strategically, and document when
this occurs so we can better understand the effect it may have on the data.
Long-term solutions: As the registry grows, less common data element subcategories may grow to
useable numbers. Focused studies could be performed on granular elements, such as comorbidities,
to minimize information loss, or improve the prognostic capacity of data.

There are many advantages to the current structure and entry process of TMR. First, all of the data has been entered
by a single data manager, which standardizes the interpretation and entry. Quality control improvements can facilitate
error correction during data collection. For example, after series of data entry, we recommend performing quality
checks including review of default values (”not applicable” rather than yes/no) and review of overlapping and non-
redundant date elements to cross-check data entry. Additionally, the flexibility of a single data manager allowed for
the addition of any new data elements that were identified as useful (e.g. insurance status) to the PRMS. Adding
new data elements, however, requires retrospective chart review, of which feasibility is a factor. For example, while
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TMR database manager can no longer update the first 3500 patients (whose data is from paper charts and no longer
accessible), he can update all those with data in the EHR. Another limitation of TMR is possible introduction of
correction bias. Specifically, the data manager has been willing to correct errors as they have been discovered, but
this has the potential reduce error through an imbalanced mechanism, and should be addressed when discussing study
results.

After addressing entry and data manipulation errors as above, through the use of the informatics methods described,
we can conclude that the registry achieves quality standards for subsequent studies, as discussed by Arts et al. We then
sought to validate the cleaned registry by comparing survival outcomes in our PRMS to studies published recently in
the literature.4–6

Clinicopathologic Validation

7389 patients were included for validation, including 194 stage IIC and 144 stage IIIA melanoma patients. Patients
ranged from an original biopsy/diagnosis date of January 1958 to November 2019. As expected, patients with early-
stage disease (melanoma in situ, stage IA, stage IB) have the best 5-year survival, and those with late-stage disease
(stage IIID, stage IV) have the worst outcomes (Figure 1a) (p-value <0.001). Patients with stage II and III disease have
outcomes between these two extremes (Figure 1a). As reported4–6, patients in our cohort with stage IIC melanomas
have significantly worse 5-year OS than patients with stage IIIA disease (Figure 1a, Figure 1b) (p-value <0.001).

Conclusion

Tumor board registries can be high quality, up-to-date resources that have the ability to impact complex patient care
at the individual level. When appropriately evaluated for data quality and validated through epidemiologic methods
against a clinicopathologic standard, registries also have the ability to improve our understanding of disease states
and contemporary treatment paradigms on a larger scale. Registry data collection comes with many known trade-offs
including granularity of data elements, speed of data entry, and labor intensity required for collection. Regardless,
informatics methods offer a means to assess data quality and to inform validity of analyses done using a registry for
clinical or research purposes. As Arts et al explains, there will always be errors, but we have to work to minimize
them, standardize them, and understand the impact they may have on our studies. Missing data and data errors matter
because we cannot assess the potential impact of variables that we are not measuring on outcomes. We cannot use
registries with the same fidelity in clinical and epidemiologic settings without accurate and precise demographic data
elements. Furthermore, we cannot accurately assess outcomes if we are missing outcome measures.

Through the practice of informatics, we were able to evaluate the data quality of TMR, a clinically useful, detailed,
longitudinal registry. We were then able to validate the registry’s data quality through evaluation of a known clinico-
pathologic outcome. Nationally, the goals of tumor boards and tumor board registries are expected to be similar to
those of TMR, and we suggest that the errors we have identified are generalizable. We also believe the recommenda-
tions posed for long-term improvements can be applied to current registries, and help inform the strategic development
of new clinical registries.

Finally, while the paradoxical survival of stage IIC versus stage IIIA melanoma patients has been observed and reported
before, few studies have identified differences in patient, tumor, or treatment characteristics that may contribute to
this difference in survival.4–6 Notably, the survival discrepancy persists when patients are staged by AJCC 7th or
8th edition criteria4, 6, as well as pre- and post-introduction of targeted therapy and/or immunotherapy for late-stage
disease management. With a valid data source in hand, we plan to study our stage IIC and stage IIIA patient cohorts
to better understand and characterize this survival discrepancy, including exploring the impact of genetic/molecular
differences of these tumors, which has the potential to directly impact patient treatment selection and outcomes.
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Table 1: Summary Table of Data Errors and their Short and Long Term Solutions

Data Errors Short Term Solutions Long Term Solutions
Set up and organization of registry
Data Loss • Filter patients early by redun-

dant identifiers

• Clean redundant elements by
splitting data, removing du-
plications, and re-merging
into a single data element

• Optimize data entry and
PRMS structure upfront to
minimize changes needed
over time

• Use completely unique identi-
fiers for every encounter

Missing data and missing data elements • Manual review of specific
data elements which war-
ranted attention (such as
death), performing a more de-
tailed chart review to correct
errors

• Implement a standardized
data review process

• Utilize a second data manager
or analyst to audit the data
and perform regularly sched-
uled checks

• Consider addition of a struc-
tured death element in the
EHR

• Collaborate with different
clinical specialties prior
to building the registry or
database

• Select the most useful indica-
tors and encourage increased
collection and documentation
of those specific data ele-
ment(s) in patient encounters

Lack of standardization • Make and document the use
of assumptions when stan-
dardizing data for analysis

• Identify a focused group of
high-yield data elements and
discuss importance and utility
with the clinical service lines
participating in the registry to
encourage improved and ex-
panded information collection

• Prioritize consistent training
to resolve syntactic and se-
mantic ambiguity at the point
of data entry

Data collection
Entry errors • Compare all related data ele-

ments, then programmatically
back fill the missing elements
using known related elements

• Correct free-text spelling and
text case discrepancies

• Link directly to the EHR, to
pull structured data elements

Information loss • Reduce granularity of data
strategically, and document
when this occurs

• Focused studies could be per-
formed on granular elements,
to minimize information loss,
or improve the prognostic ca-
pacity of data, as database
grows
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(a) Survival by stage of disease

(b) Survival for stage IIC and IIIA patients with 95% confidence interval
Figure 1: Kaplan-Meier curves of 5-year survival in TMR cohort
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Abstract 

A reliable and searchable knowledge database of adverse drug reactions (ADRs) is highly important and valuable for 
improving patient safety at the point of care. In this paper, we proposed a neural multi-task learning system, 
NeuroADR, to extract ADRs as well as relevant modifiers from free-text drug labels. Specifically, the NeuroADR 
system exploited a hierarchical multi-task learning (HMTL) framework to perform named entity recognition (NER) 
and relation extraction (RE) jointly, where interactions among the learned deep encoder representations from 
different subtasks are explored. Different from the conventional HMTL approach, NeuroADR adopted a novel task 
decomposition strategy to generate auxiliary subtasks for more inter-task interactions and integrated a new label 
encoding schema for better handling discontinuous entities. Experimental results demonstrate the effectiveness of the 
proposed system. 

Introduction 

Drug labels are intended to provide health care professionals with clear and concise prescribing information that will 
enhance patient safety at the point of care 1. That important information is in an unstructured format that greatly limits 
its potential for real-life clinical practices, thus automatic extraction of ADRs associated with relevant properties from 
narrative drug labels has drawn increasing attention in pharmacovigilance community 2, natural language processing 
community 3 and the government 4. In 2017, the U.S. Food and Drug Administration (FDA) and the U.S. National 
Library of Medicine (NLM) jointly organized a shared task entitled “Adverse Drug Reaction Extraction from Drug 
Labels” at the Text Analysis Conference (TAC-ADR), which further advanced text mining techniques for ADRs 
extraction from drug labels 5. Our study focuses on the named entity recognition (NER) task, i.e. extracting ADRs 
and related concept modifiers (Severity, Factors, DrugClass, Negation, Animal), and relation extraction (RE) task, 
i.e. identifying the relations (Negated, Hypothetical, Effect) between ADRs and related concept modifiers. For 
example, in the text “Grade 3 cutaneous reactions”, “Grade 3” is a Severity, “cutaneous reactions” is an ADR, and 
there is an “Effect” relation between them.  

Most of the existing systems for ADRs extraction exploited deep learning approaches which have shown promising 
results in many natural language processing (NLP) tasks 6. For instance, Saldana explored convolutional neural 
networks (CNN) for detecting ADR relevant sentences 7 and Alimova et al. utilized interactive attention neural 
network (IAN) to detect ADRs from biomedical texts 8. To effectively train deep neural networks, however, it usually 
needs millions of labeled samples which are often prohibitively expensive to get in many real-life applications 9. To 
address this challenge, semi-supervised methods based on co-training 10 and neural network pre-training 11 have been 
proposed respectively for extracting adverse drug reaction mentions from tweets. A popular alternative solution is 
Multi-Task Learning (MTL) 12, which has been widely applied and led to successes across all applications of machine 
learning, including speech recognition 13, NLP 14, computer vision 15. MTL has also been applied to ADR extraction 
from social media texts 16,17.  

Several prior works have developed hierarchical MTL 18–20, which integrates supervised feedback from each task at 
different levels of a specific hierarchy, achieving better system performance than traditional MTL approaches. 
Hierarchical MTL can be seen as a seamless way to combine multi-task and cascaded learning which is especially 
helpful for NLP tasks with low-level tasks feeding into high-level ones 18. More recently, Sanh et al. further 
demonstrated the effectiveness of a hierarchically supervised multi-task learning on four related semantic tasks 21 
without complex regularization schemes. Although conventional MTL approaches through shared components have 
been successfully applied in biomedical domain 22,23, exploring the emerging hierarchical MTL in biomedical 
applications is still an untapped but promising area. There lacks an understanding of how effective the hierarchical 
MTL works and what adaptations are needed to increase its potential without compromising the system 
generalizability in the biomedical domain. In this work, we proposed a new hierarchical MTL system, NeuroADR, 
for efficient ADR extraction from narrative drug labels. Unlike the top performed system at TAC-ADR 2017, 
NeuroADR is end-to-end trainable and was able to achieve comparable performance without relying on any 
handcrafted heuristic rules.  
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Our contributions are the following: (1) We propose a new hierarchical MTL architecture combining different subtasks 
related to ADR extraction, a first study to evaluate the state-of-the-art hierarchical MTL in the biomedical domain. (2) 
The new NeuroADR model exploits task decomposition and coupling strategies allowing more inductive transfer 
connections among different tasks at different hierarchy levels for optimal learning capacity. (3) A new label encoding 
schema was proposed to better handle discontinuous entities. (4) We evaluate and give insights on the impact of each 
adaptation strategy. 

Methods 

In this section, we describe our NeuroADR architecture regarding different tasks and components involved in the 
hierarchical multitask learning process. The main idea is that low-level tasks (e.g. NER tasks) are supervised at the 
lower level of the hierarchy while keeping more complex tasks (e.g. RE task) at deeper layers, and the supervisions 
from low-level tasks can provide feedback to deeper-level supervisions. Note that NER subtasks of different levels of 
complexity could be put at different levels of the hierarchy so that simple subtasks (e.g. NER-ADR-C) can provide 
feedback to more complex subtasks (e.g. NER-ADR-D) as described below. The architecture of our model is shown 

in Figure 1, where red lines indicate the decoding process for each task and blue lines for hidden representation flowing 
interaction among tasks.  

 

Words Embeddings 

As shown in Figure 1, we explore three word embeddings: (1) the state-of-the-art BERT (Bidirectional Encoder 
Representations from Transformers) encoder, which has been shown to outperform ELMo on various NLP tasks 24. 
(2) Domain Embedding: a customized word embedding 25 trained through skip-gram setting using all PubMed open 
access articles, 99,700 EHR notes, and English Wikipedia articles in 2015. This embedding contains 3 billion tokens 
and the dimension is 200. (3) CharCNN: the convolutional neural network (CNN) based Character-level word 
embeddings 26. Therefore, for any word wi in a given input sentence (s = w1,w2,…,wn), the embedding layer 
concatenates three embeddings as its final embeddings (eWi).  

Task Decomposition 

As mentioned earlier, we focus on NER and RE tasks in the context of ADR extraction. Motivated by Liebel et al.27 
who shows that adding auxiliary tasks as additional regularization can boost the performance of multi-task learning, 
we decompose original NER tasks into three tasks in the NeuroADR architecture (Figure 1): (1) NER-ADR-C for 
recognizing ADR continuous named entities; (2) NER-ADR-D for handling both continuous and discontinuous ADR 
named entities with a new encoding described later; (3) NER-Modifier for recognizing 5 types of modifier entities 
(Severity, Factors, DrugClass, Negation, Animal). The rationale behind this is that Modifier entities may prefer 
different hidden representations from ADR entities, and representations taking into account discontinuous entities may 
differ from the ones not. Through decomposition, those less complex but related subtasks fit well in the multi-task 
setting. The encoder for each task takes the word embeddings concatenated with the encoder outputs from the 
preceding tasks in the hierarchy(denoted by blue arrows in Figure 1) through multi-layer BiLSTM 28 and derive an 
encoded sequence (eNER) into the final conditional random fields (CRF) layer for inferring the NER output.  

Input Sentence

Word Embedding

Domain 
Embedding BERT CharCNN

Features

Encoder

BiLSTM

Encoder

BiLSTM

Encoder

BiLSTM

NER-Modifier

CRF

Encoder

BiLSTM

NER-ADR-C

CRF

NER-ADR-D

CRF

RE-Coupling

CRF

Figure 1. Diagram of the NeuroADR Architecture.  
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Task Coupling 

In the TAC-ADR task setting, Modifier concepts in drug labels are annotated as ground truth only if they are related 
to at least one ADR. Therefore, performing tasks to blindly recognize all the ADRs and Modifiers is prone to more 
false positives. The idea of task coupling is to do the modifier entity recognition and relation extraction at one shot. It 
is implemented as a typical sequence labeling task, where labels combining modifier type with relation type are 
predicted. What is special for this step is that each training example is specific to one target ADR, so only modifiers 
related to that ADR according to the ground truth get the entity labels and others will be labeled as "O" (outside). 
Similar to Xu et al. 29, we couple modifier NER task with the RE task (“RE-Coupling” in Figure 1) where the RE-
Coupling module is trained to simultaneously extract mentions of modifier concepts that are associated with a given 
ADR entity and classify the relation type between the recognized modifier and the given ADR. To this end, if there is 
more than one ADR in a sentence, we generate a separate training instance for each ADR entity in the sentence. 
Similar to other tasks, the encoder of the RE-Coupling task takes the word embeddings and other encoder outputs 
provided by other tasks in the hierarchy and derives an encoded sequence (eRE-Coupling) into the CRF layer. We used 
traditional BIOUL (Begin, Inside, Outside, Unit, Last) tags together with modifier type and relation type as labels for 
modifier entities so that modifier entity and associated relations can be inferred simultaneously. For example, in “no 
vomiting”, the label for “no” would be “U-Negation_Negated”, indicating there is a “Negation_Negated” relation 
between “no” and the target ADR “vomiting”.  

New Label Encoding for Discontinuous Entities 

Traditional BIOUL labels for NER can only handle entities with continuous sequences of words. However, there are 
over 7% discontinuous entity mentions in the TAC-ADR data. To solve disjoint concepts, {B, I, O, HB, HI, DB, DI} 
was proposed 30 where HB/HI refers to words that are shared by multiple concepts (head components) and DB/DI 
refers to words that belong to discontinuous concepts but not shared (discontinuous components). However, it is 
challenging and confusing in the decoding process to determine whether to combine each pair of identified HB/HI 
and DB/DI or not. In this study, we propose a new label encoding to handle discontinuous entities by adding Head 
(H) to indicate shared headwords, Discontinuous label (D) for discontinuous components and Tail label (T) for shared 
tail words, leading to the encoding schema of (B, I, O, U, L, H, T, D) combined with the entity types. Figure 2 shows 
an example of the new encoding BIOUL-HTD. With the new encoding, it is clear that we shouldn’t connect the shared 
“changes” with discontinuous “a-” due to Head and Tail labels while it is ambiguous for the previous BIOHD 
encoding. 

Experiments 

Dataset and Evaluation Metrics 

The training data from TAC-ADR 2017 consists of manually annotated 101 drug labels. It contains 15,722 mentions 
and 3228 relations. The official test set contains 99 drug labels with 13735 mentions and 2039 relations annotated. 
The official evaluation script is provided to calculate the primary metrics of the micro-averaged F1 score with an exact 
match. Due to space limits, a more detailed data description is referred to the TAC-ADR task overview 5. 

Overall Performance of NeuroADR 

Figure 2. Example of a New Label Encoding. Entities in this example are: 
(a) electroretinographic changes; (b) ERG changes; (c) a-wave amplitude 

decrease; (d) b-wave amplitude decrease.  

BIOHD: There|O  are|O also|O electroretinographic|DB-
ADR (|O  ERG|DB-ADR )|O  changes|HB-ADR reported|O
(|O  a-|DB-ADR and|O b-|DB-ADR wave|HB-ADR
amplitude|HI-ADR decrease|HI-ADR )|O 

BIOUL-HTD: There|O are|O also|O
electroretinographic|U-D_ADR (|O  ERG|U-D_ADR  )|O  
changes|U-T_ADR reported|O (|O  a-|U-D_ADR  and|O b-
|U-D_ADR  wave|B-T_ADR amplitude|I-T_ADR decrease|L-
T_ADR )|O 
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We implemented the HMTL model proposed in 21 on our tasks using their standard NER and RE setup. For a fair 
comparison, we use our new label encoding so that discontinuous entities can also be handled. We also separately 
trained NER modules (NER-ADR-C, NER-ADR-D, and NER-Modifier) and the RE module (RE-Coupling) in the 
NeuroADR architecture to show the pipeline (sequentially perform NER and RE, with the output from the former as 
the input of the latter) results as shown in Table 1. We can see that NeuroADR outperforms both the 21 system and 
pipeline system across different metrics, leading to the best F1 of 81.53% for NER and 38.58% for RE.  

Table 1.  Overall performance of NeuroADR. 

 NER RE 

 Model Precision Recall F1 Precision Recall F1 

(Sanh,2018) 78.84 78.28 78.56 44.54 28.87 35.03 

Pipeline Approach 81.48 80.06 80.77 35.41 36.75 36.07 

NeuroADR 82.45 80.63 81.53 42.05 35.64 38.58 

 

Ablation Study of NeuroADR Performance 

To better understand the effects of different adaptations proposed in NeuroADR, we conducted an ablation study as 
shown in Table 2. We ran the experiments in the following setting, i.e. starting with the NeuroADR architecture, we 
made only one change at a time. (1) BERT vs. ELMo (row A): replacing BERT with ELMo 31; (2) Domain Embedding 
vs. Glove 32 (row B): replacing domain embedding with Glove; (3) BIOUL-HTD vs. BIO-HD (row C): replace the 
proposed new encoding with the previous one in 30; (4) Removing auxiliary task NER-Modifier (row D); (5) Merge 
NER-ADR-C with NER-Modifier into a single NER task (row E); (6) Replacing RE-Coupling with the RE module 21. 

We can see all the strategies we’ve exploited in NeuroADR contribute to the system’s performance positively, 
especially for adopting BERT (row A), task decomposition (row D and E), and the new encoding (row C). Domain 
embedding (row B) and task coupling (row F) also provide help in boosting the system’s performance.  

Table 2.  Ablation study of NeuroADR performance. 

 NER RE 
Model Precision Recall F1 Precision Recall F1 

NeuroADR 82.45 80.63 81.53 42.05 35.64 38.58 
Row A 82.43 77.00 79.62 38.15 27.99 32.29 
Row B 80.87 81.40 81.14 38.74 37.86 38.30 
Row C 82.82 79.18 80.96 41.14 34.69 37.64 
Row D 81.83 79.69 80.75 40.60 32.43 36.06 
Row E 83.28 78.33 80.73 40.90 30.13 34.70 
Row F 82.36 80.14 81.24 46.81 32.01 38.02 

 

Performance of NeuroADR per NER and RE Type 

The statistics and performance of each NER and RE type are shown in Table 3. In the training set, the ADR mentions 
accounts for over 85%, which led to much better performance (F1 of 84.17%) compared with the modifier mentions. 
The performance for the Drug Class is pretty low (F1 of 40.7%), which is partially due to the complexities in their 
mention expressions (e.g. capitalized abbreviations tend to be recognized as Drug Class). It is worth mentioning that 
the model achieved the highest precision of 86.76% for the Animal mention, with F1 of 76.26%. As for RE, the 
performance on three types of relations is relatively low, yielding the F1 of 30%-44%. The Effect relation shows the 
worst performance, although there are a good amount of training examples available. In addition to the challenges 
posed by the language variations and ambiguities, there are some errors in the ground truth. For example, in the drug 
label of ADRMPAS, the sentence “Adempas may cause fetal harm” appears three times, but in the ground truth, the 
term “may” and “fetal harm” are only labeled once, which will adversely affect the performance for both NER and 
RE tasks.  
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Table 3.  Performance on the testing data per type with counts in both training and testing.   

NER Precision Recall F1 # in Testing # in Training 
ADR 84.52 83.83 84.17 12,693 13,795 
Negation 72.93 56.64 63.76 173 98 
Severity 65.14 57.45 61.05 947 934 
Animal 86.76 68.02 76.26 86 44 
Factor 69.73 70.26 69.99 562 602 
Drug Class 50.93 33.89 40.70 164 249 
Relation   
Negated 45.41 33.03 38.24 288 163 
Hypothetical 45.81 42.48 44.08 1,486 1611 
Effect 35.64 27.67 30.89 1,181 1454 

 

Discussion and Conclusion 

We proposed a hierarchical multi-task learning system, NeuroADR, for extracting ADR information from drug labels. 
We found that task decomposition and the new encoding can improve the performance in the multi-task setting. Our 
model’s performance on NER is slightly lower than the best result (81.53% vs. 82.48) in TAC-ADR 2017, however, 
our HMTL based model is end-to-end trainable, and not relying on any external linguistic tools, and handcrafted 
heuristic rules as the best system 29 does. The proposed model has great potential if the heuristic-based pre-processing 
can be integrated. As shown in Table 3, our model achieved the best state-of-the-art performance on recognizing 
Factor (F1 of 69.99% vs. 68%) and Negation (F1 of 63.76 vs. 62.3%) entities 5. The RE performance is low across all 
the teams where our model’s performance (38.58%) ranked the third. 

Error analysis shows that the Drug Class entity performed worst with the F1 score of 40.70%, followed by Severity 
entity with the F1 score of 61.05%. Abbreviations introduced some confusion for the system when detecting Drug 
Class, e.g. "LABA" in "LABA, such vilanterol, …" is a drug class but is missed in our model predictions, while 
"AED" in "… was added to the current AED therapy" was incorrectly picked up as Drug Class by the model. We do 
find some annotation errors, e.g. the ground truth annotated "another 5-HT3 receptor antagonist alone" as Drug Class, 
and our model only recognized "5-HT3 receptor antagonist" which makes more sense. Among relations, the "Effect" 
relation type obtained the lowest F1 score of 30.89% and most cases are false negatives, resulting in a low recall of 
27.67%.  

There are limitations to this study. First, we only evaluated our model on one dataset and further validation is needed. 
However, the dataset we used is relatively complex including a good amount of discontinuous entities and NeuroADR 
demonstrates competitive performance comparing the state-of-the-art methods. Second, we made an empirical ad-hoc 
design for the hierarchy structure to engaging different subtasks in an HMTL setting, which may have limited the 
potential of mutual benefits of multiple learning tasks. We will explore a more systematic approach, e.g. incorporating 
a similar strategy from fully adaptive feature sharing 33, so that the decomposed subtasks can be dynamically learned.  
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Abstract

The mortality prediction of diverse rare diseases using electronic health record (EHR) data is a crucial task for
intelligent healthcare. However, data insufficiency and the clinical diversity of rare diseases make it hard for deep
learning models to be trained. Mortality prediction for these patients with different diseases can be viewed as a
multi-task learning problem with insufficient data but a large number of tasks. On the other hand, insufficient training
data makes it difficult to train task-specific modules in multi-task learning models. To address the challenges of data
insufficiency and task diversity, we propose an initialization-sharing multi-task learning method (Ada-SiT). Ada-Sit
can learn the parameter initialization and dynamically measure the tasks’ similarities, used for fast adaptation. We
use Ada-SiT to train long short-term memory networks (LSTM) based prediction models on longitudinal EHR data.
The experimental results demonstrate that the proposed model is effective for mortality prediction of diverse rare
diseases.

1 Introduction

Mortality prediction [1] of diseases plays a crucial role in clinical work and helps doctors to take early interventions
based on timely alert of patients’ adverse health status. With the immense accumulation of Electronic Health Records
(EHR) available [2, 3], deep learning models [4], typically requiring a large volume of data, have been developed for
mortality prediction of common diseases, demonstrating state-of-the-art performance. However, mortality prediction
of rare diseases is relatively unexplored in the domain of intelligent healthcare and personalized medicine.

Predicting mortality of rare diseases suffers from the problem of data insufficiency. A rare disease is the disease that
affects a small percentage of the population and has a different disease mechanism from common ones. However,
there are more than 300 million people worldwide living with one of the approximately 7,000 rare diseases (US
organization Global Genes‡). Therefore, there is always not enough data for a specific rare disease. In some real-
world data sources [3], only tens of data samples on average could be collected for each rare disease.

Besides data insufficiency, the clinical behavior diversity of these diseases is another challenge for mortality prediction
of rare diseases. Behaviors of different diseases vary a lot and make potential conflicts to the training of global deep
learning models [5, 6, 7]. For example, the high heart rate raises the mortality risk of people with heart disease, but
for patients having a cold, it is a common symptom that does not indicate danger. So the insufficiency of diverse rare
diseases data cannot be simply resolved by training a global model using samples from all common diseases.

Multi-task learning models [8, 9] can be used to settle the problem of disease behavior diversity. Mortality prediction
for each kind of rare disease is viewed as a task, and multi-task learning is supposed to capture the task-specific
characteristics as well as the shared information of all tasks. However, data insufficiency of the rare disease tasks
makes it hard to train the corresponding modules and further utilize the shared characteristics of similar tasks in a
multi-task learning framework.

Meta-learning methods can learn meta-knowledge of training models, which makes it possible to learn fast with few
samples, such as few-shot learning [10]. To build a better multi-task model suitable for tasks with little training data,
we bring in the idea of fast adaptation in meta learning, which learns a shared initialization as meta-knowledge for
adaptation to new tasks. However, since the fast adaptation method adapts shared initialization to each task indepen-
dently, it cannot directly take into account the relationship of similar tasks, which is important and can provide useful
∗Equal contribution.
†Corresponding Author.
‡https://globalgenes.org/rare-list/
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information to enhance multi-task learning [11, 12].
Table 1: Comparing the three kinds of methods in terms of their ability to handle three main challenges in mortality
prediction for rare diseases

Method Examples Challenges
Data Insufficiency Task Similarity Task Diversity

Global Models LSTM [5], TCN [6] X X ×
Multi-task Models Multi-SAnD [8], Multi-Dense [9] × X X

Meta-learning Models MAML [10] X × X
Our Model Ada-SiT X X X

To deal with the above-mentioned challenges (summarised in Table 1), we propose an initialization-shared multi-
task learning method, named as Ada-SiT (Adaptation to Similar Task), in which the task similarity is dynamically
measured in the process of meta-training according to our new definition. Therefore, the task similarity, as a part
of learned meta-knowledge, can enhance the fast adaptation procedure of genetic meta-learning models. Moreover,
Ada-SiT is model-agnostic and can employ all existing deep learning based approaches as the basic predictive model.
Experimental results on real medical datasets demonstrate that the proposed model is able to make similar tasks
cooperate in initialization-shared multi-task learning, and it outperforms state-of-the-art global models as well as
multi-task methods for mortality prediction of diverse rare diseases.

It is worthwhile to highlight the contributions of the proposed model as follow:

• To the best of our knowledge, this is the first attempt to simultaneously tackle the challenge of disease diversity
and data insufficiency in mortality prediction of rare diseases.

• We propose a novel initialization-shared multi-task learning method Ada-SiT, which can utilize information of
task similarity for adaptation to each small sample-size task.

2 Related Works
2.1 Deep Learning for Healthcare

The accumulation of Electronic Health Records (EHR) has enabled research on deep learning methods for health-
care [13, 14, 15, 16, 17]. Multi-layer Perceptron (MLP) [18], Convolutional Neural Network (CNN) [19] and Recur-
rent Neural Network (RNN) [4, 20, 21] have been used in healthcare domain. Among these methods, there are many
works on mortality prediction. The good performance of these models depends on a large volume of EHR data, which
cannot be satisfied in our scenario of mortality prediction for diverse rare diseases. As a result, these models cannot
make precise mortality predictions for patients with different rare diseases. Our work is suitable for these settings
because it simultaneously tackles the challenges of disease diversity and data insufficiency. Furthermore, our method
is a general framework and can be applied to train deep learning models to improve their performance.

2.2 Multi-task Learning

Multi-task learning is an efficient method to improve the performance by jointly learning multiple related tasks. In
deep multi-task learning models, the information sharing mechanism is based on specific network structures, including
shared layers [22], shared functions [23] and additional constraints [24]. However, task similarity cannot be directly
interpreted in these models . We propose a model-agnostic multi-task learning method which can share the parameter
initialization for fast adaptation to each task and task similarity can be dynamically measured in the training prossess.

In the healthcare domain, multi-task learning is used for prediction of various clinical events [25], mortality prediction
of multiple patient cohorts [9] and patient-specific diagnosis [26], in which the ”tasks” have different definitions.
Similar to the paper [9], our work also treats the mortality prediction of a certain patient cohort as a task. However,
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the method proposed by Suresh [9] is suitable for a small number of tasks with a large volume of data, meanwhile, our
method on mortality prediction for rare diseases is designed to deal with hundreds of tasks with insufficient data.

2.3 Optimization-based Meta Learning

To solve the problem of data insufficiency and task diversity, our method borrows the idea behind optimization-based
meta-learning [10], which can adapt to new environments with a few training samples by modifying the parameter
optimization process. MAML (Model Agnostic Meta Learning) [10] uses fast adaptation to find a good initialization
for the parameters of deep neural networks. And the idea of meta-learning is also applied in personalized dialog
system for improving the diversity of text generation [27]. Our work is similar to MAML for using fast adaptation
to get parameters of each task, but different from it in two ways: First, the objective of MAML is to learn a good
parameter initialization for fast adapting to new tasks but our work is to find good model parameters for each given
task. Second, our work measures task similarity in model space dynamically and uses samples in similar tasks to assist
the adaptation to each task while MAML does fast adaptations to each task independently.

In clinical scenario, MetaPred [28] use MAML for clinical risk prediction with limited patient electronic health
records. Its task is similar to ours but its method is different from ours in two ways: First, it trains a parameter
initialization on source domain and simulated target domain via fast adaptation, but our method can learn from multi-
ple small target domains without the source domain knowledge. Second, like MAML, MetaPred also doesn’t consider
task similarity.

3 Data and Task Descriptions

We give the notations and data descriptions of the predictive tasks in the following.

3.1 Heterogeneous Temporal Events in EHR data

The input X of each mortality prediction task is a given episode of patient EHR, which could be represented as
T heterogeneous temporal events [4]: X = {et}1≤t≤T . et in this sequence is a tuple with four element: e =
(type, valuec, valuen, time) , where type is the clinical event type, valuec and valuen are the categorical and nu-
merical attributes of et, and time is the record time of et.

3.2 Multi-Task Mortality Prediction

The mortality prediction of each rare disease is defined as a task. Specifically, assuming that there are M diseases, we
refer taski as the corpus of the i-th mortality prediction task for patients of rare disease di with Ni samples:

taski =

{(
X

(i)
k ,

ˆ
y
(i)
k

)}Ni

k=1

(1)

whereX(i)
k and

ˆ
y
(i)
k denote the k-th sample and its label respectively in the i-th task.

Specifically, X is a given episode of a patient’s EHR data, represented as heterogeneous temporal events, and ŷ is the
binary label indicating whether a patient will die in 24 hours.

3.3 Patient Cohort Setup
3.3.1 Heterogeneous Temporal Event Datasets

We set up two heterogeneous temporal event datasets based on MIMIC-III [3] database and eICU [2] database.
MIMIC-III is a large, freely-available database comprising health data of patients in critical care units from Beth
Israel Deaconess Medical Center between 2001 and 2012, and eICU is populated with data from a combination of
many critical care units throughout the continental United States between 2014 and 2015.

The two datasets have the same data preprocessing framework: For each patient, we select all the events with their
features from the original database and arrange the events in the temporal order. The descriptions of the selected
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Table 2: The tables in eICU to construct heterogeneous temporal events

Table Name in eICU Description

lab Laboratory tests mapped to a standard set of measurements. E.g. labTypeID, labResult
intakeoutput Intake and output recorded for patients. E.g. intakeTotal, outputTotal, dialysisTotal
medication Active medication orders for patients. E.g. drugHiclSeqno, dosage
infusiondrug Details of drug infusions. E.g. drugRate, infusionRate, drugAmount
careplan Documentation relating to care planning. E.g. cplGeneralID, cplItemValue
admissiondrug Details of medications that a patient was taking prior to admission to the ICU. E.g. drugUnit
nursecharting Information entered in a semi-structured form by the nurse. E.g. nursingchartcelltypecat
physicalexam Patients’ results of the physical exam. E.g. physicalExamText, physicalExamValue
diagnosis Diagnosis information of Patients. E.g. ICD9Code, diagnosisPriority
respiratorycare Information related to respiratory care for patient. E.g. airwayType, airwaySize, cuffPressure
allergy Details of patient allergies. E.g. allergyType

events in eICU are listed in Table 2. The details of the events in MIMIC-III can be found in [13]. Then we annotate
the mortality label for each patient event sequence.

3.3.2 Rare Disease Selection

We reorganize the heterogeneous temporal event datasets to get two rare disease datasets, MiniMIMIC and MiniEICU.

For each ICD (International Classification of Diagnose §) code in MIMIC-III and eICU, we calculate its sample size
(i.e. the number of patients with this code). We select 858 ICD codes with less than 40 samples in MIMIC-III and
70 ICD codes with less than 100 samples in eICU as rare diseases. The heterogeneous temporal event sequences
of patients with selected rare disease di form taski. So MiniMIMIC is the task list {task1, ..., task858} and
MiniEICU is the task list {task1, ..., task70}.

The statistics of MiniMIMIC and MiniEICU are summarized in Table 3.

Each taski is split into 3 parts with fixed proportions, namely Traini(70%), V alidi(10%) and Testi(20%). The
validation set is used for conducting “early stop” and selecting hyper-parameters. The results of the evaluation metrics
on the test set and their stander variations are used to compare different models.

4 Methodology

In this section, we begin with some basic notations for the adaptation to a single task and the backbone deep network
for mortality prediction based on EHR data. Then we introduce the framework of our method Ada-Sit (Adaptation to
similar tasks), which could be applied to train multiple mortality predictive models for different rare disease.

4.1 Adaptation to a Single Task

For a task taski of a given disease and given initial parameters θ (either random or learned), we formulate the learning
process Learn(taski; θ) of model parameters θi as minimizing the loss function of model parameters on the data of
the given task from the initialization θ.

θi = Learn (taski; θ) = argmin
θ
Ltaski(θ) (2)

We assume p(y|X, θ) is the mortality rate predicted by model with parameters θ. The loss function Ltaski(θ) of model
parameters θ on task corpus taski is defined using the cross entropy CE(·) between the model output p(y|X, θ) and
the true label ŷ of the outcome:

Ltaski(θ) =
∑

(X,ŷ)∈taski

CE(p(y|X, θ), ŷ) (3)

§http://www.icd-code.org
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Figure 1: (A) Generic Architecture of Multi-Task Learning. The shared module (in blue), whose output will be taken
as the input of specific modules, is shared between different tasks. (B) Generic Architecture of Meta-Learning based
Multi-Task Learning. The parameter initialization θ in blue, which will be adapted to each specific task taski , is
shared between all tasks (C) Architecture of our Ada-SiT (Adaptation to Similar Task). The shared initialization θ
will be adapted to similar tasks N(taski) of each task taski, resulting in a predictive model θi for each task.

Figure 2: Training Mortality Prediction Model with Ada-Sit

In this work, the mortality prediction model p(y|X, θ) based on heterogeneous temporal events in EHR data is mainly
composed of attributed event embedding [4] and long short-term memory (LSTM). Firstly, clincial events with at-
tributes are embedded into vectors via information fusion of their type, categorical attributes and numerical attributes.
After the attributed event embedding module, the temporal dependencies encoded in the sequence of embedded vec-
tors are then captured by long short-term memory (LSTM) [5], which outputs the prediction results for mortality with
a sigmoid layer at the last LSTM cell. The mortality prediction model is illustrated in the middle of Figure 2.

4.2 Adaptation to Similar Tasks

The architecture of our proposed multi-task learning method Ada-SiT is represented in Figure 1, where Ada-Sit is
compared with generic multi-task methods and generic meta-learning based multi-task methods. In the following, we
first introduce the architecture of Ada-SiT, and then the task similarity measurement module, which is a key component
of Ada-SiT. The overall framework of how to train mortality prediction model with Ada-Sit is illustrated in Figure 2.

4.2.1 Architecture of Ada-SiT

Fast adaptation, one of the meta-learning methods, is applied into Ada-SiT for the multi-task learning scenario. Ada-
SiT differs from the original fast adaptation [10] which separately adapts to each task. Ada-SiT can dynamically
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measure task similarity and learn to adapt to multiple similar tasks.

The idea of fast adaptation is to learn a good parameter initialization for fast adaptation to new tasks. Specifically, in
our scenario of multi-task learning, it means using patient data from all the disease tasks to find a good initial parameter
initialization θ and mortality prediction model parameters θi of each disease which is adapted from the found initial
parameters θ.

The initialization θ is learned by repeatedly simulating scenarios of mortality prediction of each disease with its similar
diseases. We achieve this goal by defining the meta-objective function as:

min
θ

∑
taski

LN(taski) (Learn(N(taski); θ)) (4)

where N(taski) is the extended sample set composed of tasks similar with taski. Details of N(taski) will be de-
scribed in the next subsection.

We maximize the meta-objective function using stochastic approximation with gradient descent. For each epoch, we
find similar tasks N(taski) for each task, and then independently sample two samples subsets (Dtr and Dval) from
the training set of the task N(taski). The former Dtr is used to simulate the learning process of mortality prediction
models, and the latter Dval is used to evaluate the precision of the learned models for the updating of the shared
initialization. Here, a single-step gradient descend is applied in the training simulation:

θ′i = Learn (N(taski); θ) = θ − α∇θLtrN(taski)
(θ) (5)

where α is the learning rate and LtrN(taski)
(·) represents the loss function calculated from sample set Dtr from

N(taski).

Next, we evaluate the updated task parameters θ′i on Dval. The gradient computed from the evaluation, referred to as
meta-gradient, is used to update the initial parameters θ. Gradients from a batch of tasks are aggregated to updating θ
as follow:

θ ← θ − β∇θ
∑
taski

LvalN(taski)
(θ′i) (6)

where β is the meta learning rate, and LvalN(taski)
(·) represents the loss function calculated from sample set Dval from

N(taski).

In the process of the calculation and approximation of the meta-gradient by the chain rule, the second-order derivative
term can be ignored without much accuracy loss [10]. And the meta-gradient can be approximated as the following
simplified gradient:

∇θLvalN(taski)
(θ′) = ∇θ′LvalN(taski)

(θ′)
(
1− αHθ

(
LtrN(taski)

(θ)
))
≈ ∇θ′LvalN(taski)

(θ′) (7)

where the term including Hθ(LtrN(taski)
(θ)), the Hessian matrix, a square matrix of second-order partial derivatives of

the loss function LtrN(taski)
(·) at θ, is ignored.

As our goal is multi-task learning via adaptation to similar tasks, model parameters θi of each task are adapted from
the newly updated initialization parameters θ at the end of each iteration. These parameters θi of tasks are comparable
in the model space, and will be used for calculating the task similarity in model space in the next iteration.

4.2.2 Task Similarity Measurement in Model Space

To measure the similarity of all tasks in terms of clinical behavior, we define the similarity of tasks in the model space,
where each predictive model for its corresponding task is represented as a vector composed of all the parameters.

Formally, the similar tasks N(taski) of taski is defined as Ncos(·):
Ncos(taski) = {s|s ∈ taskj & cos(θi − θ, θj − θ) > η} (8)

where θi and θj are the parameters of corresponding model of taski and taskj , θ is the initial parameters. cos(θi −
θ, θj − θ) reflects cos function of the angle between gradient directions of taski and taskj , and η is threshold of the
cos function.
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The models of similar diseases also have similar gradient directions when they are adapted from the initialization. And
the big cos (close to 1) value of included angle between two gradient directions indicates the tasks are similar.

Notice that a natural alternative way to get similar tasks is selecting k nearest neighbors in the model space. However,
the absolute distance of models is more meaningful than relative distance, because the distance of models is generated
by the gradient descent of the adaptation process from a common initialization. So selecting models in the neighbor-
hood of a certain model as its similar models are more suitable in our Ada-SiT method, which is demonstrated by the
experimental results in Section 5.4.

5 Results and Discussions
5.1 Comparing Methods and Experimental Settings

We compare Ada-SiT to both global single-task learning methods and multi-task learning methods for mortality
prediction. The data size of each task is too small to train separate single-task models, so these baselines have not been
included.

The global single-task learning models are trained by all the patients in the training set.

• LSTM LSTM [5] is used to learn the representation of the heterogeneous event sequence for each patient. Binary
predictions for mortality based on the learned representations can be generated with a logistic regression layer.

• TCN The architect for prediction is the same as LSTM, except that the Temporal Convolutional Network (TCN) [6]
is used to learn patient representation vectors from the heterogeneous event sequences instead of LSTM.

The multi-task learning methods use Traini to train the model for each taski and get prediction results such as
predicted label and probability on Testi.

• Multi-SAnD Multi-SAnD [8] is a Transformer-based multi-task learning method which uses the weighted sum of
loss functions on all tasks for the loss function.

•MMoE MMoE [29] is a Multi-gate Mixture-of-Experts model which shares the expert submodel across all tasks and
has a gating network trained to optimize each task.

• Multi-Dense Multi-Dense is proposed by Suresh [9]. It has a shared LSTM layer for representation learning,
followed by task-specific dense layers and logistic regression output layers.

The models in this section are implemented with Tensorflow [30] and trained with Adam. In Ada-SiT, we set
N(taski) = Ncos(taski), where the cos function threshold η is 0.7, for the task similarity measurement. α and
β are 0.0005 and 0.001 respectively.

Table 3: Characteristics of Datasets

Name MiniMIMIC MiniEICU

# of tasks 858 70
# of samples 16610 7000
positive sample rate (mortality rate) 7% 13%
max # of samples per task 40 100
min # of samples per task 10 100
mean # of samples per task 19.36 100

Tasks for common diseases

Tasks for life-threatening diseases

Figure 3: Visualization of Tasks in the Model Space

5.2 Evaluation Metrics

The data for target prediction tasks are imbalanced-labeled. So metrics for binary labels such as accuracy are not
suitable for measuring the performance. Similar to the work [20], we adopt AUC (the area under ROC curves (Receiver
Operating Characteristic curves)) and AP (the area under PRC (Precision-Recall curves)) for evaluation. They both
reflect the overall quality of predicted scores at each decision time.
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Table 4: performance of different models on MiniMIMIC and MiniEICU

Model Class Model MiniMIMIC MiniEICU
AUC AP AUC AP

Global Single-task LSTM [5] 0.8162 (0.0026) 0.3830 (0.0055) 0.6642 (0.0227) 0.2692 (0.0193)
TCN [6] 0.8008 (0.0024) 0.4120 (0.0011) 0.6107 (0.0055) 0.1945 (0.0052)

Multi-task
Multi-SAnD [8] 0.8036 (0.0161) 0.2754 (0.0063) 0.6215 (0.0075) 0.1592 (0.0016)
MMoE [29] 0.7181 (0.0117) 0.2195 (0.0097) 0.6300 (0.0023) 0.1364 (0.0030)
Multi-Dense [9] 0.8325 (0.0036) 0.3997 (0.0096) 0.6730 (0.0071) 0.1147 (0.0039)

Ours Ada-SiT 0.8729 (0.0112) 0.4543 (0.0241) 0.6746 (0.0090) 0.2961 (0.0103)

Table 5: Ablation study of task similarity measurement

Methods AUC AP

Ada-SiT− (MAML) 0.8577 (0.0015) 0.3936 (0.0025)
Ada-SiT (Static) 0.8474 (0.0123) 0.4143 (0.0144)
Ada-SiT (KNN) 0.8264 (0.0110) 0.4059 (0.0112)
Ada-SiT 0.8729 (0.0112) 0.4543 (0.0241)

5.3 Quantitative Results

Table 4 shows the AUC and AP of Ada-SiT, global single-task models, and multi-task models on MiniMIMIC and
MiniEICU . From the results in Table 4, we draw the following conclusions.

First, Ada-SiT can significantly improve the performance of global single-task learning methods. On both datasets,
Ada-SiT performs better than LSTM and TCN. For example, on MiniMIMIC, Ada-SiT improves AUC and AP
by around 6.9% and 19.1% respectively compared to LSTM. We can conclude that Ada-SiT can capture specific
characteristics of diverse tasks without being interfered by data conflicts.

Second, Ada-SiT outperforms the compared multi-task learning methods. For example, on MiniMIMIC, Ada-SiT
improves AUC and AP of Multi-SAnD by 8.6% and 65.0% respectively. On MiniEICU , it improves the AUC of
Multi-SAnD and MMoE by 8.5% and 7.1% respectively. It should be noted that most of the multi-task baselines do
not perform better than the global single-task baselines. The possible cause is that task-specific parameters of multi-
task models cannot be trained well because of data insufficiency of each task. We can conclude that Ada-SiT has a
more robust information-sharing mechanism among tasks on small-size dataset compared to the traditional multi-task
learning baselines.

5.4 Ablation Experiments of Task Similarity Measurement

To evaluate the effect of task similarity measuring in Ada-SiT, we vary this module while remaining other parts of the
model identified in this section. We implement the following variants of Ada-SiT:

• Ada-SiT− Ada-SiT− is Ada-SiT without similar task measurement (i.e. N(taski) = taski), nearly the same as
MAML [10]

• Ada-SiT (Static) According to the work [31], many static features can be used to measure task similarity. In
Ada-SiT (Static), we choose the mortality rate as the static feature in the clinical scenarios and use it to measure task
similarity instead of the proposed similarity measurement.

• Ada-SiT (KNN) Ada-SiT (KNN) selects k nearest neighbors instead of neighbors within a certain distance for
Ncos(taski) while finding similar tasks.

Table ?? shows the results of the ablation experiments of task similarity measurement. We can draw the following
conclusions. First, the information in similar tasks can improve the performance of fast adaptation. Ada-SiT (KNN)
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and Ada-SiT improve the AP of Ada-SiT−. Ada-SiT also improves the AUC of Ada-SiT−. Second, the task similarity
measurement in model space outperforms the compared static measurement. Ada-SiT improves the AUC and AP
of Ada-SiT (Static) by 3.0% and 9.7% respectively. It is because traditional task similarity measurements via static
features only leverage the metadata of tasks, but our measurement in model space can find potential information from
the mapping of samples and labels. Third, finding neighbors within a certain distance as Ncos(taski) is the most
suitable way to get similar tasks. For example, Ada-SiT improves the AUC of Ada-SiT (KNN) by around 5.6%. It is
noteworthy that the AUC of Ada-SiT (KNN) is even lower than Ada-SiT−. It is possibly because some tasks in the k
nearest neighbors of taski may be far from taski in model space and they interfere with the fast adaptation process of
taski.

5.5 Relationship between Task Similarity and Mortality Rate

There is strong correlation between task similarity and mortality rate. By treating each model’s parameter vector θi as
a point in the model space, we use t-SNE [32] to visualize similar task clusters in Figure 3. In Figure 3, the two task
clusters represent two types of rare diseases. The average mortality rate of diseases in the blue cluster is 0.6% and
that in the yellow cluster is 32.1%. Meanwhile, the total average mortality rate of MiniMIMIC is 7%. We can see
that the mortality rate is the main factor to determine task similarity. It suggests that our task similarity measurement
module is reasonable and consistent with the clinical knowledge because diseases with a lower mortality rate and
life-threatening diseases with a high mortality rate have different clinical behavior.

6 Conclusion

In this paper, we propose a novel method Ada-SiT for learning predictive models for diverse tasks with insufficient
data. Ada-SiT has a new task similarity measurement method and a new knowledge-sharing schema, where the shared
initialization is learned to fast adapt to similar tasks. Experiment results show that our method is suitable for mortality
prediction of diverse rare diseases, and can improve the performance compared to global single-task models and
genetic multi-task models.
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Abstract

The potential of Reinforcement Learning (RL) has been demonstrated through successful applications to games such
as Go and Atari. However, while it is straightforward to evaluate the performance of an RL algorithm in a game
setting by simply using it to play the game, evaluation is a major challenge in clinical settings where it could be unsafe
to follow RL policies in practice. Thus, understanding sensitivity of RL policies to the host of decisions made during
implementation is an important step toward building the type of trust in RL required for eventual clinical uptake. In
this work, we perform a sensitivity analysis on a state-of-the-art RL algorithm (Dueling Double Deep Q-Networks)
applied to hemodynamic stabilization treatment strategies for septic patients in the ICU. We consider sensitivity of
learned policies to input features, embedding model architecture, time discretization, reward function, and random
seeds. We find that varying these settings can significantly impact learned policies, which suggests a need for caution
when interpreting RL agent output.

Introduction

Artificial intelligence is changing the landscape of healthcare and biomedical research. Reinforcement Learning (RL)
and Deep RL (DRL) in particular provide ways to directly help clinicians make better decisions via explicit treatment
recommendations. Recent applications of DRL to clinical decision support include estimating strategies for sepsis
management1–5, mechanical ventilation control6, and HIV therapy selection7. However, the quality of these DRL-
proposed strategies is hard to determine: the treatment strategies are typically learned from retrospective data without
access to the unobservable counterfactual reflecting what would have happened had clinicians followed the DRL
strategy. Unlike DRL strategies for Atari8 or other games9, which can be evaluated by simply using them to play the
game, testing a DRL healthcare strategy via a randomized trial can be prohibitively expensive and unethical.

Thus, it is critical that we find ways to assess DRL-derived strategies prior to experimentation. One particular axis of
assessment is robustness. DRL algorithms involve many choices, and if the output treatment policy is highly sensitive
to some choice, that may imply either (a) getting that choice right is truly important or (b) we should be cautious
about assigning credence to the output policy because a seemingly small and possibly unimportant change can have a
large impact on results. In contrast, if the output policy is robust to analysis decisions then any errors are likely due
to traditional sources of bias in observational studies (such as unobserved confounding), which can be more readily
considered by subject matter experts assessing the credibility and actionability of DRL results.

In this paper, we explore the sensitivity of a particular DRL algorithm (duelling double Deep Q-networks, or Duel-
DDQN10, 11, a state-of-the-art DRL method which has led to many success in scaling RL to complex sequential
decision-making problems9) to data preparation and modeling decisions in the context of hemodynamic manage-
ment in septic patients. Septic patients require repeated fluid and/or vasopressor administration to maintain blood
pressure, but appropriate fluid and vasopressor treatment strategies remain controversial12, 13. Past DRL applications
by Komorowski,1, 2 Raghu,3, 4 and Peng et al5 make different implementation decisions while seeking to identify op-
timal fluid and vasopressor administration strategies in this setting (see additional discussion in Gottesman et al14).
However, these works do not perform systematic sensitivity analyses around their choices.

Starting with a baseline model similar to the works above, we perform sensitivity analyses along multiple axes, includ-
ing: (1) inclusion of treatment history in the definition of a patient’s state; (2) time bin durations; (3) definition of the
reward; (4) embedding network architecture; and (5) simply setting different random initialization seeds. In all cases,
we find that the Duel-DDQN is sensitive to algorithmic choices. In some cases, we have clear guidance: for example,
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making sensible decisions about a patient now requires knowing about their prior treatments. In other cases, we find
high sensitivity with no clear physiological explanation; this suggests an area for caution and concern.

The paper is organized as follows. We first quickly review background and related work in DRL and sepsis and
introduce some notation and terminology used throughout the paper. We then describe the components of a ‘baseline’
DDQN implementation in detail. For select components that we examine in a sensitivity analysis, we discuss why
different specifications could be reasonable and how we go about evaluating sensitivity to alternative specifications.
Then we present results of our sensitivity analysis and conclude with a discussion highlighting several limitations and
pitfalls to avoid when applying DRL in clinical settings.

Background and Related Work

Markov Decision Process(MDP) & Q-Learning
A Markov decision process (MDP) is used to model the patient environment and trajectories, which consists of15

• A set of states S, plus a distribution of starting states p(s0).
• A set of actions A.
• Transition dynamics T (st+1|st, at) that map a state action pair at time t onto a distribution of states at time t+1.
• An immediate/instantaneous reward function rt = R(st, at, st+1).
• A discount factor γ ∈ [0, 1] , where lower values place more emphasis on immediate rewards.

Every roll-out of a policy accumulates rewards from the environment, resulting in the return R =
∑T−1
t=0 γtrt+1.

The goal of RL is to find an optimal policy π∗, which achieves the maximum expected return from all the states.
π∗ = argmaxπ E[R|π]. To find π∗, one of the reinforcement learning algorithm is Q-learning. The basic idea to
evaluate the policy is to use temporal difference (TD) learning over the policy iteration to minimize the TD error15, 16.
Qπ(s, a)← Qπ + α(r + γ +Qπ(s′, a′)−Qπ(s, a))

More formally, Q learning aims to approximate the optimal action-value function given the observed state s and the
action a at time t15, 16. The future reward rt is discounted at every time step t by a constant factor. Q∗(s, a) =
E[rt + γ ∗ rt+1 + γ2 ∗ rt+2 + ...|st, at = a, π]

Dueling Double Deep Q-Learning (Dueling DDQN) with Prioritized Experience Relay (PER)
To approximate the optimal action-value function, we can use a deep Q-network: Q(s, a; θ) with parameter θ. To es-
timate this network, we optimize the following sequence of loss functions at iteration i: Li(θi) = Es,a,r,s′ [(y

DQN
i −

Q(s, a; θi))
2];yDQNi = r + γmaxQ(s′, a′; θ′), updating parameters by gradient descent such that ∇θiLi(θi) =

Es,a,r,s′ [y
DQN
i −Q(s, a; θi)∇θiQ(s, a; θi)].

Dueling Double Deep Q-learning11 is a particular state-of-the-art deep Q-learning algorithm consisting of separate
‘dueling’ architectures that decouple the value and advantage streams in deep Q-networks11 to determine the value
of the next state10. Prioritized experience replay10, 17, i.e. sampling mini-batches of experience that have high expected
impact on learning, further improves efficiency.

Learning Sepsis Management with DRL
Sepsis is a life-threatening organ dysfunction disease caused by dysregulated host response to infections12. How to
maintain septic patients’ hemodynamic stability via administration of intravenous fluid (IV fluid) and vasopressors is
a key research and clinical challenge.12, 13 A number of DRL studies have been carried out to address this issue in the
past few years. Raghu et al3, 4 applied a Dueling Q Network with sparse autoencoder. Peng et al5 further presented a
mixture-of-experts framework, combining a kernel and a Dueling DDQN with PER to personalize sepsis treatment. It
is worth noting that these studies were conducted based on different reward settings. Raghu et al3, 4 used hospital and
90-day mortality as a sparse reward issued at the end of patients’ trajectories, and subsequent analysis used short-term
rewards such as SOFA score in combination with lactate levels3, while Peng et al5 used changes in probability of
mortality.

Data Description & Cohort Data for our cohort were obtained from the Medical Information Mart for Intensive
Care (MIMIC-III v1.4)18 database. The data set contained all MIMIC-III patients meeting Sepsis-3 criteria19 from
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years 2008-2012.∗ It comprised 7,956 patients with 649,661 clinical event entries. In this analysis, we extracted and
collected static features (e.g. demographic), past treatment history and a summary of hourly observation (mean, max-
imum, and minimum within an hour) of all laboratory values within patients’ first 72-hour ICU stay. For intravenous
fluids, we extracted commonly used IV fluids for resuscitation (colloids and crystalloids). The detailed features are
shown in Table 1. All measured values were standardized, and we carried forward covariate values from the most
recent measurement. The data set was split using 80% for training and validation and 20% for testing.

Table 1: Details of attributes including vital signs, laboratory values, and treatment history

Demographic Age, Weight, Height, Ethnicity

Vital Sign\Laboratory GCS, Heart rate, Temperature, Respiratory Rate, Diastolic Blood Pressure, Systolic Blood Pressure, Mean Arte-
rial Blood Pressure, Potassium, Sodium, Chloride, Magnesium, Calcium, Anion gap, Hemoglobin, Hematorcit,
WBC, Platelets, Bands, PTT, PT, INR, Arterial pH, SpO2, FiO2, PaO2, TotalCO2, pCO2, Arterial Base ex-
cess, Bicarbonate, Arterial Lactate, SOFA score, Glucose, Creatinine, BUN, Total Bilirubin, Indirect Bilirubin,
Direct Bilirubin, AST, ALT, Total Protein, Troponin, CRP, Elixhauser Score, Albumin

Treatment Vasopressor & IV Fluid

Methods: Baseline Implementation

We first describe our baseline implementation of a Dueling DDQN with PER to learn an optimal resuscitation strategy.
This implementation combines elements from several published RL applications to sepsis treatment4, 5, with slight
modifications. In describing the baseline, we also illustrate the many components involved in specification of a Dueling
DDQN analysis. In our sensitivity analysis, we will systematically vary these components from our baseline model.

Figure 1: Time discretization

Time Discretization We divided patient data into one-hour bins. To
avoid inappropriately adjusting for covariate values that were mea-
sured after treatment actions were taken20, we performed a time-
rebinning procedure. If a treatment action occurred within an exist-
ing time bin, covariate measurements made after the treatment action in that bin were moved to the following bin and
the time of the treatment action became the new endpoint of the time bin. Figure 1 illustrates this process with the blue
bar covering 1.75 hr to 2.75 hr defining the time period for which covariate measurements contribute to the bin ending
at 2.75 hours. (Time rebinning is rare in RL literature but necessary to avoid adjusting for post-treatment variables.)

Compressing Patient Histories We follow Peng et al.5 in encoding patient states recurrently using an LSTM autoen-
coder representing the cumulative history for each patient. LSTMs can summarize sequential data through an encoder
structure into a fixed-length vector and then reconstruct into its original sequential form through the decoder struc-
ture21. The summarized information can be used to represent time series features23. LSTM-RNN models can prevent
a vanishing or exploding gradient and are commonly used to capture long-term sequence structures24.

Action definition and Treatment Discretization Following Raghu et al.4 and Peng et al.5, we focus on intravenous
fluids and vasopressors as the actions of the MDP. We computed the hourly rate of treatment as the action and sum
the rate when there are overlapped treatment events of the same type. The hourly rate of each treatment is divided
into 5 bins defined by quartiles under current physician practice. Accordingly, a 5 by 5 action space is defined for
the medical intervention4. An action of (0,0) means no treatment is given; whereas, an index of (4, 4) represents top
quartile dosages of both fluids and vasopressors.

Reward formulation We follow Peng et al.5 in defining the reward at time t as the change in negative log-odds
of 30 day mortality between t and t + 1 according to a predictive model for 30 day mortality. The probability of
mortality was estimated with a 2-layer neural network with 50 and 30 hidden units with L1 regularization given
the recurrent embedding of the compressed history at the corresponding time. Let f(o) be the probability of mortality
given observations through the current time point o and f(o′) be the probability of mortality given observations through
the next time step. Then we define the reward

r(o, a, o′) = −log f(o′)

1− f(o′)
+ log

f(o)

1− f(o)
. (1)

∗ICU admissions between 2008-2012 were recorded using the MetaVision system with higher resolution treatment information.
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Dueling DDQN Architecture Following Raghu et al4, our final Duelling Double-Deep Q Network (Dueling DDQN)10, 11

with PER architecture has two hidden layers of size 128, using batch normalization after each, Leaky-ReLU activation
functions, a split into equally sized advantage and value streams, and a projection onto the action-space by combining
these two streams. The Duel-DDQN architecture divides the value function V into the value of the patient’s underlying
physiological condition, called the V alue stream, and the value of the treatment given, called the Advantage stream.

Methods: Sensitivity analysis

In this section, we describe the ways in which we altered the baseline Dueling DDQN implementation described in
the previous section in our sensitivity analysis. For each component that we varied, we specify the alternatives we
considered, explain why the choice could be important, and also explain why each alternative might be considered
reasonable. We emphasize that the aim of this sensitivity analysis is not to determine which choices are best, as there
is no ground truth available to make such a determination. Rather, it is to understand the robustness of the learned
treatment policy with respect to a priori reasonable-seeming alternatives. In particular, we explore the effects on
learned policies of: including treatment history in the state definition; varying the time bin size; varying the reward
specification; specifying different recurrent embedding models; and setting different random seeds.

Including Past Treatment History
One decision is whether to include the history of past treatments in the representation of patient state. Several prior
works3, 5, 6 did not do so, but given the Markov assumption on which DQNs rest, this amounts to assuming that past
treatments cannot impact future outcomes through pathways that do not run through measured covariates included
in the state. This assumption will usually be false. For example, vasopressors have potentially serious long term
cardiovascular side effects13, but the added risk after administering more vasopressors would not be captured in short
term changes in measured patient covariates. Thus, in our sensitivity analysis we compare learned policies from DQN
implementations with state summaries that include and exclude treatment history. In this analysis, we consider the
cumulative dosage of all previous treatment (IV fluid and vasopressor) until t− 1 as a proxy for treatment history at t.

Duration of Time Bins
When applying a discrete time RL algorithm to data with actions taken and measurements recorded in continuous
time, an implementation decision that inevitably arises is how to bin time into discrete chunks in which to define
patient states St. With infinite data, shorter time bins would be superior for two reasons. First, the state at each time
step reflects the patient’s condition closer to when the treatment action at that time step was decided. This improves
confounding adjustment, since states are more reflective of information that actually influenced treatment decisions.
Second, more time steps allow for more flexible and dynamic learned strategies that are more responsive to changes
in patient state. However, with finite data, the capacity to learn more flexible strategies with shorter time bins can be
detrimental, leading to instability of the estimated optimal policy.

In the case of sepsis, past work has used 4 hour time bins4. Treatment decisions in this clinical context are made on
a finer time scale than 4 hours, which is why we defined 1 hour time bins in our baseline model. But stability is also
a major concern in this dataset, so either choice is defensible. Hence, we compared the learned policies of Dueling
DDQNs fit to 1 hour and 4 hour time binned data sets in our sensitivity analysis.

Horizon of Rewards
A key decision is specifying the reward function. Ideally, the reward function would summarize the entire long term
utility of the stay, as this is what we really seek to optimize. However, for reasons of practicality, researchers often
choose short term rewards measured at each time-step. When rewards are short term, there is more ‘signal’ in that it
is easier to estimate associations between rewards and actions. If a RL algorithm is truely robust, the learned policies
would be broadly similar whether we choose to optimize our true reward of interest or a shorter term proxy. To
investigate the impact of using long term against short term reward, we also compared reward functions that were
weighted mixtures of long and medium term information about outcomes for a range of weights.

We define a utility function reward U as follows. Let M be the worst possible SOFA score. Let Y be observed SOFA
at the end of the stay. Let S = 1 if the patient survived more than 1 year after admission, 0 otherwise. Let H be hours
survived after admission. Let C be a constant that controls relative weight assigned to SOFA score at the end of stay
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and survival. We define r′(C) as
if H ≥ 24 ∗ 365 then U = log(1 +

M − Y
C

), else U = log(
H

24 ∗ 365
+ 1) (2)

For large values of C, survival time is all that matters. For low values of C, patient state at the end of the stay matters
a lot for patients who survive more than 1 year. For all values of C, rewards are medium to long term (since they
are based on patient state at the end of the stay or later as opposed to the following time bin), but differing C levels
reflect different subjective prioritization of patient health outcomes.We compare learned DQN policies using short
term reward (1) with long term rewards (2) for varying values of C.

Choice of Embedding Model
Another question is how to summarize patient history. In DQNs, it is important for the information contained in
the state St at each time t to satisfy several conditions. First, St should satisfy the “sequential exchangeability”
assumption22, which would be satisfied if St contains all relevant information about variables influencing treatment
decisions at time t and associated with future rewards, i.e. St should contain sufficient information to adjust for
confounding. If sequential exchangeability fails, then estimates of the impact of actions on future rewards will be
biased, and therefore the estimate of the optimal treatment strategy will be biased as well.

To learn an optimal treatment strategy, it is also important that St contain relevant information about variables that
are effect modifiers. An effect modifier is a variable with the property that the conditional average effect of an action
on future rewards varies with the variable’s value. Good treatment rules assign treatment based on the value of effect
modifiers. (Effect modifiers may or may not be confounders, which are necessary to include in the model to avoid bias
but may not be good inputs to treatment decision rules.)

Finally, DQNs make a very strong Markov assumption on states8, 16. St must be defined to be sufficiently rich that
this Markov assumption can approximately hold. Thus, to allow for realistic long term temporal dependencies, states
at each time should be rich summaries of patient history. Without a priori knowledge of exactly which aspects of
patient history to retain (to adjust for confounding, model effect modification, and satisfy the Markov assumption), a
reasonable strategy is to define patient states as embeddings generated by a RNN23, 25.

However, RNN embeddings are not optimized to retain the types of information specifically required to be contained in
DQN states. Different choices of black box embedding method may generate states that satisfy the DQN requirements
to varying degrees and produce different learned policies, with no principled way to choose between them.

In our sensitivity analysis, we compare two common RNN embedding models–long short-term memory (LSTM)21

and gated recurrent unit (GRU)26. The architectures have been shown to perform comparably across a range of tasks24.
Each consists of two hidden layers of 128 hidden units and is trained with mini-batches of 128 and the Adam optimizer
for 200 epochs or until convergence. We have no reason a priori to believe that either option would produce more
suitable embeddings than the other, and the point of comparing them is to determine whether the decision is important.

Random restarts
Finally, solving a DDQN is a non-convex optimization, and thus random restarts are frequently used to find a good
local optimum. As Henderson et al27 reports, a wide range of results can be obtained from the same deep RL algorithm
depending on the random initialization of the network’s weights initialization. To observe the impact of random weight
initialization in our dataset, we fit our baseline model repeatedly using different seeds. While one would generally
simply take the best of the random restarts as the solution, high variation across random restarts might mean that
reproducing a result will be more challenging as the problem has many diverse local optima.

Methods: Evaluation Metrics & Experimental Settings

Figure 2: Action distribution

Metrics Previous works have used off-policy estimators, such as Weighted Doubly Robust
(WDR28) to estimate the quality of a proposed policy. However, these estimators can have
high variance as well as bias. Instead, we compare policies based on the distribution of
actions they recommended. If these distributions are very different from each other or
from clinicians (whom we know act reasonably) then that may be a cause for skepticism.

Specifically, for each time point in the patient history in the test set, we compute the Dueling DDQN’s recommended
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action. The action distribution for a policy is simply the frequency with which each of the 25 combinations of va-
sopressor and fluid doses are recommended across all person-times in the test set. We use heat maps like Figure 2
to display action distributions, where the y axis represents the IV fluid dosage (quartile), the x axis represents the
vasopressor dosage (quartile), and the density of the color represents the frequency with which the treatment action is
applied across all person-times in the test set. These action distributions are aggregates in that we are summing over
all time points and patients. Comparison of aggregate action distributions between different experimental settings can
provide insights into the ways in which policies differ.

Parameters and Optimization We train the Dueling DDQN for 100,000 steps (except the reward horizon experiment,
where we perform early stopping at 15,000 steps to prevent over-fitting) with a batch size of 30. We conducted
5 restarts for every experimental setting (except the random restart experiment, where we look at variation across
individual restarts). Following Peng et al5, of the policies resulting from the 5 restarts we choose the one with highest
value as estimated by a weighted doubly robust off policy evaluation method28. For models trained with long term
rewards, r′(C), where the WDR estimator is unfeasible, we selected a policy from the 5 restarts based on the Q-value.

Table 2: Summary of the variance across different experimental settings
Timing Encoder Treatment history Reward

Baseline 1 hr LSTM (full history) Yes Short term: (1) Immediate change in prognosis
Alternatives 1hr, 4hr LSTM\GRU (full history) Yes, No Short term: (1) Immediate change in prognosis;

Long term: (2) Combinations of SOFA at end of
stay and survival time

Raghu et al4 4 hr Sparse Autoencoder (current obs. only) No Long term: In-hospital mortality
Peng et al5 4 hr LSTM (full history) No Short term*: (1) Immediate change in prognosis
* In Peng et al’s reward, prognosis was estimated conditional on current observations only. In the baseline implementation’s reward,
prognosis was estimated conditional on full patient history.

Results

We altered aspects of the baseline Dueling DDQN implementation described in the previous section and compared
the resulting learned policies according to their action distributions. In the following, we abbreviate Dueling DDQN
trained with embedding to DQN-embedding. For, example the Dueling DDQN trained with LSTM and 1 hourly
binned data is called DQN-LSTM-1hr.

Treatment History: Excluding treatment history leads to aggressive treatment policies
Here, we compare treatment strategies output by Dueling DDQNs that do and do not include treatment history in
patient state representations (Figure 3). The DQN-LSTM-1hr trained without treatment history recommends nonzero
vasopressor doses at all time points. It frequently recommends high doses of each treatment compared to physicians
and an agent trained with treatment history included in the state definition. Excluding past treatment information
increases the frequency of average recommended dosage of vasopressor and fluid by 1.6 - 1.8 times and 1.7 - 3.1
times, respectively in the test set. We hypothesize an explanation for this behavior in the Discussion section.

Figure 3: The action distribution of Dueling DDQNs trained with/without past treatment history information. Note that the agent
trained without treatment history aggressively prescribes high (3rd quartile, 4th quartile) dosage of vasopressor and IV fluid. Low
dosage treatment are rarely administered to patients.

Time bin durations: Longer time bins result in more aggressive policies.
Figure 4 illustrates that while different ways of segmenting time do not affect the clinician action distributions (by def-
inition), they have a large effect on the Dueling DDQN action distributions. The DQN-LSTM’s 4 hour bins increased
the frequency of nonzero vasopressor doses by 40% and decreased the overall usage of IV fluid only, a less aggressive
action, by 34% compared to baseline settings.
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Figure 4: Comparison of action distribution across DQN-LSTM 4-hour and DQN-LSTM 1-hour time. (Note the same color density
does not represent the same count in 4 hour bins and 1 hour bins). The 4 hour bins lead to much more frequent recommendations
of high vasopressor doses by the DQN-LSTM, while the physician’s policy remains conservative.

Rewards: Long-term objectives lead to more aggressive and less stable policies
In figure 5, we see that longer term objectives resulted in more aggressive policies—specifically in more frequent high
fluid doses than our short term baseline reward for all values of C (for C = 100, it is difficult to see visually in the heat
map, but the agent administered the maximum fluid dosage 40% of the time). Policies also vary considerably across
level of emphasis on medium versus long term outcomes determined by values of C. We noticed higher variation
across random restarts in the long term reward settings than the short term baseline settings (see Figure 8). This could
indicate that optimization is more challenging and unstable for long term rewards.

Figure 5: Comparison of Duel-DDQN trained with short term & long/intermediate reward across varying Cs.

Embedding model: High sensitivity to architecture
Results comparing LSTM and GRU embeddings can be found in Figure 6. We can observe that both our baseline
(LSTM) implementation and the GRU implementation recommended nonzero doses of vasopressors significantly
more frequently than physicians. However, the GRU implementation was more aggressive, recommending nonzero
fluid doses significantly more often than both physicians and the DQN-LSTM.

The choice of embedding architecture also interacts with other analysis settings, whose effects differ depending on
embedding architecture. We illustrate interactions with treatment history and time segmentation.

Exclusion of Treatment History Excluding prior treatment history has an even more extreme effect when embeddings
use the DQN-GRU architecture, with maximum dosage of both treatments being delivered most of the time.

Different time segmentation 4 hour time bins led to more frequent high vasopressor doses in the baseline LSTM
implementation, but more frequent high fluid doses in the GRU implementation.

There is no way to apply clinical, physiological, or statistical knowledge to reason about which embedding architecture
is more appropriate as they are conceptually quite similar. Thus, the variation stemming from the choice of embedding
is a source of concern.

Figure 6: GRU implementation: Comparing to the baseline (LSTM), the most observed treatment by DQN-GRU 1hr was to deliver
a medium dosage vasopressors without IV fluid; Exclusion of Treatment history: DQN-GRU administers maximum dosage of both
vasopressor and IV fluid most of the time; Time bin duration : 4-hour bins increased the overall usage of IV fluid by 20% and more
than doubled increased maximum dosage of IV fluid.

Random Restarts: DRL policies have many local optima
Our final sensitivity analysis looked at variation across restarts of the algorithm, which assesses sensitivity to where
the algorithm was initialized. While the substantial differences in action distribution between the Dueling DDQN and
physician policies remained constant across seeds in our baseline model, there was still much variation in the resulting
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action distributions, especially for vasopressors (Figure 7a). In Figure 7b, we see that despite these differences, the
estimated values of these policies are similar; this demonstrates that the variation is not because the optimization
sometimes landed in a poor optimum, but because there are many optima with similar estimated quality that lead to
qualitatively different policies. This is another cause for concern, as it suggests that the agent has no way of telling if
any of these very different policies are better than the others.

(a) (b)
Figure 7: (a) Treatment distribution across random restarts in baseline. While variance of IV fluid is small, distribution of
vasopressor varies across different seeds. (b) Comparision of values of WDR estimator across random seeds in each settings (*
represents 4 hour time bins duration). In the setting of exclusion of treatment history, agents are highly sensitive to the seeds.

We also found that policies with medium and long-term objective policies were much more sensitive to random seed.
Figure 8b depicts the distribution over the action space of the variance across 5 random restarts of the frequency with
which that action was recommended. Despite the similar estimated Q values across random seeds (Figure 8a), the
variances were much greater for the implementations using long term rewards. The presence of many local optima
increases variance and makes it more challenging to differentiate policies in implementations with long term rewards.

(a) (b)
Figure 8: (a) Q values distribution across different seeds (b) Comparison between long term and short term (baseline) objectives.
Note that long term reward implementation demonstrates higher variance compared to baseline. X-axis labels coefficient of
variance or relative standard deviation, cv = σ

µ
where σ is the standard deviation and µ is the mean of action distribution across

random restarts of each of the 25 discretized actions (as in Figure2.)

Figure 9: Subgroup analysis: For patients with SOFA< 5,
both baseline and GRU implementation are 5-7 times more
likely than physicians to give patients vasopressors.

Subgroup Analysis: Grouping by SOFA score finds DQN
agents are underaggressive in high risk patients and over-
aggressive in low risk patients
We further perform an analysis in subgroups defined by sever-
ity of sepsis as indicated by Sequential Organ Failure Assess-
ment (SOFA score29). The SOFA score is a commonly used
tool to stratify and compare patients in clinical practice, with
higher scores indicating worse condition. When the assess-
ment is greater than 15, mortality is increased up to 80%.29 In
Figure 9, the Dueling DDQN agents are significantly more ag-
gressive than physicians in treating lower risk patients. As was
also observed in Raghu et al3, in high risk patients the reverse
is true. Physicians commonly give maximum doses of both
vasopressors and fluids, while the DQN agents rarely do. This
suggests that the Dueling DDQN models may not be correctly
accounting for patient severity or adjusting for confounding by
indication.
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Conclusion and Discussion

State-of-the-art deep reinforcement learning approaches are largely untested in rich and dynamic healthcare settings.
We presented a sensitivity analysis exploring how a Dueling DDQN agent would react to alternative specifications, in-
cluding: 1) approaches to adjusting for treatment history; 2) discretized time bin durations; 3) recurrent neural network
state representations; 4) reward specifications; and 5) random seeds. We have shown that choices between equally a
priori justifiable implementation settings can have large clinically significant impacts on learned DQN policies. Given
this lack of robustness, results from individual implementations should be received skeptically.

The one area where our results do seem to point toward some clear guidance concerns the inclusion of treatment history
in the state. Exclusion of treatment history from the state is only warranted under the implausible Markov assumption
that past treatments only influence future outcomes through measured intermediate variables. If this assumption fails
and there are cumulative dangers from too much treatment (e.g. pulmonary edema from fluid overload and cardiovas-
cular side effects from vasopressors in our application), then past treatment will affect both the response (treatment is
less likely to be beneficial given excessive past treatment) and the current treatment decision (treatment is less likely
to be administered given extensive past treatment, and outcomes are likely to be worse given extensive past treatment).
Thus, omitting treatment history would make excessive treatment appear more beneficial than it actually is. Indeed,
the behavior we observed in our Dueling DDQN agents was consistent with the behavior that would be predicted by
theory. Agents trained without treatment history included in their states recommended vasopressors or fluids at every
timestep, an obviously harmful strategy. Yet all three prior DQN implementations in sepsis omitted treatment history
from state definitions.

While we cannot provide definitive statistical or physiological explanations for most of the DQN outputs observed
in our sensitivity analysis, here we discuss possible sources of DQN instabilities. One theme appeared to be unrea-
sonable policies stemming from extrapolation beyond treatment decisions observed in the data under current practice.
For example, in our SOFA score subgroup analysis we saw the DQN agents recommending clearly harmful actions
rarely seen in the data, i.e. failing to give high doses to the highest risk patients and frequently giving high doses
to low risk patients. Also, the fact that different initializations found solutions with similar estimated Q-values but
qualitatively different action distributions (also observed in Arjumand et al30) suggests that the problem is not suffi-
ciently constrained. We need better ways to incorporate knowledge of what features are important and what actions
are reasonable to constrain learned policies31.

There is a long road from the current state of DRL healthcare applications to clinically actionable insights or treatment
recommendations. Currently, AI researchers apply DRL algorithms to clinical problems and claim that the policies
they learn would greatly improve health outcomes compared to current practice3, 5. In this work, we demonstrate
that had these researchers made slightly different (but a priori reasonable) decisions, they would have obtained very
different policies that also appeared superior to current practice. Beginning to map this sensitivity is a small but
important step along the road to clinically actionable DRL policies. We hope our observations will lead to future work
on characterizing and (more importantly) obtaining the type of robustness required to justify empirical testing of a
DRL policy via a clinical trial.

We close with some speculative suggestions for that future work. First, a wide range of analysis settings can be
compared in extensive and physiologically faithful simulation experiments where the ground truth value of resulting
learned policies would be available. This could shed light on certain operating characteristics and best practices. For
example, alternative approaches to preventing models from extrapolating too far from current practice as suggested
above could be evaluated in this framework.

Further, when policies are sensitive to algorithmic choices, one could search for areas of broad agreement across
policies recommended under a range of settings. These areas of agreement would be policy fragments, i.e. recom-
mendations only applying to specific contexts. These strategy fragments could then be rigorously assessed by subject
matter experts for plausibility and their effects could be estimated by epidemiologists using more stable techniques
for treatment effect estimation. Seeking approaches to make DRL robust and human-verifiable will help us properly
leverage information in health records to improve care.
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Abstract
Patients face challenges in accurately interpreting their lab test results. To fulfill their knowledge gap, patients often
turn to online resources, such as Community Question-Answering (CQA) sites, to seek meaningful information and
support from their peers. Retrieving the most relevant information to patients’ queries is important to help patients
understand lab test results. However, few studies investigated the retrieval of lab test-related questions on CQA
platforms. To address this research gap, we build and evaluate a system that automatically ranks questions about
lab tests based on their similarity to a given question. The system is tested using diabetes-related questions collected
from Yahoo! Answers’ health section. Experimental results show that the regression-weighted combination of deep
representations and shallow features was most effective in the Yahoo! Answers dataset. The proposed system can be
extended to medical question retrieval, where questions contain a variety of lab tests.

Introduction

With the wide adoption of patient-facing technologies, such as patient portals connected to healthcare providers’
electronic health record (EHR) systems, patients now have easy, timely, and direct access to their clinical data. How-
ever, studies have shown that many patients, especially those with lower health literacy, have difficulty understanding
the abundant data in the patient portals.1, 2 Therefore, in order to make sense of the available data for personalized
decision-making, patients often turn to online resources to seek information and get help from someone who has the
expertise or similar experience.3 Among various online platforms, Community Question-Answering (CQA) sites have
been one of the most popular channels due to their interactivity and little restriction, and more importantly, it is a good
source for people to contextualize their health concerns and identify information that might be relevant to him/her.4

Retrieving the most relevant health information and posts on such platforms is crucial as it fills patients’ knowledge
gap on lab test results for subsequent decision making.5–7

A few studies have proposed computational methods for retrieving similar questions on CQA sites to support patients’
information-seeking.8–10 However, the research on similar question retrieval concerning lab tests is limited, despite
those questions constitute a significant portion of medical questions asked online. It is important to improve the
question retrieval pertaining to lab test results because most patient portals only provide lab test results with a reference
range that is not contextualized in the specific patient’s condition.11 For example, the reference range of Thyroid-
Stimulating Hormone (TSH) for pregnant women is different from the general public due to its correlation to the
risk of miscarriage.12 If a patient is seeking information about TSH test for pregnant women, it is critical to retrieve
relevant questions asked by others who share similar experiences (e.g., those who were pregnant and received similar
test results).

To this end, we build and evaluate a system consisting of multiple deep text representations, extracted lab test informa-
tion, and engineered features to identify the relevant questions about lab test results on CQA platforms. We experiment
with different text representations including bag-of-words (BoW), the deep contextualized word embeddings – ELMo,
the sentence-level embedding – Universal Sentence Encoder (USE), and the unsupervised language representation
model – BERT. The lab test information includes the types of lab tests and the range of the test results. We also inves-
tigate the use of shallow features, including sentence length and type of questions. As prior work found that questions
and answers in Yahoo! Answers have good coverage of UMLS concepts,13 in this study, we extract UMLS concepts
from the questions and use them as a shallow feature to construct the vector representation of the questions. The
∗Yu Lu was at Pace University when the paper was submitted and at Florida State University when the final version of this paper was submitted.
†Corresponding author: Zhe He, Email: zhe@fsu.edu
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system is evaluated using questions posted on Yahoo! Answers’ diabetes category of the health section between 2009
and 2014. Specifically, we evaluate various combinations of deep representations and shallow features using questions
that contain three major lab tests related to diabetes: creatinine, HbA1c, and glucose. In order to investigate whether
our system degrades the performance on the questions that are not lab test-related, a group of questions without any
lab tests is used to evaluate the system as well.

The contribution of our work is two-fold: First, we develop a system that automatically retrieves similar questions to
a given question pertaining to lab tests from a large corpus of a Social QA site. Second, we demonstrate the use of
both shallow features and deep representations in retrieving similar questions regarding lab tests. To the best of our
knowledge, this is the first study that focuses on retrieving lab test-related questions on CQA sites.

Figure 1. System Overview.

Methods

Figure 1 depicts the proposed system to retrieve similar questions regarding lab tests from CQA sites. A series of data
pre-processing steps, including converting all words into lower cases and removing stop words as well as redundant
punctuation, was applied to both query questions and candidate questions in a corpus. Then, vector representations of
queries and candidates were constructed using BoW and deep-learning-based approaches, such as Embeddings from
Language Models (ELMo), Universal Sentence Encoder (USE), and Deep Bidirectional Transformers for Language
Understanding (BERT). BoW approaches were employed on all the words in the queries and candidates, and on the
UMLS concepts extracted with MetaMap.14 Lab tests information was extracted from the question using the ValX
tool.15 Some engineered features, such as sentence length and type of questions, were also considered to evaluate the
similarity between queries and candidates. The similarity of a given query to each candidate was evaluated based on
their vector representations, extracted lab test information, and engineered features. All candidates were ranked based
on their similarities to the query. To evaluate system performance, we recruited human annotators to evaluate a set
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of selected query questions and candidate questions, then compared against the ranking generated by the proposed
system. The details of each component are described in the following subsections.

Dataset and Preprocessing

The dataset we used was collected from the diabetes section of Yahoo! Answers, which consists of 58,188 questions
posted between 2009 and 2014. We combined the question title and content to preserve the full meaning of questions.
Using Valx – a system for extracting numeric lab test comparison statements from the text,15 we found that 31,165
questions (53.6%) mention at least one clinical lab results with a value, which shows the importance of building such
a system to retrieve medical questions concerning lab tests. We employed Valx to identify and extract lab tests within
text content and then convert the extracted lab test values to standardized measurement units. For example, given the
text “My glucose is 5.5 mmol/L”, the lab test “glucose” and lab test value “5.5 mmol/L” were extracted. The lab test
value was then converted to “100 mg/dl” to make it consistent with other lab results using the unit ”mg/dl”.

Analysis of questions’ length distribution shows that most questions have five to twenty words. Hence, in this research,
we considered 13,952 questions with five to twenty words. Among these questions, 305 questions contain three
diabetes-related lab tests: glucose, HbA1C, and creatinine. To evaluate the robustness of the system, we also randomly
selected 2,695 questions without lab tests. In total, 3,000 questions were included for evaluation.

Traditional and Deep Representations of the Questions

We investigated various representations of the questions, including the BoW/TF-IDF and state-of-the-art deep-learning-
based approaches such as ELMo, USE, and BERT. Based on the previous research on biomedical and clinical NLP,16, 17

these deep representations can better capture the semantic relationships between the words within the text. The ELMo
embedding was trained using the bi-directional Long-Short Term Memory (biLSTM) model, whereas USE and BERT
were trained using a transformer architecture. Stemming was performed to the words in the questions when ELMo and
USE were used. Since BERT works with tokens, stemming was not applied. Cosine similarity was used to measure
the similarity between the query question and candidate questions. When constructing embedding vectors, lab test
related words were not and should not be removed.

Bag of Words (BoW): The traditional vector space model with TF-IDF18 weighting scheme was employed as a basic
vector representation. The BoW representation does not consider the semantic relations of the words within the text.

Embeddings from Language Models (ELMo): ELMo19 derives from the bi-directional language models (biLMs),
which take an entire sentence as input. ELMo generates word embeddings by considering the context words sur-
rounding each other. Given a sequence of tokens, a forward language model (LM) computes the probability of the
sequence by calculating one token’s probability based on all previous tokens. A backward LM works the same way
as the forward LM except it scans through the sequence in reverse order to predict the previous token based on the
future context-dependent tokens. The training objective is to maximize the log probability of the forward and back-
ward directions jointly. The output of ELMo is word embeddings, which are the combinations of the intermediate
layer representations in the biLM. We used the average of the word embeddings as the sentence embedding. In this
research, we used the pre-trained ELMo trained on the 1 Billion Word Benchmark.20 The output vector has 3,072
dimensions.

Universal Sentence Encoder (USE): Different from ELMo, USE21 is a sentence-based embedding model consisting
of two components. One generates embedding vectors by adopting the encoding sub-graph of the transformer archi-
tecture. The other utilizes the deep-average network, which averages the input embeddings for words and bi-grams
and then generates sentence embeddings through passing the average embeddings into a feedforward deep neural net-
work (DNN). In this research, we used the pre-trained USE model. The input to the USE model is a lower-cased PTB
tokenized string.21 The output is a sentence embedding of a 512-dimensional vector.

Deep Bidirectional Transformers for Language Understanding (BERT): The BERT is based on bidirectional self-
attention.22 Different from other embeddings, such as Word2Vec,23 the inputs to the BERT model are not vectors that
represent words. Instead, the input includes the tokens, segments, and position embeddings. The token embedding
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Table 1. Examples of Extracted Lab Tests

Text Extracted Lab Tests
“ Fasting blood sugar is 130 . am i diabetic?” Glucose equal to 7.22 mmol/l

“is an A1c level higher than 8.0 bad?” HBA1C greater than 8.0 %
“my creatinine equal lower than 0.5 . Is it ok?” creatinine lower than 0.5 mg/dL

Table 2. Ranges for The Three Lab Tests

Lab Test Range Indication
Creatinine Below 0.84 mg/dL (or below 74.3 mmol/L) Low

0.84 to 1.21 mg/dL (or 74.3 to 107 mmol/L) Normal
Above 1.21 mg/dL (or above 107 mmol/L) High

Glucose Below 100 mg/dL (or below 5.6 mmol/L) Normal
100 to 125 mg/dL (or 5.6 to 6.9 mmol/L) Pre-diabetic
Above 126 mg/dL (or above 7 mmol/L) Diabetic

HbA1c Below 5.7% Normal
5.7% to 6.4% Pre-diabetic
6.5% or above Diabetic

is WordPiece embeddings24 that contains 30k tokens. The base BERT model is pre-trained using two unsupervised
tasks: (1) Masked Language Model (LM) - a task to predict some random masked tokens in the input. The objective
is to train bidirectional encoder. (2) Next Sentence Prediction (NSP) - a task to predict the following sentence of the
input sentence. The objective is to understand sentence relationships so that the pre-trained BERT model can be a
better fit for other NLP applications, such as Question Answering (QA) and Natural Language Inference (NLI), where
sentence relationships are crucial. In this research, we used a pre-trained ClinicalBERT25 model trained with clinical
notes from MIMIC-III.

Lab Test Feature Extraction

In this study, we focused on the three lab tests that are most relevant to diabetes diagnosis and management: creatinine,
HbA1c, and glucose. Both the type of lab test and the range of the corresponding numeric results were extracted from
the questions to measure the similarity between the questions. A numeric expression extraction tool, Valx15 was
used to extract lab test information from the questions. Valx first extracted numeric values, units (e.g., mmol/l), and
comparison operators (e.g., equal to). It then identified lab test variables using hybrid knowledge, including contextual
knowledge, domain knowledge, the Unified Medical Language System (UMLS) Metathesaurus.26 It also normalized
the measurement units, such as ‘mg/dl’, ‘g/l’, ‘mmol/l’. Table 1 presents examples of extracted lab test information
using Valx. Each extracted lab has a standardized name, a value, and a measurement unit (highlighted in Table 1).

In this study, we first employed Valx to determine whether any of the three lab tests exist in each question. Each of the
three lab tests has two features the output of Valx, namely lab type (binary feature) and lab result (categorical feature).
If any of these three lab tests are mentioned in a question, the corresponding lab test type feature is 1, otherwise 0.
For the value range feature, the extracted lab test results were converted to tertiary ranges. Mayo Clinic websites were
used as references for range information of each lab test as shown in Table 2, respectively.27–29

We used Equation 1 to measure the similarity between the lab test and test values mentioned in the query and candidate
questions, where ya is the min-max normalized feature value of a query question, and yb is the min-max normalized
feature value of a candidate question.

simef =1−|ya − yb| (1)

UMLS Concepts Extraction and Question Representation

We also investigated the effectiveness of integrating biomedical ontologies into our system. Specifically, the UMLS26

was used to measure the semantic similarity between questions. The UMLS is a comprehensive thesaurus that con-
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sists of over 3 million concepts and over 9 million terms.26 Terms with the same meaning are mapped to the same
concept. In order to recognize and extract UMLS concepts from question posts, we leveraged MetaMap, a tool for
mapping biomedical text to the UMLS metathesaurus.14 The MetaMap tool was run on the entire question pool to
identify UMLS concepts of each question. Given a text, MetaMap returns the output in a human-readable format,
consisting of a score indicating the degree of matching between the phrase and the mapped concept, CUI (Concept
Unique Identifier), matched concept, preferred term of the concept, and the semantic type of the concept. The Word
Sense Disambiguation (WSD) feature of the MetaMap was used to disambiguate terms. In this research, we included
concepts that are assigned a set of diabetes-related semantic types including Physical Object, Substance, Health Care
Related Organization, Cell Function, Clinical Attribute, Genetic Function, Organism Attribute, Organ or Tissue Func-
tion, Physiologic Function, Biologic Function, Laboratory or Test Result, Diagnostic Procedure, Health Care Activity,
Laboratory Procedure, and Therapeutic or Preventive Procedure.

Besides, concepts with a matching score of less than 600 were not considered. The remaining concepts of ques-
tions were transformed into vector representations using the TF-IDF weighting scheme. We used cosine similarity to
measure the similarity between vectors of the concepts in queries and concepts in candidates.

Other Engineered Features (EF)

We also investigated other engineered features including the sentence length, the number of stop words (e.g., “the”,
“a”, “an”, “in”), and whether it is a WH question (i.e., questions starting with ”what”, ”how”, ”when”, ”why”).

Overall Similarity Calculation and Question Ranking

To calculate the similarity between query and candidate questions, we considered traditional BoW and various deep
representations, extracted lab features, a representation based on extracted UMLS concepts, and the additional engi-
neered features through weighted linear combination (Equation 2). The simvf corresponds to the similarity measures
of shallow and deep representations, simlab test corresponds to the similarity measures based on lab features, simef

corresponds to the similarity measures of engineered features, and simumls corresponds to the similarity based on
the representation using the extracted UMLS features. In this research, the weights were optimized through extensive
evaluations. The candidate questions were ranked based on their final values from largest to smallest. The ranked
results were then evaluated by human annotators recruited for this research.

simtotal=
∑

wvfsimvf+
∑

wlab testsimlab test +
∑

wefsimef +
∑

wumlssimumls (2)

Linear Combination of Similarity Measures

To optimize the weights for different similarity measure components, we adopted the Linear Regression model from
the Weka library30 to train a supervised model to learns the weights. For the model, the gold standard generated by
the annotators was used for each query-candidate question pair as the dependent variable. The similarity measures are
input variables. The regression model learns the weight for each input variable as well as the model deviation. The
weighting scheme of the linear regression model for each group of questions is shown in Table 3. The trained model
was used to predict the similarity rating of any given query-candidate question pairs.

Table 3. Weighting scheme of the linear regression model for each group of questions

Group Linear Regression Model
Creatinine GS = -2.0886 * ELMo + 2.3099 * USE + 0.9988 * Lab test + 0.8074 * Lab range + 13.7115 * Bert - 11.8422
Glucose GS = 3.5487 * TF-IDF + 6.3141 * USE + 0.8978 * Lab test - 3.6096
HbA1c GS = -1.2676 * Sentence length - 0.5579 * WH question type + 1.7152 * Lab test + 12.9366 * Bert - 9.9048
No Lab GS = 3.3139 * TF-IDF - 1.8626 * ELMo + 1.8375 * USE + 0.6844 * Stopword count + 0.917
Multiple Lab GS = 3.7002 * TF-IDF - 4.9514 * ELMo + 3.2681 * USE + 1.0927 * Sentence length

- 1.3168 * WH question type + 0.5748 * Glucose range + 0.8234 * HbA1c test + 0.8126 * Creatinine test + 2.0664
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Evaluation

Since there is no publicly available dataset for similar lab-test related question retrieval, we created a labelled dataset
for this project. The dataset comprises 450 question pairs. This section describes how the 450 labelled dataset was
obtained and how the evaluation was designed. There were 45 query questions, including 10 questions for each lab
test (glucose, HbA1c, and creatinine), 10 questions that do not contain any lab tests, and 5 questions containing more
than one lab test. The reason to include questions without any lab test is to evaluate whether our system can be
generalized to general medical question retrieval tasks. For each query question, we used three models, namely ISM
(i.e., BoW+ELMo+USE+BERT)+lab+EF, ELMo, and BoW, to obtain different rankings of the candidate questions.
As each feature combination retrieved different candidates, we randomly selected the candidates from each quartile of
the three rankings to form an annotation set of 1,350 query-candidate pairs. For each pair, the query had 30 candidates
in total (ten candidates from each of the three methods), including a small proportion of duplicated candidates.

For the annotation, We recruited three human annotators to rate the relevance of the 1350 query-candidate question
pairs. A guideline of relevance review was given to each annotator. Each annotator was asked to give each candidate
question a score between 0 to 5, where 5 means ”extremely relevant” and 0 means ”not relevant at all”. The candidate
questions were independently scored by annotators who have general knowledge about diabetes-related lab tests.
After the annotation, we selected 10 distinct questions out of the 30 candidates for each query question based on the
distribution of the rating to form an evaluation set of 450 query-candidate pairs. We intended to balance different
levels of the relevance of the candidate questions to the query questions by including a balanced number of pairs with
different scores in the evaluation set.

To assess the degree of agreement of each user’s rating with respect to the other two, we computed Pearson correlation
of the scores of each of the three annotators with respect to the average scores of the remaining two raters. The
computation was performed on the evaluation set. The correlations between any two raters are 0.640, 0.640, and
0.614, respectively. We found that the relatively low agreement among the three raters was caused by an outlier rating
that significantly differs from the other two ratings in some query-candidate pairs. As such, we removed the outlier
rating in each query-candidate pair. Then we computed the Pearson correlation between the remaining two ratings,
which is 0.953. This correlation is deemed as the upper bound for our system evaluated with this data set.

For each query-candidate pair, the two ratings were averaged to form a gold-standard rating. Then the Pearson corre-
lation coefficient31 between the gold-standard rating and the similarity score was computed for evaluation. To assess
the strength of the correlation, the guideline proposed by Evans32 was used as a reference.

Results

Table 7 shows the detailed results. Without considering the lab test features, the deep representations – USE, ELMo,
and BERT outperformed the baseline BoW across the three groups of questions that contain lab tests. However, BoW
still performed better than the deep representation models on questions with no lab tests. We investigated a few ques-
tions without lab tests, and found that one possible reason is that TF-IDF weighting scheme provides higher weight to
certain words, whereas other deep representations consider the semantic meaning of the whole question. Among all
the deep representation models, USE performed consistently better than ELMo across all except for creatinine ques-
tions; BERT outperformed ELMo across all except for glucose questions. Such a discrepancy could be explained by
the difference in the architecture of the two models: ELMo maintains an embedding size of 3,072 dimensions among
all layers, whereas the embedding size of USE is 512 for both the transformer-based encoders and deep averaging
network (DAN); the embedding size of BERT is 768 dimensions. In a high dimensional space, the same collection
of words (e.g. sugar and glucose) may have a relatively lower cosine similarity as compared to a lower-dimensional
space.33 Also, if any of the single representations negatively correlated with the gold-standard rating, the correlation
for ISM and the gold-standard would be weakened. As a result, ISM, the integration of the deep representation models
and the baseline BoW, did not outperform the best single deep representation model in each group except for glucose
questions and multiple-test questions. For these two groups, no negative correlations were found for the single rep-
resentations. Hence, ISM maintained a stronger correlation with the gold standard than the best-performing single
representation in these groups.

The upper-bound correlation was 0.953 according to the correlations between human annotators, which can be deemed
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Table 4. Pearson correlation results for questions contain lab test

Method Creatinine p Value Glucose p Value HbA1c p Value No Lab Tests p Value Multi-Lab Tests p Value
BoW -0.010 0.925 0.300 0.002 -0.107 0.290 0.489 2.47E-07 0.592 5.84E-06
USE only 0.170 0.092 0.608 1.93E-11 0.314 0.001 0.379 1.02E-04 0.530 7.64E-05
ELMo only 0.178 0.078 0.280 0.005 0.242 0.015 -0.023 0.822 0.384 6E-03
Bert only 0.448 3.32E-06 0.229 0.022 0.338 5.906E-04 0.284 0.004 0.350 0.013
BoW+lab 0.740 2.29E-18 0.507 7.171E-08 0.596 5.868E-11 - - 0.698 1.72E-08
USE+lab 0.761 6.09E-20 0.550 3.19E-09 0.638 9.38E-13 - - 0.686 3.88E-08
ELMo+lab 0.726 1.76E-17 0.488 2.62E-07 0.612 1.28E-11 - - 0.619 1.63E-06
Bert+lab 0.732 6.95E-18 0.470 8.03E-07 0.590 1.07E-10 - - 0.613 2.22E-06
BoW+lab+EF 0.684 5.98E-15 0.368 1.66E-04 0.448 2.99E-06 - - 0.400 0.004
USE+lab+EF 0.709 2.26E-16 0.428 8.90E-06 0.518 3.29E-08 - - 0.395 0.005
ELMo+lab+EF 0.675 1.73E-14 0.353 3.12E-04 0.472 7.12E-07 - - 0.297 0.036
Bert+lab+EF 0.680 9.78E-15 0.333 7.21E-04 0.446 3.26E-06 - - 0.270 0.058
BoW+lab+UMLS 0.713 1.32E-16 0.494 1.75E-07 0.573 4.73E-10 - - 0.694 2.32E-08
USE+lab+UMLS 0.725 2.13E-17 0.536 1.93E-08 0.608 1.93E-11 - - 0.686 3.89E-08
ELMo+lab+UMLS 0.693 1.96E-15 0.469 8.39E-07 0.593 7.78E-11 - - 0.636 6.92E-07
Bert+lab+UMLS 0.695 1.50E-15 0.455 1.96E-06 0.562 1.22E-09 - - 0.637 6.56E-07
ISM 0.207 0.038 0.624 3.92E-12 0.303 0.002 0.340 5.53E-04 0.670 1.04E-07
ISM+EF 0.244 0.015 0.264 0.008 0.131 0.194 0.299 0.003 0.084 0.564
ISM+lab 0.752 3.21E-19 0.596 6.00E-11 0.648 3.27E-13 - - 0.737 1.08E-09
ISM+UMLS 0.210 0.037 0.515 4.15E-08 0.310 0.002 0.343 4.863E-04 0.634 7.70E-07
ISM+lab+EF 0.674 1.99E-14 0.481 4.18E-07 0.515 4.23E-08 - - 0.515 1.13*E-04
ISM+lab+UMLS 0.733 6.90E-18 0.575 4.10E-10 0.637 1.08E-12 - - 0.721 3.64E-09
LRw 0.763 2.98E-20 0.717 5.01E-17 0.704 3.01E-16 0.575 3.78E-10 0.862 8.85E-16

as the performance of a typical human. We achieved a high correlation of 0.862 on the multi-lab group with LRw.

Discussion

In this study, we explored various deep vector representations along with lab test features (the type of lab test and its
range), UMLS concepts, and other engineered features, for retrieving similar medical questions regarding lab tests.

In particular, human annotation had a high impact on the evaluation results. Nevertheless, annotation involves un-
certainties and challenges. For example, despite a guideline for annotation was introduced to the human annotators,
the annotation results may not always align with the rating criteria of each score range in the guideline. Additionally,
annotators expressed the feeling that the annotation tends to be subjective even though the guideline was clearly un-
derstood. On the other hand, if more detail was provided in the guideline, the annotator concerned that they would
have been confused about which score to assign to a specific pair, resulting in ratings that were inconsistent with the
criteria provided in the guideline.
Table 5. Given a creatinine related query question: What is Serum Chemistry. My Serum Creatinine shows
1.50MG/DL, what that means what precaution should be take?, the gold-standard ranking and the ranking of each
candidate question using three different methods are listed.

Candidate Question (Annotated score) Method
BERT+Lab BERT+Lab+EF

my serum creatinine level is 1.42 is it riski? i am alcoholic (3) 3 8
My mother aged 45 has only one kidney.creatinine level 4.2,Urea 50,what diet she should take,what medicine? (6) 4 7
If creatinine is given as 278 what is the unit it is expressed? My BUN level is 21. (8) 8 2

Table 6. Given a glucose related query question: Is 80 a normal glucose reading? , the gold-standard ranking and the
ranking of each candidate question using three different methods are listed.

Candidate Question (Annotated score) Method
ISM ISM+UMLS

is 144 a good blood glucose reading after breakfast, it was 63 before.? (2) 4 3
is 3 a normal reading for blood sugar levels? (4) 1 1
is a 13.8 reading on my glucose machine bad? as I am normal at 7 (6) 2 2
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Table 7. Given a HbA1C related query question: my a1c is 5.4 do i have pre-diabetes? i am anemic and my a1c is
5.4 do i have pre-diabetes, the gold-standard ranking and the ranking of each candidate question using three different
methods are listed.

Candidate Question (Annotated score) Method
BoW BoW+Lab

My fasting blood glucose was 216, but my a1c is only 5.2. Does this mean that I have diabetes? (1) 6 1
my fbs test 120mg/dl and hba1c 5.9% do i have diabetes ? do i have diabetes ? (5) 9 5
A1C of 6.7 in a woman of 64? Is this diabetes or pre diabetes (8) 5 8

Table 8. No Lab: Candidate Questions of Given a query how can type 1 diabetes be prevented? that has no lab tests,
gold-standard ranking and the ranking of each candidate question using three different methods are listed.

Candidate Question (Annotated score) Method
ISM ISM+UMLS

I am really scared i might have type 1 diabetes how can i prevent it???? (1) 4 2
How can i prevent diabetes? (2) 1 1
does type 2 diabetes have a cure? (6) 3 7

Table 9. Multiple Lab: Given a query My fbs is now 5.68mol with hba1c of 5.1 is there a need to take diabetic
medicine? that has no lab tests, the gold-standard ranking and the ranking of each candidate question using three
different methods are listed.

Candidate Question (Annotated score) Method
ISM+lab ISM+lab

my fbs test 120mg/dl and hba1c 5.9% do i have diabetes ? do i have diabetes ? (1) 1 1
My fasting blood glucose was 216, but my a1c is only 5.2. Does this mean that I have diabetes? (2) 4 2
HbA1c of 5.7, am i prediabetic? (3) 5 4

Use of Lab Features

Our results show that including lab features significantly improved the correlation between each method and the gold-
standard rating, which aligns with our hypothesis – the integration of lab test related features can effectively enhance
the retrieval of similar medical questions that contain clinical lab results. For example, as shown in Table 6, the given
query question and the three candidates all made the same type of inquiry and provided HbA1c test results, where both
the query question and the first candidate question had HbA1c results in the normal range, while the second and third
candidate questions had HbA1c results in the diabetic range. As the simple BoW could not capture the ranges of the
test results, its ranking significantly differed from the annotation. By integrating the lab features, BoW+Lab improved
the ranking of BoW, and the ranking of the three candidates is consistent with the gold-standard. For questions that
contain multiple lab tests, integrating lab-related features also significantly improved the performance over the use of
each deep representation method.

Use of UMLS Features

Although introducing the UMLS features did not enhance each model’s correlation with the gold-standard rating, there
is room for future improvement. Due to the limitation of the algorithm, the UMLS mapped some synonymous terms
such as blood sugar, blood sugar level, and fasting blood glucose to different concepts. For example, as shown in
Table 9, MetaMap identified UMLS concept normal glucose of the semantic type Finding from the query question. It
extracted (1) the concept Blood Glucose of the semantic type Organic Chemical from the first candidate question, (2)
the concept blood sugar levels of the semantic type Laboratory or Test Result from the second candidate, and (3) the
concept glucose of the semantic type Biologically Active Substance; Organic Chemical; Pharmacologic Substance
from the third candidate question. As such, MetaMap extracted four different concepts about glucose. Thus the
improvement of the similarity between query and candidate questions is limited. Future work can consider higher
level concepts or integration of these concepts through some similarity measurement.

Nonetheless, there are cases where UMLS concepts improve the correlation between a method and the rating. For
example, as shown in Table 8, MetaMap extracted the key concepts prevent, Type I Diabetes, Diabetes, and Type II
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Diabetes from the questions. Comparing to ISM, ISM+UMLS’s ranking is more consistent with the annotation.

Use of Engineered Features

Also, it appears that including engineered features also had no apparent positive impact on the methods. This may be
attributed to the fact that some of the medical questions may not be WH questions. Also, if two candidate questions
asked about different topics while both had a WH question or similar sentence length, the engineered feature would
in turn impair the ranking. For example, as shown in Table 5, both the second and third candidate questions are what
questions and have more similar sentence length and the number of stop words to the query question than the first
candidate. Even though the three questions all have creatinine test results in the same range, the second and third
candidates were identified as less similar to the query question than the first candidate according to the annotation.

Limitations and Future Work

This study had several limitations: The extraction of glucose results by Valx was not as accurate as creatinine and
HbA1c tests. Such errors could impact our results. The adoption of the UMLS features was not effective in optimizing
the ranking of candidates, which could be possibly improved by adopting concept similarity measures. As for the hu-
man annotation, all the annotators only have basic knowledge of diabetes, which may have introduced disagreements.
In future work, we will apply learning algorithms such as polynomial regression to optimize the feature weights. Fur-
ther analyses and systematic approaches will be applied to evaluate which features contribute more or less to similarity
measures. We will also employ multi-layer neural networks for feature learning, and try other data sets.

Conclusion

This study investigated the combined use of various deep representation models and shallow features in retrieving
similar medical questions that contain lab tests. We developed a set of query-candidate question pairs for evaluation.
The results show that the regression-weight model outperforms the baseline BoW and the other methods. According
to the evaluations by the human annotators, our method was shown to effectively identify the most similar medical
questions in Yahoo! Answers.
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Abstract

Applying state-of-the-art machine learning and natural language processing on approximately one million of tele-
consultation records, we developed a triage system, now certified and in use at the largest European telemedicine
provider. The system evaluates care alternatives through interactions with patients via a mobile application. Rea-
soning on an initial set of provided symptoms, the triage application generates AI-powered, personalized questions to
better characterize the problem and recommends the most appropriate point of care and time frame for a consultation.
The underlying technology was developed to meet the needs for performance, transparency, user acceptance and ease
of use, central aspects to the adoption of AI-based decision support systems. Providing such remote guidance at the
beginning of the chain of care has significant potential for improving cost efficiency, patient experience and outcomes.
Being remote, always available and highly scalable, this service is fundamental in high demand situations, such as the
current COVID-19 outbreak.

Introduction

Shortage of physicians and increasing healthcare costs have created a need for digital solutions to better optimize
medical resources. In addition, patient expectations for mobile, fast and easy 24/7 access to doctors and health services
drive the development of patient-centered solutions. The need to be triaged, diagnosed and treated remotely or at
home without having to wait in crowded rooms has never been more relevant than in outbreak periods as the COVID-
19 one1–3. Symptom checkers and differential diagnosis generators (DDX) developed for the public in form of web
and mobile apps are at the crossroad of these needs. Already several of these developed over the past few years are
established on the market. Isabel Healthcare is mostly designed for medical doctors (MDs). It allows the user to
enter some demographic information and symptoms and simply suggests a list of all potential diagnoses, ranking them
by likelihood and red flagging the potentially dangerous ones. It also displays many literature and web resources
for a further exploration of the potential diagnosis (from popular Wikipedia to specialized medical sources such as
UptoDate). ADA is developed for the patient. It has a similar starting point, but then engages in a long dialog with the
patient to collect additional information on the initially entered symptom and the presence of additional ones. At the
end of the dialog, ADA provides a generic and high-level summary on the urgency of the condition and returns a list
of the most probable diagnoses (such as “n out of 10 people with the same symptoms had this condition”). For each
displayed diagnosis there is an associated recommendation, such as “this condition can usually be managed at home”,
“seek medical advice”, “seek emergency care”.

The telemedicine triage that we developed, the Artificial Intelligence Triage Engine (AITE), is an integral part of a
rich ecosystem of telemedicine services and is fundamentally different from symptom checkers in several aspects.
Starting with few input symptoms (see Figure 1), AITE engages in short and focused dialogues to finally provide
clear and simple recommendations to patients. Patients receive suggestions on which medical service provider to go
to depending on the characteristics of their condition. In critical cases, patients are recommended to call the telecare
provider immediately for a teleconsultation. If the health condition of the patient is assessed as being less urgent,
they can select an appointment of their choice via a phone or video consultation with a trained telecare specialist (see
Figure 2). Should patients require physical intervention, they will be referred to an appropriate care provider for a face-
to-face consultation. The advantages are clear. By using the mobile application, emergency cases can be treated faster
than in standard call center settings. Moreover by automatically filtering out patient requiring physical intervention,
telemedical resources can invest more time in treating telecare eligible patients. Furthermore, to recommend the most
appropriate course of action, the app draws from the patient’s personal medical history as well as from similar cases
handled by the telecare provider in the past.
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Figure 1: Screenshoots of the medical application currently in use.

Built on case records and guidelines using AI-based methods, the system consists of the following building blocks:
1) an engine for the automated ingestion of unstructured clinical notes, the extraction of relevant medical entities and
their organization into a knowledge graph (KG); 2) a data-driven dialog system that allows a conversation with such
medical knowledge base and drives the patient interactions; 3) an inference engine able to suggest the most appropriate
recommendation in terms of point of care and time frame for treatment. All these components are depicted in Figure 2
and will be discussed in detail in the following sections.
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Figure 2: Overview of the solution building blocks. Right column: improvement, testing and validation tasks per-
formed with physicians help.

Data

To build the triage application described here, we used more than 900k case records written in German and collected
over more than 7 years. This is only a fraction of the available data, since only records generated by top-ranked
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doctors (based on years of experience and internal audits) were selected. The records are notes that call center agents
and doctors took while talking to the patients over the phone. They are structured in sections that contain demographic
data such as age and gender, previous illnesses, and free text descriptions of the patient’s current medical condition. It
should be noted that in this kind of records, the free text contains a shallow and subjective description of the patient’s
problem. Patient narrative can contain mention of recent surgery or treatments and whether the patient can perform
or not a specific test/movement, but no physical exams nor lab tests. Potential diagnoses consistent with the symptom
description are listed. The descriptions in the records are expressed in formal medical language as well as in layman’s
terminology. Typical for these settings, sentences are not always complete (e.g., subjects or verbs may be missing)
and include misspellings, dialect vocabulary, non-standard medical abbreviations and inconsistent punctuation. This
is a challenge for the linguistic processing of the case records.

NLP pipeline

A natural language processing (NLP) pipeline extracted medically relevant concepts from each case record. The
pipeline consisted of the following stages: (1) data preprocessing for misspelling correction and abbreviation expan-
sion, (2) named entity recognition (NER) and (3) concept clustering for the dynamic creation of an ontology of medical
concepts from the corpus. Acronyms and abbreviations used unambiguously were linked to the corresponding entities
directly in the medical dictionaries. Ambiguous acronyms and abbreviations were resolved, when possible, using algo-
rithms that include context for disambiguation. Although we were able to detect many entity types, i.e. from anatomy
and physiology to medical procedures and medicines, the main focus was on the extraction of current, non-current and
negative mentions of symptoms and diagnosis in simple and complex expressions. Special attention was devoted to
symptom and disease characterization in terms of body part location (e.g. pain in the leg, abscess in the arm), intensity
(strong, light), time duration (chronic, acute), activity by which the symptom manifests or changes in character (e.g.
dyspnea at rest, exertional dyspnea). For medical entity extraction we used a system based on the combination of dic-
tionary look-up, advanced rules and deep learning. The dictionaries used in the NER were built partly using existing
German-language medical dictionaries and ontologies (UMLS mapped German terms, ICD10, MedDRA, etc.) and
partly using the list of words contained in the case records. They therefore contain a mapping of technical and lay-
man’s terms, for a total of more than 140k unique words (including declination, capitalization). Negated mentions of
medical entities are very frequent in this type of records and were detected using German language-specific negation
particles or expressions.

For relations that associate a medical entity to a specific body part, advanced parsing rules were used to detect short
distance relations with high precision, while a deep learning (DL) stage was used to detect distant relations, improving
therefore the overall recall. We trained a DL binary classifier with positive and negative examples. The annotated
data consisted of 10k triples (E1, R, E2) manually generated on the raw texts; where E1 is a symptom, disease, or
operation, E2 is an anatomical location, and R is the positive or negative relation between the two entities. To obtain
a good balance of training examples, 50% triplets had R = “located in” and 50% triplets had R = “not located in”.
This approach can also be used in case of multi-relation extraction by building a binary classifier for every relation,
where the use of correctly balanced negated examples helps improve the training. The raw text data was processed
by (a) removing stop words, (b) transforming to lower case, (c) normalizing to ASCII characters, (d) transforming
delimiters (e.g. “;”, “,”, “.”) to word embeddings by adding white spaces, and (e) excluding any non-alphanumerical
characters and characters not in the delimiter set. For each word, we concatenated word-, positional- and part-of-
speech-features (POS-features) creating the input feature vector. Word features were constructed using pre-trained
word embeddings on the raw text data, using either word2vec4 or ELMo25 embeddings. Positional features were
defined as the combination of the relative distances of the current word from the entities E1 and E26. We explored
three different architectures Convolutional Neural Network7 (CNN) and Bidirectional Gated Recurrent Unit Network
(Bi-GRU), Bidirectional Long Short Term Memory Network (Bi-LSTM), combining the models proposed in8–11.

In the CNN architecture, the input feature vector with dimension k was fed to convolutional layers. These layers
encoded the word sequence into n-gram representations, to capture the contextual information. For a given sentence,
a weight matrix w ∈ Rm×k was applied to generate the new features ci from the window of words xi:i+m−1 where:

ci = Relu(w · xi:i+m−1 + b) , (1)
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Figure 3: Architecture of the CNN model (left panel) and Bi-LSTM model (right panel) for relation extraction. In the
figure w, p, d are the dimensions of word-, positional and POS-features, l = 45 is the maximum sentence length.

with m convolutional window. This filter was applied to each possible window of words in the sentence

x1:m, x2:m+1, .....xn−m+1:n (2)

to produce a feature map:
c = [c1, c2, ......, cn−m+1], (3)

with c ∈ Rn−m+1. By applying multiple filters (denoted f ) on xi:i+m−1, we obtained a new representation of the
sentence. By setting different values for m, we obtained different n-gram representations of the sentence which
was input to a max pooling layer, similarly to6, 7, 12. The last layers of the CNN architecture comprised several fully
connected layers with dropout and a softmax for the classification. The architecture schema of the CNN model is
shown in the left panel of Figure 3. The dimensions of the word embeddings w, the positional embeddings p, the
number and size of the convolutional windows, the number of filters f , the number of fully connected layers and their
dimensions, the number of epochs and the dropout rate were tuned during training. In the Bi-GRU and Bi-LSTM
architectures, the input feature vector with dimension k was fed into Bi-GRU or Bi-LSTM layers, followed by an
attention and a softmax layer for the classification. The architecture schema of the Bi-LSTM is given in the right panel
Figure 3.

For all architectures, we used grid search to find the optimal values of the model-specific hyperparameters. We used
a randomly constructed cross-entropy loss function with mini-batch updating and Adam optimizer for five epochs. In
our experiment, we found optimal values for w = 50 and p = 20. The annotated data was split in 60% training, 10%
validation and 30% testing. Precision, recall and f-score on the test set on the different architectures are shown in
Table 1.

Notably, the described NLP pipeline is able to ingest one million patient records at run time and extract the relevant
medical entities and their relations in about two hours. Therefore, if needed, new, improved versions of the system
could be produced almost on a daily basis, by ingesting new case records whenever available. A highly performant
pipeline is also important for efficient debugging of the NLP algorithms.

Ontology and Knowledge Graph

Several approaches have been developed for ontology learning13, 14, which is defined as the extraction of terms, con-
cepts, taxonomic relations and non-taxonomic relations from data. An ontology can be built from scratch for example
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Table 1: Prediction results of the different architectures on relation extraction (i.e., predicting whether the relation is
R1 orR2), where P(Rk), R(Rk), F(Rk) are precision, recall and f-score andR1 = “not located in”,R2 = “located in”.
Similar values were obtained by conducting several experiments and averaging the results.

Experiment P(R1) R(R1) F(R1) P(R2) R(R2) F(R2)
Word2Vec-CNN 0.77 0.84 0.81 0.82 0.74 0.77
Word2Vec-Bi-GRU 0.90 0.88 0.89 0.77 0.80 0.78
ELMo-Bi-LSTM 0.92 0.90 0.91 0.80 0.85 0.83

using clustering algorithms or from an existing ontology performing classification tasks.

The first step in the creation of the ontology in our application was the grouping of the annotations gathered through
the NLP pipeline that describe the same medical concept. For this process we used a hierarchical procedure, named
concept clustering. This is important to improve performance of the inference engine to ensure high recall for systems
based on patient similarity and reduce feature correlation for machine learning classifiers. It is especially laborious in
German, due to the frequent use of complex compound names that can be also expressed by several permutations of the
corresponding simple entities. For example, Augendruckschmerz - painful sensation of pressure in the eye - contains
the three simple entities [Auge, Druck, Schmerz] – [eye, pressure, pain] – and can also be expressed by Druckschmerz
am Auge, schmerzhaftes Druckgefühl hinter den Augen, etc. This concept clustering was performed in consequent
stages, at dictionary level first, by grouping all synonyms in one single dictionary entry (e.g. abdomen, belly) and at
annotation level, by grouping annotations with similar semantic blocks, e.g. [belly, pain], [abdominal, pain]. This
multi-stage approach can be used to tailor the level of granularity of the medical concepts to the different applications
and end users, in our case to medical triage and patients. For example, if such a level of detail is not required, all
explicit mentions of finger phalanxes can be merged into the concept finger at a customized annotation level.

The created medical concepts are then organized in an ontology, where the following relations among medical concepts
were considered: 1) child of (Taxonomic Relations) and 2) located in, negation of, characterization of, specification
of (Non-Taxonomic Relations). The relations child-of were automatically built using as a reference the relations
contained in two manually curated elementary ontologies, “Anatomy” (e.g. Augenlid is child of Auge - eyelid is child
of eye) and “General Symptom” (e.g. Druckschmerz is child of Schmerz), which were derived from standard medical
resources(e.g.,15). To summarize, more than one million medical expressions were merged into 17k medical concepts
specific to medical triage, related to a very broad range of problems (e.g. urinary, digestive, respiratory, locomotive,
skin, eye). These medical concepts were organized in a large ontology containing 17k nodes (15k symptoms, 2k
diseases) and 100k edges. In addition to a name and its synonyms, each medical concept was also characterized
by metadata, used, for example, to assign the semantic type (symptoms, disease), distinguish between red flags and
common symptoms, female or male specific conditions, psychological or other types of symptoms. Metadata are
consumed by the system which drives the dialogue with the end users (Q&A system).

The diagram of the stages used to construct the ontology is summarized in Figure 4.

It should be noted, that this solution allowed for the creation of an ontology of medical concepts directly and automat-
ically from the ingested data, whereby layman’s and technical terminology as well as many synonym expressions are
mapped to the same concept. In addition, this solution is useful for languages that are not yet well covered by standard
ontologies such as UMLS/SNOMED.

After ontology creation, the input case records together with the extracted medical concepts and metadata were auto-
matically ingested and organized in a language agnostic knowledge graph (KG). KGs are structured knowledge bases
(KBs) that store information in form of relationships (edges) between entities (nodes or vertices)16–18. The graph
is represented by its sparse adjacency matrices, indicating which vertices are connected with a given relation. The
created KG consisted in more than 1M of nodes of the type case record, age, gender, symptom, disease, red flags,
historical recommendation and 23M edges linking these entities, such as, for example symptom-to-patient, disease-
to-patient, patient-to-point-of-care, age-group-to-patient. The language agnostic KG was built for multilingual triage
applications by first using data in one specific language (German) as a reference and then mapping the medical en-
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Figure 4: Diagram of the stages used for ontology learning and their outputs. The stages are connected to the outputs
with dashed arrows.

tities (KG nodes) to numerical codes. To obtain language interoperability, these numerical codes should correspond
to international standards, such as the UMLS concept unique identifier, or ICD and SNOMED codes. However, the
coverage of these coding systems for the specific languages can vary considerably and therefore a complete mapping
was not possible.

Patient Interaction

An essential part of the triage process is the Q&A session, during which additional, carefully chosen symptoms are
asked to the patient. As the patients do not have the necessary knowledge for proper triage, this process ensures that
they enter all relevant symptoms, even the ones that they might consider irrelevant or unnecessary to input. Users might
not know correlations between symptoms that are important. The question generation algorithm drives the interaction
with the patient. Its goal is to identify which medical concepts need to be asked as the most relevant to the initial
input provided by the patient, emulating the human expert decision process. In our system, the question generation
algorithm is fully learnt from the data: the questions are determined dynamically based on the patient’s input and the
system’s knowledge on the training data. We explored two different approaches. One based on information retrieval
algorithms, i.e., pseudo-relevance feedback based query expansion techniques (such as entropy, mutual information)
and the second one on neural network techniques. In the first approach question generation and patient risk assessment
are jointly optimised so that the collection of additional relevant information from the patient aims to improve the
classification task. While in the second approach the two tasks are optimised (i.e., trained) separately.

For the neural network based model we constructed a training corpus masking one or multiple medical concepts from
each patient case and optimised the network to predict the obscured features. We split the data in 70% for training,
10% for validation and 20% for testing. Due to the high number of word features that may be obscured, the prediction
task becomes very hard. A random classifier would only achieve an accuracy of 5.6× 10−5 (inverse of the number of
word features) for the top one (i.e., highest probability) prediction.

Table 2: Testing results of a neural network based (NN) query expansion module compared to information retrieval
techniques. In the table we show the top-k accuracy (Acc@k), using inverse probability masking.

Model Acc@1 Acc@5 Acc@10
f 0.0095 0.087 0.175
BIM 0.0093 0.037 0.0578
CHI 0.0019 0.0336 0.0664
RSV 0.0107 0.0873 0.170
KLD 0.0016 0.0654 0.138
NN 0.13 0.26 0.34

In Table 2 we compared the performance of a neural network based query expansion model19 with the following
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rankers: i) frequency-based (f), ii) binary independence model (BIM20), iii) χ2 value (CHI21), iv) Robertson selec-
tion value (RSV22), v) Kullback-Leibler divergence (KLD23, relative entropy). For a comprehensive review of those
methods see also24. The frequency-based ranking of the terms (f) ranks the most often occurring symptoms the high-
est, while low-occurrent ones lower as in the formula F (s,R) =

∑
r∈R Is∈r , where R is the set of relevant cases

retrieved, s is the token to be ranked and I the identity if the token s belongs to the set r, zero otherwise. A drawback
of this method is that it ranks potentially irrelevant symptoms high, that are only common because they are frequent
in the data, hence also in the relevant subset of cases. The binary independence model (BIM) ranks symptoms based
on the equation below:

BIM(s,R,N) = log
p(s|R)·[1− p(s|N)]

p(s|N)·[1− p(s|R)] , (4)

where s denotes the symptom to be ranked, R is the set of relevant retrieved cases and N is the case base. p(s|R)
and p(s|N) stand for the probabilities of the symptom occurring in the relevant set of cases and the whole case base
respectively. The exact probabilities are unknown but can be approximated with the counts. The χ2 value is used to
determine whether there is significant difference in expected values of two events. In our case, these two events are
the query occurrence in the relevant set of cases and the occurrence in the whole set of training data. The definition is
given in the equation below:

CHI(s,R,N) = log
[p(s|R)− p(s|N)]2

p(s|N)
. (5)

The Kullback-Leibler divergence (KLD, relative entropy) of the aforementioned probabilities is also used as a term
ranking metric. It is defined as written in the equation below:

KLD(s,R,N) = p(s|R)·log p(s|R)
p(s|N)

. (6)

KLD is a measure of how two probability distributions differ from each other. The Robertson selection value (RSV)
ranks the symptoms based on the product of their differences in occurrence probabilities and their term weight for each
document in the relevant records. This is intuitively promising as certain tokens might be low-occurrent compared to
others, yet of major importance for the downstream classification task, which is captured by a higher term weight.
RSV is described in the equation below:

RSV (s,R,N) =
∑
r∈R

w(s, r)·[p(s|R)− p(s|N)] , (7)

where w(s, r) denotes the weight of term s in the given relevant record r. NN based question generation systems
show very promising results in order to generate questions that are medically relevant and consistent with the initially
provided symptoms, hence fundamental for the construction of a QA system. The described experiment has been
used to benchmark different algorithms. In real settings, the question generation system is only one component of the
dialogue system and only a subset of medical conditions is used. A key aspects in the dialogue is the usage of the
medical ontology. Central to the development and digitization of AI-based decision support system are user acceptance
and user friendliness. In AITE, for example, patients can state their symptoms in a natural way since many different
forms of expressing the same symptom have been learned from the training data provided by the telemedicine provider.
An elastic search engine provides the mapping from the user input to the medical concepts using all variety of symptom
expressions extracted from the data and stored in the ontology. The Q&A part plays an important role in defining the
overall user experience, hence speed and usability are crucial. In order to achieve the best user experience, the Q&A
was customized according to patient age, gender, and medical status, and special attention was paid to a simple and
understandable formulation of the questions. Questions should be relevant to the input symptoms and conversations
should be short. This required that a final recommendation could be reached in only few interactions, with a short
waiting time between these, i.e., less than one second. Especially difficult was to design a system to avoid asking
“similar questions” that are interpreted by a human as repetitive and redundant. This was partially solved by using the
hierarchical structure of the medical ontology, by excluding all the children of a medical concept as possible question
candidates, if the patient has denied having their parent. For instance, the system will not ask any symptoms related to a
specific part of the abdomen (upper, lower, right, left, center) if the patient denies having an abdomen problem. These
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Key Performance Indicators (KPIs) were explicitly evaluated during several testing campaigns in different settings
which led to continuous refinement of the Q&A model and logic.

Recommendation engine

The inference engine is the part of the system that will reason on the collected information and give a final recom-
mendation. The are several approaches to build a recommendation engine for patient risk assessment. In one type
of approach, patient similarity is calculated on the KG using node and edge weights, to identify the sub-graph region
containing the patient data most similar to the user. This region might also be used to retrieve the possible key missing
medical conditions, in systems where question generation and recommendation inference are coupled. Node and edge
weights in the KG are learned from the data and medical guidelines with cross entropy cost minimisation. In a second
type of approach, the KG is used as a knowledge base to extract feature vectors, (e.g. by learning embeddings from
the graph25–28, combining embeddings learned from the original text with graph features) to build a machine learning
classification engine. While it is not possible to report final accuracy levels due to confidentiality, we tested an imple-
mentation of this second approach which achieved f-scores as high as 87.5%, 74.0% and 90.4% on high-, medium- and
low-risk classes respectively, with a confidence threshold of 0.6. Based on CNN methods7, it is extensively described
in29. Finally, patient risk assessment can be performed with high classification performance also with advanced DL
techniques. In this latter case, however, the methods are perceived as a ‘black box” in terms of how they generate
the predictions from the input data and the addition of an explanation method is needed for user acceptance29. In
implementing the first approach, we modeled the retrieval of similar patients on the KG with a sequence of graph
operations. The technology was developed on proprietary libraries on sparse linear algebra16, 17. The final implemen-
tation was extremely efficient and allowed for very fast graph operations. The computation of graph traversals with
arbitrary depth for sparse adjacency matrices was of the order of milliseconds (O(ms)) for single graph traversal. High
performance was obtained by keeping the KG in memory. The response time for any single query was measured to
be well below the four seconds requirement with a single worker, as the system architecture enables scaling, and thus
efficient large-scale patient support. The KG was also used for traceability and transparency in the recommendation
rationale. The retrieval of similar patients to the users allows to understand why a certain recommendation was given
from historical cases.

Figure 5: Average application response time in seconds for increasing computational resources (number of workers)
with 30 concurrent user requests.

A key requirement for usability and user-friendliness was speed and scalability. Patient requests can be spread over the
available servers, and speedup from concurrency is linear with the available hardware resources as shown in Figure 5.
All patient interactions can be handled on average in less than one second with enough computational resources.
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Subject matter expertise in clinical validation and testing

Clinical testing and validation were fundamental for the certification of the solution. In such a complex system, test-
ing and validation were performed at different levels, encompassing: 1) semi-automated validation of single building
blocks (e.g. NLP, Ontology, Q&A); 2) automated validation of the end-to-end output on a set of clinically validated
ground truth cases (automated recommendation testing); (3) validation of the system in real-life and production set-
tings. Whenever possible automated testing procedures were streamlined to the execution of the pipeline for the
creation of the system, so that they could be run at any update or modification of training corpus or pipeline compo-
nents. Physicians support was fundamental in all testing steps as depicted in the right column of Figure 2. Automated
recommendation testing was performed by first creating a ground truth set in which patient demographic, symptoms
and the corresponding recommendations were known and validated by clinicians. Recall, sensitivity, precision and f-
score were then calculated by comparing those recommendations with the ones given by the system on the same input.
Although metric values can not be disclosed, it has to be noted that all had to be above required thresholds (with a
special attention to emergency recall) for system release . Validation of the system in real life was performed by physi-
cians and other subject matter experts, by evaluating defined KPIs on a statistically significant sample during the usage
of the tool in different settings. To reduce the time and effort requested to the physicians in these activities, special
methods and tools were developed to enable a continuous loop between clinician review and quick implementation.

Conclusion

We have presented results, solutions and approaches used to build an interactive, AI-based system for automated
medical triage from a large corpus of case records. We have considered various aspects in developing such an end-
to-end system, from precision on the recommendation, transparency for trust, adoption and end-user friendliness, to
the system scalability in terms of number of users served. A key aspect of our research work was the development
of a pipeline capable of automatically generating a very rich ontology of medical concepts and a knowledge base,
directly from a large corpus of ingested records. This included a highly efficient DL-augmented NLP stage with high
precision and recall for the extraction of medical entities and their relations, and a language agnostic implementation of
a medical knowledge graph for multilingual applications. A second key aspect was the implementation of reasoning
methods on such a knowledge base, comprising a user-friendly, fully data-driven question generation technology
and an inference engine for the final recommendation. A third key aspect was that several testing procedures were
automated and streamlined to the development activities, for a continuous and consistent feedback implementation.
The abstraction and modularity of the underlined solutions are crucial for the reusability of the components in general
settings such as automated knowledge ingestion and organisation, development of dialogue systems and decision
support applications. Providing such automated triage services will help healthcare providers satisfy a larger number
of patients and focus their valuable medical resources on telecare eligible patients at the same time. The optimisation
of the medical resources will improve patient experience overall.
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Abstract Wrist accelerometers for assessing hallmark measures of physical activity (PA) are rapidly growing with
the advent of smartwatch technology. Given the growing popularity of wrist-worn accelerometers, there needs to be a
rigorous evaluation for recognizing (PA) type and estimating energy expenditure (EE) across the lifespan. Participants
(66% women, aged 20-89 yrs) performed a battery of 33 daily activities in a standardized laboratory setting while a
tri-axial accelerometer collected data from the right wrist. A portable metabolic unit was worn to measure metabolic
intensity. We built deep learning networks to extract spatial and temporal representations from the time-series data,
and used them to recognize PA type and estimate EE. The deep learning models resulted in high performance; the
F1 score was: 0.82, 0.81, and 95 for recognizing sedentary, locomotor, and lifestyle activities, respectively. The root
mean square error was 1.1 (+/-0.13) for the estimation of EE.

Introduction

It is well known that regular and sufficient amounts of physical activity (PA) have tremendous benefits on reducing
the risk of common chronic diseases and enhancing mental health, wellbeing and quality of life. Globally, one out of
four adults (almost 1.4 billion) do not meet the World Health Organization (WHO) PA recommendations1. Recently,
WHO has published an action plan to enhance PAs with a target of 15% reduction in physical inactivity by year 20302.
Although the effect of fitness trackers on increasing PA has yet rarely explored, a few recent studies have shown
that these trackers can potentially change individuals behavior and increase PA3, 4. Therefore, there is a need to build
models that can accurately recognize PA type and intensity.

Historically, the adopted approach used to recognize PA type and to estimate energy expenditure (EE) relied on data
collected from the hip position in standardized laboratory settings. The advantage of the hip position over other
positions is the closeness to the body’s center of the mass. Therefore, it offers a convenient and accurate approach for
capturing ambulatory activity5. Recently, however, the wrist position has become popular for collecting accelerometer
data due to a rise in smartwatches, convenience, ability to capture sleep quality and enhanced compliance in research
studies6–9. Despite the popularity of wrist-worn accelerometers, there is a paucity of models that are deemed viable
for accurately assessing wrist PA. The use of data from the wrist position to recognize PA type and estimate EE is
challenging due to its limitation in quantifying and capturing large lower limb movements and other lifestyle activities.

In this paper, we targeted two pervasive issues for using accelerometers: i) recognizing PA type, which is a clas-
sification problem and ii) estimating energy expenditure, which is a regression problem. To address these issues,
previous research has used several machine learning algorithms including decision tree10, random forests10, 11, and
bag-of- words12. This approach is generally better than traditional statistical regression-based approaches, due to their
ability to handle a high resolution data across three accelerometer axes and are able to extract and utilize non-linear
relationships more efficiently than traditional statistical-based approaches. The current machine learning approaches
follow standard time series analysis, where relevant features are aggregated (feature engineering) on sliding windows
(bouts) of the raw data followed by classification or regression. While this approach has successfully discovered
nonlinear relationships, it stops short in identifying hidden features, because it flattens the temporality in the data by
summarizing it to time- and frequency-domain features. This will limit the ability of the machine learning model to
extract the temporal features from the time series data, which are important for capturing the transitions between ac-
tivity types. Lastly, the current machine learning approaches rely on the selection of relevant features, which requires
domain expertise and varies significantly among researchers.

For these reasons, we embrace the power of deep learning in this paper, because it learns embeddings from the raw
accelerometry data and identifies a comprehensive feature representation without user input. As recent examples,
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convolutional neural networks (CNN) and recurrent neural networks (RNN) demonstrated important breakthroughs in
image13 and speech recognition14 and word embeddings15. Recognizing activity type is an ideal fit for CNN and RNN
to appropriately utilize the spatial and temporal representations of the time series signals16, 17. Deep learning is able
to process the data through an organized hierarchy of neural networks that can extract progressively non-linear and
abstract features that can be used for classification. Data are processed throughout the layers, where the input of each
layer is the processed output of the previous layer. This architecture of deep learning allows the network to generalize
and become domain-invariant, which means that after learning a specific pattern from data, the deep network will be
able to recognize it on different data sources.

In this paper, we analyzed the raw accelerometry data that are collected from the wrist position in a laboratory setting.
We filtered the data and split it into 15-seconds non-overlapping windows. These windows are used as an input to
the deep learning network. The output of our models are the recognition of PA type and the estimation of EE. We
hypothesize that the deep learning network is effective in extracting relevant features from the raw accelerometry data,
predicting physical activity type, and estimating energy expenditure precisely from accelerometer data collected from
the wrist. (Figure 1) shows the overflow of the accelerometry data processing proposed in this work.

Figure 1: Accelerometry data processing overview. CNN refers to convolutional neural network; LSTM refers to
Long-short-term memory (LSTM); and DNN refers to dense neural network.

Methods
Participants

One hundred and forty five participants (96 women and 49 men , aged 20-89 yrs) performed a battery of 33 typical
daily activities in a standardized laboratory setting as listed in (Table 2). Participants were community dwelling
adults 20+ years old who can read and speak English language, were willing to undergo all testing procedures, and
their weight was stable in the last three months (+/-5 lbs). (Table 2) shows participants’ descriptive characteristics.
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Institutional Review Board at the University of Florida approved all study procedures, and all participants provided
written informed consents before the study.

Table 1: List of the performed physical activities and their type

Activity type
Activity Sedentary Locomotion Life-style
LEISURE WALK No Yes No
RAPID WALK No Yes No
LIGHT GARDENING No No Yes
YARD WORK No No Yes
PREPARE SERVE MEAL No No Yes
DIGGING No No Yes
STRAIGHTENING UP DUSTING No No Yes
WASHING DISHES No No Yes
UNLOADING STORING DISHES No No Yes
WALKING AT RPE 1 No Yes No
PERSONAL CARE No No Yes
DRESSING No No Yes
WALKING AT RPE 5 No Yes No
SWEEPING No No Yes
VACUUMING No No Yes
STAIR DESCENT No Yes No
STAIR ASCENT No Yes No
TRASH REMOVAL No No Yes
REPLACING SHEETS ON A BED No No Yes
STRETCHING YOGA* No No No
MOPPING No No Yes
LIGHT HOME MAINTENANCE No No Yes
COMPUTER WORK Yes No No
HEAVY LIFTING No No Yes
SHOPPING No No Yes
IRONING No No Yes
LAUNDRY WASHING No No Yes
STRENGTH EXERCISE LEG CURL* No No No
STRENGTH EXERCISE CHEST PRESS* No No No
STRENGTH EXERCISE LEG EXTENSION* No No No
TV WATCHING Yes No No
STANDING STILL Yes No No
WASHING WINDOWS No No Yes
A total of 29 activities were considered for PA type recognition and 33 for EE estimation
* Only considered for energy expenditure estimation

A tri-axial accelerometer (ActiGraph GT3X+) was worn on the right wrist. Additionally, a portable metabolic unit
(Cosmed K4b2) was worn to measure metabolic intensity that was expressed as a relative metabolic equivalent (MET).
Tasks were chosen because they mimic daily chores activities, common among most Americans, and they are consis-
tent with average time spent in the 2010 American Time Use Survey18. Participants performed the scripted activities
over four separate visits (2-3 hours each). Each one of these visits was designed to reduce the burden on participants
and fatigue associated with performing physical activities over long periods of time. Activities were performed from
lowest to highest metabolic demand with a 5-10 minute period between each activity. Full list of inclusion/exclusion
criteria and data collection reproducibility can be found in the articles published by our group19, 20.
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Table 2: Participants descriptive characteristics

Total (n=145)
Age (yr) 58.8 (17.1)
Female, n(%) 96 (66.2)
BMI (kg ∗m−2) 26.5 (4.8)
Race/ethnicity, n

Non-Hispanic 142
Hispanic 3

Data are means and SD unless otherwise noted.
BMI: Body Mass Index

Instrumentation

Participants wore an ActiGraph GT3X+ monitor on their right wrist. Findings suggest that wearing the accelerometer
on the non-dominant or dominant wrist has no impact on physical activity assessment21. The ActiGraph GT3X+
monitor is a tri-axial lightweight accelerometer that records accelerations in units of gravity (1 g) in perpendicular,
anterior-posterior, and medio-lateral axes. Accelerometers were initialized to collect data at 100 Hz sampling rate.
Also, participants wore a portable indirect calorimetry device, Cosmed K4b222, while performing the activities listed
in Table 1. Before data collection, the oxygen (O2) and carbon dioxide (CO2) sensors were calibrated using a gas
mixture sample of 16.0% O2 and 5.0% CO2 and room air calibration. The turbine flow meter was calibrated using
a 3.0-L syringe. A flexible facemask was positioned over the participant’s mouth and nose and attached to the flow
meter. Oxygen consumption (V O2 = mL.min−1.kg−1) was measured breath-by-breath. The breath-by-breath data
were smoothed with a 30-sec running average window. The ventilation of O2 (V O2) data were displayed using a
customize application in Labview to locate when steady state oxygen consumption was reached. Steady state was
defined as a plateau in oxygen consumption, which typically occurs after 2 min of the start of the activity. V O2 was
averaged over a 2-4 minute steady state window. Data were expressed as METs after dividing the V O2 values by the
traditional standard of 3.5 mL.min−1.kg−123.

Problem Formulation

Activities were split into three binary classification tasks: i) sedentary vs non-sedentary; ii) locomotion vs non-
locomotion and iii) lifestyle vs non-lifestyle. MET values were examined as a continuous variable. We extracted
consecutive non-overlapping 15-seconds windows from the raw accelerometry data and used it as an input (x) to the
deep learning networks. Previous studies used various window lengths, ranging from 0.1 seconds to 128 seconds24–28.
The output of the model is a binary score ŷ = (0, 1) in case of the classification tasks, and a continuous value in case
of the regression task. We used binary cross-entropy loss function to measure the dissimilarity between the predicted
(ŷ) and the ground truth (y) values, and optimized using Adam optimizer as shown in (Equation 1).

L = 1/N

N∑
i=1

[yi log ŷi + (1− yi) log(1− ŷi)] (1)

where L is the loss function, (ŷ) is the prediction, (y) is the ground truth; i is the index of the raw accelerometry data
window; and N is the number of samples.

Deep learning Model Architecture

Our network architecture comprised of multiple layers: input layer, convolutional neural network (CNN) layers, Long-
short- term memory recurrent (LSTM) layer, and a classifier (dense neural network). The input layer is the raw
accelerometry data split into 15-second non-overlapping windows. CNN is used to extract spatial features from the
raw data. The LSTM layer is used to extract time features from the data. LSTM is a recurrent neural network (RNN)
that includes a memory to carry information across timestamps, which can prevent the vanishing gradient problem29
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- preventing older information from vanishing progressively throughout processing, which is important in time series
analysis as in the case of accelerometry data30. The output of LSTM is basically a feature map that is used by the
classifier to recognize the PA type and estimate EE. It is worth mentioning that representations learned by CNN and
LSTM are generic and reusable - useful regardless of the analyzed data. However, the classifier gets rid of the spatial
and temporal notions in the data resulting in representations that are specific to the classes in the problem. It will
contain information about the probability of classes. We used binary cross-entropy loss function to measure how the
classifier’s output is far from the expected one. Then, the loss score is used as a feedback signal to update the weights
of the network using Adam optimizer. In summary, our network comprised of 3 CNN layers, 1 LSTM layer, 2 layers of
dense neural network, sigmoid activation, binary cross-entropy loss function, and Adam optimizer. (Figure 2) shows
the architecture of the deep learning network.

Figure 2: The architecture of the deep learning network.

Model Training

Our dataset consisted of 145 participants included in the PA type recognition and 141 included in the EE estimation.
Though the majority of accelerometry data were collected at 100 Hz frequency, a few cases were collected at 30 and
80 Hz frequencies. For the sake of consistency, we down sampled the frequencies to 30 hz using scipy python library.
Then, we split the three-axis data into 15-seconds samples with 30 hz frequency, i.e., every sample had a shape of
450X3. As elucidated earlier, we categorized the PAs into three categories: sedentary, locomotion and lifestyle. We
built three binary classification models and evaluated the performance of each one of them. All the 145 participants
were randomly distributed into 10 batches, 9 batches of 15 participants each, and 1 batch of 10 participants. We used
10 fold nested cross validation to report the results on PA type classification with two loops: the outer loop considered
every batch as a test set and the inner loop with 9 iterations making every batch other than the test batch as validation
set. In total there were 90 runs in our nested cross validation approach.

There were more samples of lifestyle class compared to other classes, making our dataset imbalanced. In the model
training phase, we used weight balancing to assign higher weights to the minority class. This helped in preventing our
binary models from becoming biased to the majority class. In the validation phase, we down-sampled the majority
class, by randomly selecting samples, to make it equal to the minority class.

We used python 3.7 and keras deep learning library for our approach. The CNN-LSTM model is trained for 50
epochs. We used Adam optimizer and earlystopping callback with patience equals to 5. The model is trained on
Nvidia-Tesla K80 GPU. (Table 3) provides technical information about the parameters and output sizes of each layer.
For reproducibility purposes, we uploaded the code to our GitHub repository31 with a step-by-step manual explaining
how to use them.

Results

Balanced classification accuracy, sensitivity, specificity, precision, F1 score and area under the curve (AUC) metrics
were used to evaluate the performance of the classification tasks. The selection of the balanced classification accuracy
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Table 3: Parameters of the deep learning networks.

Layer (type) Output Shape Param #
input1 (Input Layer) [(None, 450, 3)] 0
conv1d (Conv1D) [(None, 450, 16)] 400
conv1d1 (Conv1D) [(None, 450, 32)] 4128
conv1d2 (Conv1D) [(None, 450, 64)] 16448
lstm (LSTM) [(None, 50)] 23000
dense (Dense) [(None, 10)] 510
dense1 (Dense) [(None, 1)] 11
Total params: 44,497
Trainable params: 44,497
Non-trainable params: 0

and F1 score was due to the data imbalance. Root mean square error (RMSE) was used to evaluate the regression task.
The upper part of (Table 4) shows the performance metrics of the classification tasks, and the lower part shows the
RMSE value for all activities. Each one of the values is a mean of the 10 fold nested cross validation as explained
earlier.
Table 4: Performance metrics of recognizing physical activity type and estimating energy expenditure using deep
learning networks. Each value is the mean and standard deviation of the 10 fold nested cross validation.

Activity Type
Metric Sedentary Locomotion Lifestyle
Balanced Accuracy 0.89 (0.03) 0.86 (0.05) 0.88 (0.03)
F1 score 0.82 (0.05) 0.81 (0.07) 0.95 (0.01)
AUC 0.98 (0.01) 0.95 (0.02) 0.96 (0.02)
Sensitivity (Recall) 0.80 (0.07) 0.72 (0.09) 0.97 (0.01)
Specificity 0.98 (0.01) 0.99 (0.01) 0.79 (0.06)
Precision 0.85 (0.07) 0.93 (0.06) 0.94 (0.02)

Energy Expenditure
RMSE 1.1 (0.13)
All values are mean and standard deviation.

Figure 3 shows the receiver operator characteristic (ROC) curves for all the classification tasks. Each one of the blue
curves represents the curve from each run and the red curve is the mean over the 10 fold nested cross validation.

Discussion

The goal of the study was to show the effectiveness of the deep learning networks in extracting relevant features from
the raw accelerometry data, predicting physical activity type, and estimating energy expenditure precisely from data
collected from the wrist. We considered a deep learning network comprised of convolutional neural networks, long
short-term networks and dense neural network for the classification and regression tasks. Results demonstrated that
the deep learning models were relatively accurate at classifying physical activity types: i) sedentary vs non sedentary,
ii) locomotion vs non-locomotion and iii) lifestyle vs non-lifestyle. Additionally, the models estimated the overall
METs with reasonable accuracy — within +/- 1.1 METS or about 3.8 ml of oxygen.

The results of the deep learning models show relatively high performance in recognizing physical activity types. The
lifestyle model achieved the highest F1 score (0.95), while sedentary and locomotion models were lower, 0.82 and
0.81, respectively. The high F1 score reflects the balance between precision and recall, which is indeed the case
in lifestyle and sedentary recognition and a bit less in case of locomotion prediction. Lifestyle activities typically
require more wrist involvement (i.e., ironing, trash removal) than other physical activity types. This can explain the
high performance achieved by the lifestyle model. However, it seems from the results that less wrist involvement can
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Figure 3: Receiver operating characteristic (ROC) curves for all the PA type classification tasks. Each one of the blue
curves represents the curve from each run and the red curve is the mean over the 10 fold nested cross validation.

lead to confusion in the deep learning model and reduce the performance as in the case of sedentary and locomotion
activities. By looking descriptively at sensitivity scores, the lifestyle model seems to be confident in labeling lifestyle
activities— neither under or over estimating the classifications. However, in case of sedentary, the model was less
accurate and may over estimate activity level by misclassifying them as locomotion or lifestyle.

Comparing relevant literature results is an intricate endeavor because of the differences in the data collection environ-
ment and the variables that govern the study. There are numerous differences between studies that include: sample
size, the demographic characteristics of participants, the number and diversity of the physical activities tested, type
of accelerometer, body position, statistical and machine learning algorithms applied, the extracted statistical features,
the window size, and the metrics measured to evaluate the overall performance. Given these differences, the results
from work with a similar purpose are quite comparable. For example, Ellis et al.32 built random forest models on
data collected form the dominant wrist to predict physical activity type and estimate energy expenditure. The models
were developed and tested on 40 (average age 35.8 years) participants. They obtained an average F1 score of 0.75 on
8 daily activities. Additionally, they obtained an RMSE value of 1.0 METs. Staudenmayer et al.10 also used random
forest to estimate energy expenditure and metabolic intensity of 19 physical activities from wrist accelerometry data.
The models derived from a small young sample of 20 (24.1 years) estimated RMSE at 1.21 METs. When compared
to others using machine learning approaches, the DL results from the current work are slightly better and reflect small
RMSE MET differences between studies - Only +/- 0.20 METs.

Fewer studies have examined deep learning models to recognize physical activity type33–36. The performance of the
models34–36 built on the Opportunity dataset ranged between F1 score = [56.1 - 0.915] and an accuracy of 76.83%.
Additionally, the performance of the models built on Skoda dataset34, 36 ranged between accuracy = [88.19 - 89.38].
Furthermore, the models33 built on WISDM and Dephnet were 98.23% and 91.5%, respectively. It should be noted
that these studies have used publicly available data that contain activity labels, but not measures of metabolic intensity
or energy expenditure (e.g. Opportunity37 (multiple body positions, 3 participants), PAMAP2 (chest, arm and ankle
positions, 9 participants)38, UCI daily and sports dataset (hip position, 30 participants)39, Skoda Mini Checkpoint
(multiple body positions, 1 participant)40, WISDM (hip position, 29 participants)41, and Daphnet Freezing of Gait
Dataset (legs and hip positions, 10 participants)42). They are also limited by a small number of participants, age-
range being mostly < 40 years, a low number and diversity of activity types, and most importantly lacking sufficient
data from the wrist position. Given these substantial differences, the models presented here show relatively higher
performance than others using DL approaches. Additionally, the current model may generalize better due to the high
diversity of activities, wide age-span, gender and racial diversity and the larger number of participants enrolled.

A limitation of the current study is that data were collected in controlled lab settings, which is appropriate and a first
step in evaluating positional differences43. Collecting data in the free-living settings is more reflective of numerous
transitions between activity types, but it is challenged by labeling the activity type. Another limitation is the consider-
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ation of window size, which was based on previous studies that extracted time- and frequency-domain features. This
window size may not reflect the most appropriate size for deep learning networks. Additional simulation work should
evaluate different window sizes for optimizing performance.

Conclusion

The goal of the study was to show the effectiveness of the deep learning networks in extracting relevant features
from the raw accelerometry data, recognizing physical activity type, and estimating energy expenditure precisely from
accelerometry data collected from the wrist. Deep learning networks comprising mainly of convolutional neural net-
works (CNN) and long-short-term memory (LSTM) demonstrated excellent performance in classifying broad activity
types and estimating activity energy expenditure. As such, the spatial and temporal representations extracted from
the deep learning models appear to be an effective substitution to the manual feature extraction. This knowledge is
beneficial for the development of more accurate estimates of physical activity type and metabolic intensity for wrist
accelerometers and mobile devices that use accelerometers (e.g. smart- watches) in both public and research arenas.
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Abstract 

It is difficult to arrive at an efficient and widely acceptable set of common data elements (CDEs). Trial outcomes, as 

defined in a clinical trial registry, offer a large set of elements to analyze. However, all clinical trial outcomes is an 

overwhelming amount of information. One way to reduce this amount of data to a usable volume is to only use a subset 

of trials. Our method uses a subset of trials by considering trials that support drug approval (pivotal trials) by Food 

and Drug Administration. We identified a set of pivotal trials from FDA drug approval documents and used primary 

outcomes data for these trials to identify a set of important CDEs. We identified 76 CDEs out of a set of 172 data 

elements from 192 pivotal trials for 100 drugs. This set of CDEs, grouped by medical condition, can be considered as 

containing the most significant data elements. 

Introduction 

In recent decades, requirements to share data from completed human clinical trials has been increasingly adopted by 

many sponsors of clinical research.1,2 When data is shared, all data elements used by a trial are typically included in 

the bundle of shared data files and other metadata artifacts for a trial.3 A data dictionary file that lists all data elements 

(DEs) used by a given trial is often one of the required pieces of metadata for a trial. If the same DE is used in multiple 

trials, it can be regarded as a Common Data Element (CDE).4 DEs used in prior completed trials can inform greatly 

the development and use of CDEs. Identification of a useful set of CDEs is an important goal (and an ongoing 

challenge) for informatics advancement of research enterprise.5 They can aid in the efficient analysis and effective 

comparison or harmonization of multiple clinical datasets and are imperative in maximizing the reusability of clinical 

trial data. Several ongoing CDE initiatives (such as PhenX, PROMIS, CDEs from National Institute of Neurological 

Disorders and Stroke) define and promote a list of CDEs. CDEs are crucial for increased harmonization of data 

collected across many trials.  

 

Several clinical research informatics analyses of DEs from individual interventional trials or observational studies 

were published in the past. When DEs are aggregated across many trials, the number of elements can be 

overwhelmingly high. One study analyzed a subset of 1 414 DEs from all 24 938 PhenX DEs found in 426 studies.4 

Another study looked at 75 CDEs across a sample of 17 European clinical studies in acute or chronic diseases in 

oncology, neurology, diabetes, cardiovascular and inflammatory diseases.6  Due to this volume of available CDEs, 

prioritization and identification of the most significant data elements is a challenging task. Our motivation was to use 

computational methods to identify important DEs and if they are used in multiple trials, generate a list of significant 

CDEs.  

 

One source of data elements for a large number of trials is the ClinicalTrials.gov (CTG) registry. CTG collects 

primary and secondary outcomes for included studies. As of February 12, 2020, CTG contained 303 267 outcomes 

(86 177 primary, 217 090 secondary). This staggeringly high number of outcomes is too rich for efficient and 

accurate analysis and can be reduced by only looking at a subset of trials. Our assumption was to focus on DEs of 

trials that drive regulatory approval of new drugs and devices (pivotal trials). Drug approval in most countries (e.g., 

US, EU member countries, Japan or Australia) rely on showing drug efficacy (among other important 

considerations). Primary outcomes of Phase 3 trials thus contain crucial DE information. For example, for approval 

of the drug Seysara (sarecycline, for acne), the pivotal trial NCT02320149 had the outcome ‘Absolute Change in 

Facial Inflammatory Lesion Counts’. In the US, endpoints important for regulatory context are also listed in FDA 

guidance documents. For example, FDA guidance titled ‘Uncomplicated Gonorrhea: Developing Drugs for 

Treatment: Guidance for Industry’ in section ‘Efficacy Endpoints’ recommends the following  endpoint: 

‘establishment of a negative culture at the infection site or sites approximately 3 to 7 days after receipt of 

antibacterial drug therapy (microbiological cure)’.7 
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In this study, we analyzed Food and Drug Administration (FDA) approval documents (namely Drug Trial Snapshots) 

and linked approved drugs to their pivotal trials, whose outcomes we used to identify a set of CDEs. These CDEs we 

view as a set of the most important CDEs to be considered by various ongoing or future CDE consensus initiatives.  

Methods 

This project consisted of two components. In Part I, we operate on the drug and trial level and establish a set of pivotal 

trials by extracting pivotal trial identifiers in the Drug Trial Snapshots of FDA approved drugs.  In Part II, we use this 

set of pivotal trials as input to extract data elements used in these trials (using the CTG registry). Specifically, we map 

the textual description of a primary outcome into a formal data element using a manual annotation approach. For 

example, this is seen for the condition of cystic fibrosis, where there are two drugs, five pivotal trials identified and 

all five trials share an outcome data element (or CDE) of percent predicted Forced Expiratory Volume in 1 Second 

(ppFEV1). Using this process, we arrive at important CDEs (naturally organized by condition) for tens of medical 

conditions covered by our set of pivotal trials. 

Part I: Pivotal Trials 

Set of pivotal trials 

Because pivotal trials are determined by a drug regulatory agency (in the US, the US Food and Drug Administration; 

FDA), we used FDA resources to identify pivotal trials. A pivotal trial is defined as a study to collect definitive 

evidence of the safety and efficacy of a drug for an intended use.8 Pivotal trials are typically Phase 3 trials for drugs 

that have already shown safety and effectiveness in data collected in prior studies and contribute to regulatory approval 

for that drug for the defined use.  

 

Since 2015, FDA started publishing snapshots of trials for each approved drug (technically, a New Drug Application 

[NDA]). The Drug Trial Snapshots provide concise information to the public about the drug, as well as about who 

participated in the clinical trials leading to the drug’s approval. The FDA website provides a listing of 234 Drug Trial 

Snapshots as of January 31, 2020. Key columns included: drug, date of FDA approval and link to Drug Trial Snapshot. 

  

We generated a list of approved drugs via the FDA Drug Trial Snapshots found at https://www.fda.gov/drugs/drug-

approvals-and-databases/drug-trials-snapshots.9  For example, in 2019, a trial snapshot for a new drug application for 

Accrufer (ferric maltol; treatment of low iron stores) was created and contains a section ‘Who participated in the 

clinical trials?’ that lists the three pivotal trials and their CTG trial identifiers (NCT IDs):  NCT01252221, 

NCT01340872, and NCT02968368. 

 

To computationally arrive at a list of pivotal trials, we thus developed an R script to extract CTG trial identifiers from 

the Drug Trial Snapshots. The script then scraped the page and returned all NCT IDs present in each Drug Trial 

Snapshot and the drug the trial came from (list of pivotal trials). We excluded all drugs that did not return any results, 

as identifying a trial from anything other than the NCT ID would require manual review of all snapshots and would 

be difficult to property identify and link to CTG data possibly leading to inaccurate identification of the stated trial. A 

preliminary analysis showed that for drugs approved prior to 2017, there were none with NCT IDs, for drugs approved  

in 2017, only 15 of 47, 31.9%, of FDA drug snapshots contained NCT IDs, while in 2018 the percentage of Drug Trial 

Snapshots with NCT IDs was much higher at 95.1%, 58 of 61 snapshots. Considering this milestone, we arrived at the 

final set of analyzed pivotal trials by limiting our search to drugs approved on or after January 1, 2018. The parsing 

was done on January 31, 2020. 

Number of trials 

We analyzed how many pivotal trials per drug we had in the final pivotal trial sample. Having multiple trials per drug 

and multiple trials per disease is important in our effort to arrive at CDEs. For a data element to qualify as a CDE, it 

must be present in at least two trials (otherwise it is sometimes referred to as a unique data element; a logical opposite 

of common data element).  

Matching trials from Drug Trial Snapshots to ClinicalTrials.gov records 

We took the list of NCT IDs identified from the Drug Trial Snapshot and linked them to the CTG records associated 

with them. To do this we used the Aggregate Analysis of ClincalTrials.gov (AACT) database published and 

maintained by Duke University. It is a relational version of CTG data that is created  by parsing the XML 

representation of each study record found on CTG.10  
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From pilot experimentation of our planned methodology, we noticed that in few rare cases the Drug Trial Snapshot 

extracted NCT IDs did not link to a valid CTG identifier. In other words, the FDA Drug Trial Snapshots may (in rare 

instances) contain a typo in the identifiers. 

 

Next, we wanted to group trials not only by drug (by being mentioned in the same FDA snapshot document for a 

single approved drug), but also by medical condition. To achieve this, we used the CTG condition field by taking the 

Medical Subject Heading (MeSH) term associated with the trials CTG record and grouped the trials by condition.  

MeSH terminology is a controlled vocabulary of medical conditions used primarily by PubMed. It is, however, also 

used by CTG to link trials to medical conditions and to possibly aggregate similar condition entries into higher-level 

groupings. In CTG, the MeSH term is the primary condition or main focus of the study.11 Each trial can have one or 

multiple MeSH terms associated with it. For example, NCT02475629 has only one MeSH term, ‘HIV infections’, 

which is the main focus of the trial, while NCT01800045 has three MeSH terms of focus, ‘sleepiness’, ‘narcolepsy’, 

and ‘cataplexy’. We did not do any hierarchical grouping of related MeSH terms. We excluded any condition that 

only had one trial. This exclusion was done because for conditions with just a single trial, the DEs from such trial 

could never qualify as CDEs (since for a CDE at least two trials must use the DE). We also excluded general MeSH 

terms because the granularity of such terms is too high for our purpose of identifying significant CDEs by disease. 

The excluded general MeSH terms were ‘disease’, ‘infection’ and ‘syndrome’. In addition, if two or more closely 

related MeSH terms were all present in the exact same set of trials and no others, we only considered the more granular 

term. For example, for arthritis and rheumatoid arthritis, we further considered only rheumatoid arthritis, as these two 

terms both appeared in the same manner across all  nine relevant trials. 

Part II: Data Elements 

Trial Outcomes 

The CTG registry collects primary and secondary outcomes in trial registration data. Since we were interested in the 

most important data elements, we only analyzed primary outcomes. Using the previously mentioned AACT database, 

we retrieved all primary outcomes for our set of pivotal trials.10 Each trial can list one or multiple primary outcomes 

for the trial. For example, pivotal trial NCT01866111 for drug Xcopri (cenobamate, for treatment of partial-onset 

seizures), listed ‘Percent reduction in seizure frequency of complex partial and/or secondarily generalized and/or 

simple partial motor seizures relative to the baseline’ as the only primary outcome. Alternatively, pivotal trial 

NCT02348619 for the drug Sunosi (solriamfetol, for treatment of narcolepsy or obstructive sleep apnea) has two 

primary outcomes, ‘Change in the Epworth Sleepiness Scale (ESS)’ and ‘Change in the Maintenance of Wakefulness 

Test (MWT)’.  Primary outcomes (as specified in CTG), however, do not yet fully correspond to data elements, and 

therefore require further processing of the outcome text.  

Annotation of primary outcomes 

To identify DEs we annotated each outcome by looking at the title field in the CTG outcomes table. If not enough 

information for annotation was present in this field, we expanded our review to include the description field as well. 

For example, pivotal trial NCT01868997 for the drug Tepezza (teprotumumab-trbw; for the treatment of thyroid eye) 

had outcome ‘Responder Status at Week 24’, which is not detailed enough to find a useful concept, so we expanded 

our review to include the outcome description. The description was ‘Responders were defined as participants with a 

reduction in clinical activity score (CAS) of > 2 points, and a reduction in proptosis of >2 mm in the study eye, and 

no deterioration (increase in CAS or increase in proptosis) in the non-study eye’. 

 

We annotated each outcome, by dividing it into two categories: concept and modifier. The concept is the principal 

endpoint or main focus of the primary outcome and states what is being measured or observed. For example, the 

concept for outcome ‘Change in Hb concentration from baseline to Week 16’ in trial NCT02968368 is ‘Hemoglobin’. 

In some cases, there were multiple concepts within one outcome; in these cases the outcome was annotated twice, 

once for each concept. An example of a two concept annotation is the outcome ‘Percentage of Participants With an 

Elevated Aspartate Aminotransferase (AST) or Alanine Aminotransferase (ALT) Laboratory Value That Was > 5 

Times the Upper Limit of Normal (ULN)’ from NCT01505634 which has the concepts Aspartate Aminotransferase 

and Alanine Aminotransferase. Table 1 shows examples of complete annotations. 
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Table 1. Example outcome annotation. 

Outcomes Concept Mod: Study-Level Mod: Patient Mod: Time Mod: Value 

Percentage of Participants 

With HIV-1 RNA<50 

Copies/mL at Week 48 

HIV-1 

RNA Percentage/Proportion   Week 48 <50 copies/mL 

Number of Participants With 

Stable Platelet Response 

(Count of >50,000/µL 

Between Weeks 14 and 24) Platelet Number 

Stable 

Response 

Week 14 to 

24 50,000/µL 

Percentage of Participants 

Achieving 90% Improvement 

i (PASI90) at Week 16  

PASI 

Score Percentage/Proportion Improvement Week 44 0.9 

 

The modifier category was created based on multiple flavors of semantically similar main concepts that were observed 

during a pilot annotation done by our team. The modifier has four types: 1) study-level modifier, 2) patient-level 

modifier, 3) time modifier, and 4) value modifier. A study-level modifier is a statement of how the outcome is evaluated 

for the overall study. An example of this is in trial NCT01225731 that has the primary outcome of ‘Percentage of 

Participants With a Psoriasis Area and Severity Index (PASI) 75 Response’ and therefore has a study-level modifier 

of ‘percentage of participants’. A patient-level modifier states how the outcome is evaluated pertaining to the 

individual patient. A patient-level modifier is similar to the study-level modifier but operates on the patient level 

instead. For example, in the trial NCT02614183 the primary outcome ‘Change From Baseline in the Number of 

Monthly Migraine Headache Days’ is analyzed based on the ‘change from baseline’ for each participant. A time 

modifier states when the outcome will be evaluated. For NCT02706873 and primary outcome ‘Percentage of 

Participants With an American College of Rheumatology 50% (ACR50) Response at Week 12’, the timeframe is ‘12 

weeks’. Finally, the value modifier states a specific value (or threshold) that is provided for a given concept within the 

defined primary outcome. For example, in trial NCT02526160 and outcome ‘Percentage of Participants Achieving 

Mean Serum Phosphorus Levels Above 2.5 mg/dL [0.81 mmol/L]’, the value modifier is ‘greater than 2.5 mg/dL’ for 

serum phosphorus.  

Identification of CDEs 

We took each concept identified from the pivotal trial outcomes and determined whether it was a unique DE or a CDE. 

We defined a CDE as a DE that appears in more than one pivotal trial for a given condition, while a unique DE is a 

concept that only appears in one pivotal trial for a condition. To identify whether two concepts were the same, we 

semantically mapped all of the concepts manually to show equivalency between synonymous terms, such as HIV-1 

RNA and Viral Load which both mapped to HIV-1 RNA. This semantic mapping was solely done manually using 

expert assessment and mapping by a single reviewer. For DE identification, we excluded concepts for adverse events 

and other similar concepts, since our focus was on efficacy data elements that drive the drug regulatory approval (and 

not safety data elements). 

 

Once all DEs were identified, to asses various types, we categorized them into the following categories: lab 

measurement (e.g., mean corpuscular hemoglobin concentration), non-lab measurement (e.g., weight), clinician 

observation, symptom, questionnaire, condition-related event or mortality-related event. 

Modifiers 

We also analyzed the modifiers from the annotated outcomes and identified the most commonly used modifiers for 

pivotal trial outcomes. The modifiers provide information on how the concepts are evaluated and show not just 

commonness on a concept level, but also commonness in context. In CDE evaluation, context is valuable in assessing 

not just whether a concept is common, but also if the way the CDE is being used and evaluated is comparable between 

multiple trials. For example, the fact that all relevant trials use identical value modifiers or time modifiers (in addition 

to an identical concept). 
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Results 

Part I: Pivotal Trials 

Set of analyzed drugs 

Using the spreadsheet list at the FDA website, we identified Drug Trial Snapshots for 107 drugs that were approved 

on or after January 1, 2018. FDA publishes one snapshot document per approved drug. For seven approved drugs, the 

corresponding snapshot did not contain any trial NCT IDs and we removed those drugs from our analysis. Thus, our 

final sample consisted of 100 analyzed drugs for which we had at least one listed pivotal trial NCT ID. 

Set of Pivotal Trials 

When counting the number of distinct pivotal trials, we identified 192 pivotal trials with NCT IDs from the 100 drugs. 

Most snapshots correctly listed NCT IDs for all pivotal trials for that drug. However, there were also some Drug Trial 

Snapshots that included both trials that had an NCT ID and trials that were listed using a trial acronym, but omitted 

any NCT ID. In the set of pivotal trials, we included the trials with NCT IDs, but did not attempt to identify the trials 

listed in ways other than by NCT ID (trial listed by acronym but missing trial id phenomenon). The reason for this 

was that matching a trial to a correct NCT ID using only an acronym (and the investigative drug and possibly the 

sponsor) can be ambiguous. 

Number of trials 

Table 2 lists how many pivotal trials were found in our set of 100 analyzed drugs with NCT IDs. For 55 drugs in our 

sample, we found two or more pivotal trials. The average number of trials per drug was 1.92. While the FDA rule 

typically requires at least two pivotal trials for each drug, the regulation has provisions for situations where approval 

can be based on one adequate pivotal trial. A single pivotal trial was listed for 45 drugs. The counts provided in Table 

2 of trials per drug are based solely on the presence of NCT IDs in the Drug Trial Snapshot and not the actual counts 

of trials for each drug (see missing trial id phenomenon explanation above). The highest number of trials for a drug 

was six (for drug Motegrity).  

 

Table 2. Count of drugs based on trial count for each drug. 

Number of trials (with 

NCT ID listed in snapshot) Count of Drugs 

1 45 

2 31 

3 16 

4 4 

5 3 

6 1 

 

Matching trials from Drug Trial Snapshots to ClinicalTrials.gov records 

In the initial extraction, we started with 192 NCT IDs. In five instances, an NCT ID with no discernable errors was 

the only trial identifier provided in the Drug Trial Snapshot, but it did not link to any valid CTG record and the trial 

was unable to be properly identified. This reduced the number of analyzed pivotal trials to 187.  

 

After full linkage of pivotal trials to CTG registry, we were able to take advantage of the rich set of CTG metadata 

about each trial. Grouping of pivotal trials by disease MeSH term revealed 90 conditions that had multiple trials. The 

conditions with the most trials were ‘neoplasms’ (15 trials), ‘migraine disorders’ (12 trials), and ‘arthritis, rheumatoid’ 

(9 trials). Using grouping by condition, we were able to identify key CDEs significant for the study of a given  

condition.  

 

The analysis of phase of pivotal trials is shown in Table 3. One expectation we had was that a vast majority of pivotal 

trials would be Phase 3 that per definition focus on proving drug effectiveness. This hypothesis was confirmed as 135 

out of 187, 72.2%, of the trials were Phase 3. On the other hand, we observed that 9 pivotal trials (4.8%) were Phase 
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1. In some cases, this could be explained as the Phase 1 trial was just one of multiple trials associated with the drug 

approval. In two cases, the Phase 1 trial listed was the only trial for that drug. Those cases are: (1) for drug Ayvakit 

(avapritinib) where the only trial listed was NCT02508532, ‘(NAVIGATOR) Study of BLU-285 in Patients with 

Gastrointestinal Stromal Tumors (GIST) and Other Relapsed and Refractory Solid Tumors’; and (2) for drug Tibsovo 

(ivosidenib) the only trial was NCT02074839, ‘Study of Orally Administered AG-120 in Subjects With Advanced 

Hematologic Malignancies With an IDH1 Mutation’. Table 3 shows the count and percentage of trials for each phase. 

 

Table 3. Trial count by phase. 

Phase Trial Count % of total trials 

Phase 3 135 72.2 

Phase 2 33 17.7 

Phase 1 9 4.80 

Phase 1/Phase 2 5 2.70 

Phase 2/Phase 3 3 1.60.  

Phase 4 1 0.50 

N/A 1 0.5 

 

Part II: Data Elements 

Trial Outcomes 

Our exclusion criteria removed any MeSH term with fewer than two trials, any vaguely formulated outcome with not 

enough detail, or any outcome related to adverse events. These criteria removed 88 outcomes, reducing the number of 

annotated outcomes from 303 to 215. 

Annotation of primary outcomes  

Manual annotation of outcomes (and descriptions) merged similar outcomes into outcome concepts (or outcome DEs). 

We found 97 distinct outcome concepts (regardless of condition) from the 215 total outcomes. For multiple reasons, 

we chose to analyze condition-DE pairs rather than isolated DEs. When paired with a condition, we analyzed 172 

condition-DE pairs. 75 DEs appeared in multiple conditions. For example, ‘Progression-Free survival’ was a DE for 

‘breast neoplasms’, ‘leukemia’, and ‘lymphoma’. 

Identification of CDEs 

Next, we took the 172 DE and condition pairs and identified which DEs appear in multiple trials. We found that 76, 

44.2%, of the DEs were CDEs within a condition (present in 2+ trials). This promotion of a DE into CDE status is a 

crucial goal and result of our method.  We further labeled 38 of them (50.0% of all 76 CDEs) as unanimous CDEs. 

Unanimous CDEs are CDEs that are present in all pivotal trials for a given condition. For example, HIV-1 RNA is 

present in all 7 trials for HIV infections.  For the majority of conditions analyzed (49 out of  90 conditions; 54.4%) 

we identified at least one CDE. Table 4 shows DEs for a subset of the conditions studied. The subset shown in the 

table was purposely designed to show a range of examples: highly common as well as a few unique DEs (marked with 

a star). The complete list of all 172 DEs by condition is available at the project repository 

at https://github.com/lhncbc/CDE/tree/master/pivotal. 
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Table 4. Subset of conditions and their CDEs or unique DEs(*). 

Condition DE from Outcome Drug Count 

Count of 

Trials Using 

DE 

Total Count of 

Trials for 

Condition 

Percentage of Trials 

Using DE 

Migraine 

Disorders 
Headache Pain 4 4 12 33.3% 

Migraine 

Disorders 
Monthly Migraine Days 5 8 12 66.7% 

Migraine 

Disorders 
Most Bothersome Symptom  4 4 12 33.3% 

Constipation Overall Response Rate  2 2 8 25.0% 

Constipation 
Spontaneous Complete 

Bowel Movements (SCBM) 
2 6 8 75.0% 

Psoriasis 
Physician's Global 

Assessment (PGA) 
2 6 8 75.0% 

Psoriasis 
Psoriasis Area and Severity 

Index (PASI) Score 
2 8 8 100.0% 

HIV 

Infections 
HIV-1 RNA 3 7 7 100.0% 

HIV 

Infections 
Virologic Failure* 1 1* 7 14.3% 

Cystic 

Fibrosis 

Percent Predicted Forced 

Expiratory Volume in 1 

Second (ppFEV1) 

2 5 5 100.0% 

Amyloidosis All-Cause Mortality*  1 1* 3 33.3% 

Amyloidosis 
Cardiovascular-Related 

Hospitalizations* 
1 1* 3 33.3% 

Amyloidosis 
Modified Neuropathy 

Impairment Score +7  
2 2 3 66.7% 

Amyloidosis 

Norfolk Quality Of Life 

Diabetic Neuropathy (QoL-

DN) Questionnaire* 

1 1* 3 33.3% 

 

The most unanimous CDE (with the most trials) was the ‘American College of Rheumatology Response Criteria’, 

which was an outcome for all 9 rheumatoid arthritis trials. While most conditions only had one CDE, 31 of 49 

conditions (63.3%), other conditions had multiple CDEs. This shows that a condition can be evaluated using multiple 

measures. This is seen in psoriasis with two highly common  CDEs:  ‘Psoriasis Area and Severity Index (PASI) Score’ 

(8 trials) and ‘Physician's Global Assessment (PGA)’ (6 trials) were highly common within the 8 total psoriasis trials. 

We also observed that existence of CDEs for a condition was not necessarily impacted by the number of drugs for that 

condition. For the condition with the highest number of drugs, neoplasm (8 drugs), 4 of 10 DEs (40.0%) were CDEs, 

while for the condition with the second highest count of drugs, migraine disorders (5 drugs), all three DEs were CDEs. 

Some identified CDEs were too general and lacked enough descriptiveness to be of real value. Examples of these 

general CDEs were ‘Overall Response Rate’ and ‘Clinical Cure’. The definition of many general CDEs is condition 

specific. 

Analysis of data elements 

We classified all 172 DEs into types and found that more than half were lab measurements (88, 51.2%). Table 5 lists 

the counts of DEs, CDEs and the CDE percentage for each type. When it comes to CDEs, the highest number of CDEs 

is from lab tests with 31, but that is only 35.2% of all lab test DEs making it the lowest proportion of all types. 

Questionnaire had the highest proportion of CDEs to total DEs within the type as there were 5 CDEs to 7 total DEs 

(71.4%). 
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Table 5. Count of DEs and CDEs by type. 

Type DE-Count CDE-Count % CDE 

Condition-Related Event 16 8 50.0 

Lab Test 88 31 35.2 

Mortality 4 2 50.0 

non-Lab Measurement 32 13 40.6 

Clinician Observation 13 9 69.2 

Questionnaire 7 5 71.4 

Symptom 12 8 66.7 

 

Modifiers 

During annotation, modifiers proved to be a useful construct in semantically merging similar outcomes. Modifiers 

were used in 85.1% of all outcomes. For some outcome concepts, such as ‘Overall Survival’, no modifiers were 

needed. The results specific to each of the four types of modifiers we defined are described below.  

 

Patient-Level: Patient level modifiers were found for 117 of the 215 distinct annotated outcomes (54.4%). We found 

19 different patient-level modifiers that appeared in at least two of the 215 outcomes. The most commonly used ones 

were ‘Change From Baseline’ (found in 46 outcomes), ‘Change’ (appearing in 9), and Absence (appearing in 8). Table 

6 shows the complete list of patient level modifiers found and the count of outcomes in which they appeared. 

 

Table 6. Patient-level modifiers by outcomes count. 

Modifier: Patient-Level Outcome Count 

Change From Baseline  46 

Change 9 

Absence 8 

Improvement 8 

Reduction 7 

Clear or Almost Clear 6 

Elevated 4 

Reduction from Baseline 4 

Did Not Require 3 

Duration 3 

Early 3 

Favorable 3 

Proportion 2 

Rate of Change 2 

Stable Response 2 

Time to Last 2 

Time-to-response 2 

 

Study-Level: Of the 215 distinct outcomes analyzed, 90 (41.9%) had a study-level modifier. These 90 outcomes 

consisted of only two different study-level modifiers, ‘number of participants’ (5 outcomes, 5.6% of outcomes with 

study-level modifiers), and ‘percentage/proportion of participants’ (85 outcomes, 94.4%). The study-level modifier is 

useful since a DE that would include count or percentage in its definition, would be difficult to assess at a single 
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patient level. For example, for status evaluation of a single patient (in an Electronic Health Record [EHR] setting), the 

data element ‘percentage of participants with virologic failure’ makes no sense.  

 

Value: There were 45 (20.9% of 215) outcomes that included a value modifier and declared a set measurement value 

to target. In some cases, the targeted value was common across multiple trials. For example, 6 of 7 HIV trials with 

HIV-1 RNA as a DE targeted 50 copies/mL for the outcome endpoint. 

 

Time: 107 (49.8%) outcomes denoted a time frame for evaluation.  

Discussion 

Pivotal Trials 

To our knowledge, our study is the first clinical research informatics effort to analyze data elements using a subset of 

pivotal trials (trials used in drug regulatory approval) from ClinicalTrials.gov. The key factor enabling the use of 

computerized methods to list all pivotal trials is the FDA initiative of publishing Drug Trial Snapshots. Outside the 

domain of trial data elements, Moore et al. analyzed the cost of pivotal trials for 52 drugs using annual summary 

reports from FDA Center for Drug Evaluation and Research.12 

 

Our results show the importance of consistent use of NCT IDs (not just trial acronyms) to unambiguously identify 

each trial in FDA data. Another consideration is identification of pivotal trials for approvals prior to 2018. In addition 

to using Drug Trial Snapshots, we have experimented with FDA’s Application Programming Interface (API) at 

https://open.fda.gov/apis/drug/label. We investigated the consistency of the presence of NCT IDs in section 14 

(Clinical Studies) of drug labels.  Even for drugs approved in the past, it is common to update drug labels. Such updates 

are initiated by a New Drug Application holder (sponsor) and can be used to add NCT IDs to section 14 of labels 

where previously studies are identified only by acronyms (and sometimes sponsor-specific study IDs). Either thanks 

to Drug Trial Snapshots or labels, the body of pivotal trials extracted using our methodology will likely only grow in 

the future. With a larger set of pivotal trials, we would be able to increase the number of conditions we can study using 

this approach (our study currently analyzed 90 conditions). Even though our primary motivation for this work was to 

arrive at a set of CDEs by disease (or medical condition), we consider the set of pivotal trials (and the methodology 

to generate it computationally) an interesting byproduct of this effort that can be used for other informatics research.   

Data Elements 

Common Data Element initiatives have defined thousands of standardized data elements (PhenX has 24 385 DEs, 

NINDS has 78 916 CDEs).13,14 It can be overwhelming to identify CDEs, which have the most significance. Primary 

outcomes of pivotal trials provide a much more streamlined and targeted list of key CDEs. This smaller volume of 

DEs is also seen when comparing pivotal trials to all trials, as the average amount of primary outcomes for pivotal 

trials compared to all trials is much less. For pivotal trials, the average amount of primary outcomes per trial is 1.6, 

compared to 2.1 primary outcomes per trial for all trials. This method of efficiently identifying CDEs through pivotal 

trial primary outcomes is also not too restrictive, as the CDEs would be expected to be present in a vast amount of 

trials for a given condition. This is borne out as taking one of the identified CDEs, ‘HIV-1 RNA’, and doing a simple 

string search of all primary outcomes revealed 154 studies that included this CDE.   

Limitations 

Our work has several limitations. First, our analysis only analyzed the US drug approved list and the results may not 

apply to other countries. An alternative analysis could consider drug regulatory agencies from other countries 

(European Medicine Agency, Japan or China). Second, we only analyzed Drug Trial Snapshots and did not consider 

other documents, such as labels for approved drugs. Moreover, we only included trials that clearly listed an NCT ID 

which led to a smaller pivotal trial final sample. While we used a limited sources for generating the set of trials, our 

research does not aim to find a comprehensive list of CDEs used in clinical trials, but rather to identify a small subset 

of DEs representing important CDEs in clinical trials that can be used in trial development and CDE initiatives in an 

effort to improve their usability.  Third, we used a single reviewer to transform trial primary outcomes into DEs. We 

see the main scientific contribution of our work in identification of a subset of pivotal trials. The choice of simple 

annotation methods was to demonstrate that a sensible set CDEs (organized by disease) can be generated. We 

acknowledge that much better annotation methods (and computerized pipelines) can be employed. Fourth, we did not 

roll up MeSH terms to combine similar conditions and did not assign one principal disease term to each trial. For a 

larger set of pivotal trials, this additional higher-level disease aggregation may produce superior disease groupings.  
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Relevant prior literature: Yuan et al. analyzed a variety of data-driven criteria for cohort identification through CTG 

and developed a tool called Criteria2Query.15 Their methodology includes natural language processing of eligibility 

criteria. In contrast to their work, we focused on arriving at a significant subset of trials and for accuracy reasons, used 

human-mediated conversion. Before making this decision, we used their tool at  

http://www.ohdsi.org/web/criteria2query and provided feedback to their development team on changes that would be 

needed for us to be able to utilize their methodology on our input set of trials and data elements. 

Conclusion 

Pivotal clinical trials help identify the most significant CDEs, which can facilitate data harmonization across trials. Of 

the 172 DEs, 76 (44.2%) were CDEs within a disease. We observed conditions with multiple CDEs as well as identical 

CDEs significant for multiple conditions. More than half of the 172 identified DEs, 88 (51.2%) were lab tests, while 

the second highest number of DEs were non-lab measurements (32 DEs, 18.6%). This was true of CDEs as well, as 

there were 31 (40.8%) Lab test CDEs and 13 (17.1%) non-Lab measurement CDEs. We also identified several 

common patient-level modifiers (such as ‘change from baseline’, ‘change’, and ‘absence’) and two study-level 

modifiers (number and percentage of participants). Our approach can help CDE standardization initiatives identify 

significant CDEs in past completed trials. 
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Abstract 

  

Research has shown that health outcomes are significantly driven by patient’s social and economic needs and 

environment, commonly referred to as the social determinants of health (SDoH). Standardized documentation of social 

and economic needs in healthcare are underutilized. This study examines the prevalence of documented social and 

economic needs (Z-codes) in a nationwide inpatient database and the association with emergency 

department (ED) admissions. Multivariate logistic regression was used to assess the effect of social and economic Z-

codes on hospital admission through the ED. Payer source, gender, age at admission, comorbidity count, and median 

ZIP code income quartile covariates were included in the logistic regression analyses. Patients with documented 

social and economic Z-codes were significantly more likely to be admitted through the ED than those without 

documented social and economic needs, after adjusting for covariates. Standardized and widespread collection 

of these valuable Z-codes within EHR systems or administrative claims databases can help with targeted resource 

allocation to alleviate possible barriers to care and mitigate ED utilization.  

 

Introduction  

 

Inpatient care accounts for approximately 31 percent of health expenditures in America, and nearly 50 percent of all 

hospitalizations originate in the emergency department (ED)1, 2. This high rate of emergency service utilization may 

be due to patient preferences, access and availability of primary care services, or physician referral patterns for 

inpatient admission1. According to data from the National Emergency Department Survey, ED visits increased by 18.4 

percent, and ED hospitalizations increased by 6.8 percent between 2006 and 20143.   

 

To combat the rapid growth of healthcare spending, value-based payment programs have focused on decreasing non-

urgent and inappropriate ED visits and hospitalizations through more holistic care. The Patient Protection and 

Affordable Care Act spawned new care delivery and payment models, including Accountable Care Organizations and 

State Innovation Models that have emphasized the identification and incorporation of patients’ social and economic 

needs into clinical care. Research has supported these strategies, demonstrating that health outcomes are significantly 

driven by an individual’s social and economic status and environment, commonly referred to as the social determinants 

of health (SDoH)4-6.  

 

The World Health Organization defines the SDoH as the conditions in which individuals work, live, worship, and 

age7. Social determinants can have direct and indirect effects on health8-13. However, SDoH indicators are rarely 

captured in electronic health record (EHR) systems14-16. Making SDoH available as specific risk factors and providing 

targeted interventions could positively influence care through data exchange among clinicians and social service 

professionals17. We posit that collecting SDoH data within EHR systems can help clinical teams support upstream 

medical and social care issues to decrease utilization of ED visits.  

 

Integrating SDoH data into EHR systems requires a mechanism to capture these data in a standardized form. The 

International Classification of Disease, Ninth Revision, Clinical Modification (ICD-9-CM) includes a set of social, 

economic, and behavioral factors that impact how care is received, known as V-codes. This set of codes were 

expanded and refined in the International Classification of Diseases, Tenth Revision, Clinical Modification (ICD-10-

CM). ICD-10-CM contains a subset of reason codes known as Z-codes to capture “factors that influence health status 

and contact with health services18.” These code sets represent an opportunity to collect standardized data on social and 

economic needs in any health care setting and to be leveraged for referrals to social services from community-based 

organizations.   

 

While becoming more accepted due to recent research and investment in SDoH, social care has long been a tangential, 

often neglected, component to standard medical care19-21. So too is the collection of social and economic needs data 

in EHR systems22. Documentation rates for social and economic needs are low, likely due to the lack of universally 

accepted standards and lack of reimbursement for the services that require these specific indicators. It was estimated 
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that only 1.6% of discharges leveraged ICD-9-CM V-codes before the inception of ICD-10-CM Z-codes16. 

However, more refined Z-codes are also sparsely documented. Centers for Medicare and Medicaid Services (CMS) 

reported that Z-codes were documented for only 1.4 percent of the 33.7 million fee-for-service Medicare beneficiaries 

in 201723. 

 

Even with efforts underway to integrate Z-codes into payment formulas and clinical practice, the need for the proper 

and universal documentation of these factors must become clearer24-26. Efforts by the Institute of Medicine and the 

National Association of Community Health Centers made preliminary mappings between SDoH screening items and 

ICD-10-CM codes17, 27. Furthermore, studies are beginning to emerge that link social and economic needs documented 

in EHR systems to utilization patterns. For instance, a recent study found a correlation between a subset of documented 

social and economic needs and future hospitalization and ED utilization28. In application, risk assessment tools, 

including machine learning models, that combine social and clinical information have proven more valuable 

in assessing ED utilization9.  

  

Though Z-codes have the potential to help hospitals track SDoH, it is unclear how often they are utilized 

and their relationship with the consumption of healthcare services. Given the high cost of ED visits, and 

their often-implied lack of preventive care, understanding SDoH and ED admissions could have both 

clinical and financial implications. This study examines the prevalence of SDoH Z-codes in a nationwide database 

and the association with ED admissions, and variation in association by subgroup. To our knowledge, this study is the 

first to analyze the correlation between documented SDoH Z-codes and admission through the ED using 

a national sample. This work is also noteworthy because it examines patient attributes that are available for any 

inpatient admission, requiring no prior utilization knowledge on the patient and can be easily reproduced by healthcare 

facilities.  

 

Methods  

 

This research was a retrospective case-control study using inpatient admission data from the Health Care Utilization 

Project (HCUP) to understand the relationship between social and economic needs with admission through the ED. 

HCUP is a family of software tools and databases developed and sponsored by the Agency of Healthcare Research 

and Quality. Historical data collection began in 1988 and are “derived from administrative data and contain encounter-

level, clinical and nonclinical information including all-listed diagnoses and procedures, discharge status, patient 

demographics, and charges for all patients, regardless of payer29.” These data are available to purchase for research 

and reporting purposes. The HCUP houses the Nationwide Readmissions Database (NRD) that contains discharge 

data from 27 states, accounting for 56.6 percent of all US hospitalizations. These data provide a link to connect 

hospital admissions without revealing dates of service or location to meet privacy guidelines. Admission attributes 

included in the HCUP NRD include length-of-stay, ICD-10-CM diagnoses, procedure codes, patient demographics, 

and payment related elements. The data are de-identified and exclude the 16 identifiable variables that necessitate IRB 

approval for access30. Because of the de-identified nature of the data, this study is not human subjects research and is 

considered exempt from IRB according to the policy of the National Institutes of Health Office of Human Subjects 

Research.  

 

For this study, data from the HCUP NRD were extracted and stored in a distributed hive 7-node cluster and accessed 

and accessed using SparkR for cleaning and analyses. HCUP NRD is not trackable across calendar years. Therefore, 

admissions were limited to 2016, allowing for all relevant features to be extracted using IDC-10-CM diagnosis codes, 

which was adopted by the majority of healthcare providers in October 2015. Only non-elective admissions were 

considered for analyses since planned inpatient services do not admit through the ED. Additionally, this study focused 

on admissions for patients that were aged 18 years or older. 

 

Admissions defined as part of the case cohort contained a SDoH Z-code in one of the 35 ICD-10-CM fields for a given 

admission. SDoH Z-code families of interest, as highlighted by the American Hospital Association, can be found in 

Table 131. Case patients must have had a diagnosis code beginning with the first three characters of the Z-code families 

of interest. For instance, patients with a documented Z60.2 (problems living alone) or Z60.4 (social exclusion and 

rejection) would both receive an indicator for Z60 (problems related to social environment).  Due to the low prevalence 

of documented SDoH Z-codes, a representative, random sample was drawn from the remainder of adult, non-elective 

admissions to form the control cohort.  
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Health status was defined using the Charlson Comorbidity Index (CCI), quantifying the number of conditions that 

appeared on an admission via the 35 available ICD-10-CM diagnosis codes. Each patient’s CCI was categorized as 0, 

1, or 2 or more conditions32, 33. While patient ZIP codes were not provided for privacy reasons, median household 

income quartiles were available. HCUP NRD suppressed median household income quartile for ZIP codes with 

populations below a threshold or states with only a single ZIP in a particular quartile to further protect patient 

confidentiality. Quartile thresholds used to define this attribute for 2016 can be found in Table 1. 

 

Table 1. Median Annual Income Quartile Thresholds (2016)30   
Quartile  Median Annual Income Thresholds  

0 – 25th Percentile  $1 - $42,999  

26th – 50th Percentile  $43,000 - $53,999  

51st – 75th Percentile  $54,000 - $70,999  

76th – 100th Percentile  $71,000+  

 

Demographic and socioeconomic attributes were compared between case and control cohorts using the Chi-squared 

test of independence. Multivariate logistic regression was used to assess the effect of SDoH Z-codes on ED 

admissions. Payer source, gender, CCI, age at admission, and median ZIP income quartile covariates were included 

in the logistic regression analysis. All data compiling, cleaning, and analyses were conducted using R (version 3.5.2) 

with α = 0.05. The ‘ICD’ R package was used to define CCI34. 

 

Results  

 

Out of nearly 16 million adult admissions in the HCUP NRD for 2016, a total of 304,146 unique, non-elective 

admissions had a documented SDoH Z-code of interest. A randomly selected 724,460 admissions did not have a 

documented SDoH Z-code. Figure 1 depicts the logical formation of the case and control groups from the original 

HCUP NRD.   

 

  

Figure 1. Sampling Schematic  
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The frequency distribution of SDoH Z-codes of interest is shown in Table 2. SDoH Z-codes related to housing and 

economic circumstances (Z59 family) were documented most frequently (63 percent). The Z57 family of SDoH Z-

codes, dealing with exposure to occupational risk factors, had the most substantial documentation rate differences 

between patients admitted through the ED and those not admitted through the ED, 87.1 percent and 12.9 percent, 

respectively. Problems related to certain psychosocial circumstances (Z64 family) was the only SDoH Z-code family 

with a higher percentage of patients not admitted through the ED (66.3 percent).  While each Z-Code family 

contained a different number of unique codes, the correlation between the number of codes in each family and the 

total number of documented codes was insignificant (r = 0.064). 

 

Table 2. Frequency Distribution of SDoH Z-codes  

    

Total  

Not Admitted 

Through 

ED (%) 

Admitted 

Through 

ED (%) 

Any Z-Code    304,146  59,026 (19.4)  245,120 (80.6)  

Z-Code Family  AHA Description31           

Z55 – Problems 

related to education 

and literacy (7 

distinct codes) 

Illiteracy, schooling unavailable, 

underachievement in a school, educational 

maladjustment and discord with teachers and 

classmates.  

1,978  897 (45.3)  1,081 (54.7)  

Z56 – Problems 

related to 

employment and 

unemployment (12 

distinct codes) 

Unemployment, change of job, threat of job 

loss, stressful work schedule, discord with 

boss and workmates, uncongenial work 

environment, sexual harassment on the job, 

and military deployment status  

48,511  13,563 (28.0)  34,948 (72.0)  

Z57 – Occupational 

exposure to risk 

factors (12 distinct 

codes) 

Occupational exposure to noise, radiation, 

dust, environmental tobacco smoke, toxic 

agents in agriculture, toxic agents in other 

industries, extreme temperature, and 

vibration.  

2,245  290 (12.9)  1,955 (87.1)  

Z59 – Problems 

related to housing 

and economic 

circumstances (10 

distinct codes)  

Homelessness, inadequate housing, discord 

with neighbors, lodgers and landlord, 

problems related to living in residential 

institutions, lack of adequate food and safe 

drinking water, extreme poverty, low income, 

insufficient social insurance and welfare 

support.  

191,664  32,062 (16.7)  159,602 (83.3)  

Z60 – Problems 

related to social 

environment (7 

distinct codes) 

Adjustment to life-cycle transitions, living 

alone, acculturation difficulty, social 

exclusion and rejection, target of adverse 

discrimination and persecution.  

32,168  6,204 (19.3)  25,964 (80.7)  

Z62 – Problems 

related to 

upbringing (24 

distinct codes) 

Inadequate parental supervision and control, 

parental overprotection, upbringing away 

from parents, child in welfare custody, 

institutional upbringing, hostility towards and 

scapegoating of child, inappropriate excessive 

parental pressure, personal history of abuse in 

childhood, personal history of neglect in 

childhood, Z62.819 Personal history of 

unspecified abuse in childhood, Parent-child 

conflict, and sibling rivalry.  

24,620  7,806 (31.7)  16,814 (68.3)  
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Table 2 Continued. Frequency Distribution of SDoH Z-codes  

    

Total  

Not Admitted 

Through 

ED (%) 

Admitted 

Through 

ED (%) 

Z-Code Family  AHA Description31           

Z62 – Problems 

related to 

upbringing (24 

distinct codes) 

Inadequate parental supervision and 

control, parental overprotection, 

upbringing away from parents, child in 

welfare custody, institutional upbringing, 

hostility towards and scapegoating of child, 

inappropriate excessive parental pressure, 

personal history of abuse in childhood, 

personal history of neglect in childhood, 

Z62.819 Personal history of unspecified 

abuse in childhood, Parent-child conflict, 

and sibling rivalry.  

24,620  7,806 (31.7)  16,814 (68.3)  

Z63 – Other 

problems related to 

primary support 

group, including 

family 

circumstances (14 

distinct codes) 

Absence of family member, disappearance 

and death of family member, disruption of 

family by separation and divorce, 

dependent relative needing care at home, 

stressful life events affecting family and 

household, stress on family due to return of 

family member from military deployment, 

alcoholism and drug addiction in family  

37,531  10,772 (28.7)  26,759 (71.3)  

Z64 – Problems 

related to certain 

psychosocial 

circumstances (3 

distinct codes) 

Unwanted pregnancy, multiparity, and 

discord with counselors.  

594  394 (66.3)  200 (33.7)  

Z65 – Problems 

related to other 

psychosocial 

circumstances (8 

distinct codes)  

Conviction in civil and criminal 

proceedings without imprisonment, 

imprisonment and other incarceration, 

release from prison, other legal 

circumstances, victim of crime and 

terrorism, and exposure to disaster, war and 

other hostilities.  

15,728  4,898 (31.1)  10,830 (68.9)  

  

Characteristics of both the case and control cohorts are shown in Table 3. Admissions with documented SDoH Z-

codes were more likely to be financed through Medicaid, directly from the patient (i.e., self-pay), or “other.” 

Patients with documented SDoH Z-codes were more likely to be younger, male, and reside in ZIP codes with 

median income in the lowest quartile. Patients with documented SDoH Z-codes were more likely to have a lower 

CCI.  

  

Table 3. Frequency Statistics of Case vs. Control Cohorts  

Attribute  

Without Documented  

SDoH Z-Code (%) 

(N = 724,460)  

With Documented  

SDoH Z-Code (%) 

(N = 304,146)  

p-value  

        

Gender      < 0.001  

Female  401,352 (55.4)  116,066 (38.2)    

Male  323,108 (44.6)  188,080 (61.8)    

    

Mean Age (std. dev.) 59.9 (20.1)  47.4 (16.7)  < 0.001  
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Table 3 Continued. Frequency Statistics of Case vs. Control Cohorts  

Attribute  

Without Documented  

SDoH Z-Code (%) 

(N = 724,460)  

With Documented  

SDoH Z-Code (%) 

(N = 304,146)  

p-value  

CCI      < 0.001  

0  197,118 (27.2)  134,043 (44.1)    

1  130,383 (18.0)  72,665 (23.9)    

>= 2  396,795 (54.8)  97,438 (32.0)    

        

Median ZIP Income 

Quartile  

    < 0.001  

1st to 25th percentile  240,747 (33.6)  113,791 (38.8)    

26th to 50th percentile  155,307 (21.7)  69,949 (23.8)    

51st to 75th percentile  162,041 (22.6)  62,328 (21.2)    

76th to 100th percentile  158,004 (22.1)  47,483 (16.2)    

        

Payer      < 0.001  

Medicaid  134,840 (18.6)  135,966 (44.7)    

Medicare  372,569 (51.4)  83,100 (27.3)    

Private  176,261 (24.3)  37,837 (12.4)    

Self-Pay  24,618 (3.4)  29,030 (9.5)    

Other  16,172 (2.2)  18,213 (6.0)     

 

Case patients were significantly more likely to be admitted through the ED than control patients, after adjusting for 

sociodemographic attributes, payer source, and CCI. Table 4 provides the odds of particular subgroups being 

admitted through the ED compared to the respective reference group. A 95 % confidence interval (CI) is reported to 

quantify the statistical significance of each relationship.   

  

The adjusted odds of being admitted through the ED for case patients were 1.23 times that of control patients (95% 

CI = (1.21 – 1.24)). Female patients were less likely to be admitted through the ED (OR = 0.72, 95% CI = (0.71 – 

0.73)). The odds of ED admission increased by two percent with each additional year increase in patient age (95% 

CI = (1.02 – 1.03)). For patients with an assigned CCI value of ‘1’ or ‘>=2’, the odds of an ED admission increased 

by 52 percent and 68 percent, respectively. Patients living in poorer ZIP codes were less likely to be admitted 

through the ED, with patients in the highest quartile being six percent more likely to admit through the ED 

compared to the lowest quartile (95% CI = (1.04 - 1.08)). Admissions funded through the patient (i.e., self-pay) 

were 66 percent more likely to be admitted through the ED compared to Medicaid admissions (95% CI = (1.62 - 

1.70)). All other payer sources were less likely to be admitted through the ED.   

  

Table 4. Logistic Regression Results  

Attribute  
Admission through ED 

Odds Ratio (95% CI)  
p-value  

      

Social & Economic Need  1.23 (1.21 - 1.24)  < 0.001  

      

Gender (Ref = Male)      

Female   0.72 (0.71 - 0.73)  < 0.001  

      

Age  1.02 (1.02 - 1.03)  < 0.001  
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Table 4 Continued. Logistic Regression Results  

Attribute  
Admission through ED 

Odds Ratio (95% CI)  
p-value  

CCI (Ref = 0)      

1  1.52 (1.50 - 1.54)  < 0.001  

>= 2  1.68 (1.66 - 1.71)  < 0.001  

   

Zip Income (Ref = 0-25th 

percentile)     

26th to 50th percentile  0.91 (0.89 - 0.92)  < 0.001  

51st to 75th percentile  1.04 (1.03 - 1.06)  < 0.001  

76th to 100th percentile  1.06 (1.04 - 1.08)  < 0.001  

      

Payer (Ref = Medicaid)      

Medicare  0.91 (0.90 - 0.93)  < 0.001  

Private  0.77 (0.76 - 0.78)  < 0.001  

Self-Pay  1.66 (1.62 - 1.70)  < 0.001  

Other  0.71 (0.69 – 0.73)  < 0.001  

 

 

Discussion  

 

While social needs assessments in the clinical setting are becoming more commonplace, back-end data efforts to 

extract information from more universal systems is lacking. Health system and payer specific interpretations of 

standard taxonomies are continuing to emerge; therefore, the opportunity to act soon at a macro-level is imperative35. 

As more healthcare organizations utilize these valuable code sets to inform decision-support efforts, the easier it will 

be for interoperability of information between medical care and social service organizations.  

 

In the HCUP NRD, less than two percent of adults with a non-elective admission had a documented SDoH Z-code. 

The majority of documented SDoH Z-codes pertained to inadequate housing and living circumstances. This set of 

codes includes indicators of welfare support. Further analysis uncovered that 53 percent of patients with a Z59 

family documented code were financed through Medicaid. The Z64 family of codes was the only grouping to be less 

likely to be admitted through the ED. This family describes psychosocial issues, including unwanted pregnancy. 

Ninety-seven percent of patients with a documented code from the Z64 family were female, and the mean age of this 

group was 32.7 years, far younger than other groups. Occupational risk factor codes, the Z57 family, had the highest 

ED admission rate. This may be indicative of injuries and risks incurred on the job that warrant hospitalization.  

 

This study demonstrated that even when controlling for other factors, SDoH Z-codes were correlated with ED 

admission. By comparison, having at least one documented SDoH Z-code increased the odds of admission through 

the ED by nearly the same amount as having two or more comorbidities. The association of documented SDoH Z-
codes with ED admission may be indicative of screening tools and protocols executed explicitly in the ED versus 

during an inpatient stay or at discharge.  Furthermore, the association of social and economic needs and ED admissions 

may be an extension of well-studied link between lack of access to preventive care and utilization of low-value 

services.   

 

Additional refinement and adoption of standardized codes sets should aid in producing specific and relevant 

information on social and economic needs of patients on a broader scale. To help, a draft of the International 

Classification of Diseases, Eleventh Revision (ICD-11) reveals enhancement in these specific code sets36. 

Institutions such as CMS and the Department of Health and Human Services should be actively evaluating the 

potential of these code sets to help identify and stratify the risk of patients for various barriers to care.   

 

Other non-clinical factors were significantly associated with ED admission. These factors were evaluated to determine 

if the well-studied associations remained consistent with the incorporation of social and economic needs. Payer, 
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gender, age, and median ZIP income quartile all had significant impact on the likelihood of a patient being admitted 

through the ED.   

 

Payer. Medicaid and self-pay admissions had the highest likelihood of originating in the ED. This finding may reflect 

that outpatient physicians are less willing to care for patients with low or no guarantee of reimbursement, whereby 

leaving the ED as a more viable care option. In addition, Medicaid patients typically do not have a financial obligation 

for ED visits and therefore, may opt more quickly for this source of care. The finding that Medicaid and Medicare 

payer admissions had higher rates of documented SDoH Z-codes is likely a reflection that these benefit offerings are 

among the first to reimburse or require these data points for value-based arrangements or population health efforts. 

     

Gender. Females characteristically utilize healthcare services at a higher rate than males, possibly due to their 

proclivity to proactively manage their health37, 38. These results may reflect that females have a lower propensity to 

be admitted through the ED because they are more engaged in preventative measures, and therefore do not seek care 

in emergency settings. Females were also less likely to have a documented SDoH Z-code.  

  

Age. Age is significantly positively associated with the likelihood of admission through the ED. This finding is 

consistent with previous research that has also identified this positive relationship39, 40. Low ED use is common in 

younger individuals who use fewer health care services in general41. Interestingly, the mean age for individuals with 

a documented SDoH Z-code was significantly less than those without documentation. This contradicts comparable 

research findings28. 

 

Median ZIP Income Quartile. The result that as median income levels rise, the likelihood of having ED admission 

increase, was not anticipated. However, this is likely representative of those with higher incomes more appropriately 

leveraging the ED for emergent conditions that warrant triage to the inpatient setting versus patients with lower income 

levels that are more likely to use the ED for non-urgent reasons38, 41. Further research is needed to explore this finding.  

 

The only clinical covariate included in the analysis was the greatest contributor to the likelihood of ED admission. 

Due to the complexity of dealing with comorbidities and the higher risk of adverse events, it is expected that 

individuals with a higher CCI would be more likely to be admitted through the ED. This is further substantiated by 

previous research41. In contrast, patients with a lower CCI were more likely to have a documented SDoH Z-code. This 

contradiction should be explored further.  

 

Social data aggregated at the local, state, and national level could be used for policy decision making and 

population health management42. While previous efforts have shown significant impact to health outcomes 

and costs, many initiatives could benefit from analyses of these standard social data in aggregate to further 

inform intervention assessment and comparison6, 43.  

 

Limitations  

 

Limitations of this work include the lack of prior utilization data to control for patients’ utilization history. 

Furthermore, a single admission may not fully document a patient’s health status. The documentation of Z-

codes related to social and economic needs is underutilized and may be more prevalent in sub-populations, 

making these findings lack generalizability. This study focused on the adult population making associations 

to pediatric populations limited.  Lastly, further research is needed to determine which SDoH Z-codes 

(or SDoH Z-code families) have the greatest association with admission through the ED. Despite these 

limitations, this study provides a robust analysis of trends of single ED admissions.   
 

Conclusion  

 

The value shift in healthcare necessitates the understanding of patients’ social, economic, and behavioral 

needs to supplement clinical information in risk assessment of ED utilization. This study highlights the 

relationship between hospital admissions originating in the ED and documented SDoH Z-codes using a 

national sample. The most prevalent SDoH Z-codes pertained to inadequate housing. Adjusting for 

demographic and clinical patient attributes, the odds of an ED admission increase with the presence of a 
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documented social or economic need. Other significant subgroups that increased the likelihood of ED 

admission included female patients, older patients, more chronic patients, patients living in more affluent 

ZIP codes, and Medicaid and self-pay patients. The set of ICD-10-CM SDoH Z-codes that currently serve 

as a taxonomy for the identification of social and economic needs of patients proved to be valuable in 

understanding ED utilization. Standard collection of social and economic needs within EHR systems or 

administrative claims databases can help to target specific resources that meet identified social needs. In 

addition, social assessments and proper documentation should occur upstream in the primary care 

setting to identify and alleviate social barriers to care and avoid possible unnecessary ED visits and 

costs.    
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Abstract 

Patient-centered care is an essential component of quality health care. To support patient-centered care initiatives at 
our institution, we created a feature in our EHR to centrally view information about the patient’s values, goals and 
preferences. We applied user-centered design methods to ensure that the aggregate view was easy to use and would 
meet user needs. We created a six-week plan to iterate through increasingly detailed design mock-ups. We defined 7 
user stories that later served as a basis for user testing scripts. We conducted user testing on our third design iteration; 
we reached theme saturation with 8 testing sessions. We incorporated findings into the fourth design (week 6) but 
continued to refine the design in parallel to development (through week 20+). The advance directives section required 
the most attention. We will use a pilot and additional user testing to validate the design and to inform future versions.   

Introduction 

Patient-centered care is a key component of quality health care. In 2001, the Institute of Medicine (IOM) called for 
care that aligns with and adapts to “individual patient preferences, needs and values”1. Patient-centered care also 
promotes meaningful conversations between patients and providers and improves relationships between the patient 
and care team2. Building communication and inter-personal skills among health care professionals is essential to 
patient-centered care initiatives; however, such initiatives can also leverage the electronic health record (EHR) to help 
support the delivery of patient-centered care2, 3, 4. 

After the IOM called for care where “patient values guide all clinical decisions,”1 some organizations have described 
ways to support advance care planning for end-of-life care, including in oncology5, 6, 7, 8. A few have evaluated more 
general values as a pre-requisite to advance care planning9, 10. However, patient-centered care in oncology requires a 
wider focus, as the cancer care journey presents many opportunities to incorporate patient values into care before the 
end of life11, 12. For example, oncologists may consider the patient’s upcoming family milestones or vacations when 
scheduling the next cancer-directed treatment. Similarly, treatments with a common side effect of dexterity-limiting 
neuropathy may be poorly suited for patients who are musicians or woodworkers. 

To support patient-centered care initiatives at Memorial Sloan Kettering Cancer Center (MSK), Supportive Care 
leaders requested a feature in our EHR to centralize the display of information related to the patient's values, goals 
and preferences.  Such information was available in the EHR, however, it was often in long notes or in parts of the 
EHR that users did not review frequently. Locating and reviewing the information was arduous and inefficient for 
users. Many users were not familiar with all potential data sources. The leaders envisioned that the feature would 
facilitate quick review of data stored in various EHR components (e.g. the registration system, clinic notes, scanned 
forms). While other organizations have described creating a central place in their EHR to support advance care 
planning in patients nearing the end of life9, 13, to our knowledge, our project was the first to widen the scope to 
apply to all stages of the patient’s illness trajectory.  For our project, we applied user-centered design methods and 
an iterative process. User-centered design focuses on the user and user needs to ensure that design is intuitive, easy 
to use, and most of all--is useful. Our goal was to apply design-thinking to create an aggregate view of information 
based on user needs related to enhancing patient-centered care at MSK. 

Methods 

Setting 

MSK is a dedicated cancer center with inpatient and outpatient services. The EHR at MSK, Allscripts Sunrise Clinical 
Manager, has “tabs” for users to navigate data and features. For this initiative, we chose to extend the “tab” metaphor 
for the display of the information about patients’ personal values.  We called the feature the “Values Tab”. 

833



  

MSK already had in place a variety of related notes and workflows to gather data pertinent to patient-centered care. 
A “Goals of Care Discussion Note” template, and various workflows to collect advance directives were in use. The 
Department of Nursing notes included discrete fields for data relevant to patient-centered care, such as preferred name, 
living situation and how the patient prefers to receive information (e.g., at a high level or with a lot of detail). Ongoing 
institutional initiatives additionally provided communication training for clinicians to enhance patient-centered care. 

Multidisciplinary Project Team 

The clinical leads on the initiative were three Supportive Care physicians (with co-appointments in Medical Oncology, 
Intensive Care, and Hospital Medicine, respectively). The team included representatives from an associated research 
project, Nursing, Nursing Informatics, Health Informatics, and Information Systems. 

Data Elements 

The clinical leads identified the data elements to include in the Values Tab. They grouped data elements into the 
following categories: (i) a “Values Summary” documenting patient values11, 12, (ii) family/surrogate decision-makers, 
(iii) social history, (iv) spiritual and cultural history, (v) communication preferences, (vi) an “Illness and Treatment 
Understanding” patient-reported outcome11, (vii) a “Goals of Care Discussions” section, (viii) advance directives and 
resuscitation preferences, and (ix) selected consult notes (i.e., Supportive Care, Psychiatry, and Ethics).  

Design Plan 

Figure 1. Timeline for design plan to apply design methodology and iterate on mock-up versions. Mock-up stages 
included 2 rounds each of wireframes and design comprehensives (design comps). 
 

Once we identified the data elements to include in the Values Tab, we began the design process. Our general design 
timeline is shown in Figure 1. We iterated through design cycles with the following progression: (i) low-fidelity 
wireframes, (ii) high-fidelity wireframes, (iii) design comprehensives version 1 (design comps 1), (iv) design comps 
2.  For (i) low-fidelity wireframes, we created a high-level diagram of how to arrange and display information. For 
(ii) high-fidelity wireframes, we added more detail to the diagrams, such as some interactive features or how the tab 
may appear with varying amounts of information available (e.g., empty states for when data is not on file). For (iii) 
and (iv) design comps, we incorporated styling (e.g., format, color) and interactive features (e.g., drop-down sections, 
pop-up or modal windows); design comps 1 was an initial version and design comps 2 incorporated additional 
feedback from the project team and user testing. After design comps 2, we planned to hand-off to the development 
team and/or potentially conduct user testing 2 for validation and create design comps 3, if needed.  

Each design cycle began with data collection (a feedback period of about 1 week on prior work and/or other data 
gathering). We held additional design sub-meetings (health informatics and the designer) and working sessions to 
review data, how to interpret data into design, or iterate on design, as needed. We created the next design version and 
then presented the resulting design to the clinical leads and project team. We used Invision.com to share interactive 
design and collected feedback on specific portions of the design. We also shared images of the design and received 
feedback via email. 

User Stories and Card Sorting 

For the first design cycle, we collected data through user stories and card sorting (see Figure 1). This cycle did not 
include a feedback period. To create user stories, the designer led a brainstorming activity with the project team to 
identify users, tasks and patient-values-related data needs for the tasks. The user stories grounded the design process 
in real use cases. The designer also conducted informal card sorting sessions with a convenience sample to understand 
how users may mentally group the identified concepts. In the sessions, the designer presented participants with cards 
marked with one concept each. The participants grouped the concepts, as well as named their groupings. Collectively, 
the sessions influenced how the designer grouped the concepts on the low-fidelity wireframe. 

 

Week #: 
0 6 5 4 3 2 1 

● User Stories 
● Card Sorting 

● Low-Fidelity 
   Wireframes 

● High-Fidelity 
   Wireframes 

● Design Comps 1 
● User Testing 

● Design Comps 2 
 

 

834



  

User Testing 

We conducted user testing on the design comps 1, (week 4, see Figure 1). To prepare, we identified three stakeholder 
groups (i.e., Physicians, Nurses, Allied Health Professionals) and worked with the clinical leads to identify individuals 
and alternates for each group (weeks 1-2). We contacted the individuals and scheduled 1-hour (in-person or remote) 
testing sessions for interested users (week 3).  

The designer led each user testing session and a coordinator took notes and assisted. We created test scripts based on 
the user stories and additional input from the clinical leads. The scripts included tasks for all user-types, as well as 
tasks specialized for user groups. The objectives of user testing were to gather general user feedback on the design 
and to confirm that the users could complete tasks with minimal instruction. We recorded voice and computer screens 
for each session. The designer reviewed all recordings to extract themes and the coordinator identified themes in notes. 
User testing results augmented team feedback in design sub-group meetings to create design comps 2.  

Results  

The design process proceeded as planned, without major adjustments. However, we added design comps 3 and 
continued to refine the design for a total design period of 20+ weeks (see “Extended Timeline for Design Refinement” 
below).  

User Stories 

We started with 7 user stories, all of which involved facilitating communication and discussions with the patient and/or 
family. Four focused on care team members rapidly orienting themselves to the patient when they become part of the 
patient’s care team: when the patient is admitted; when the patient requires a consult; when the patient requires a social 
work or chaplaincy referral; or when a clinician is covering for another who is part of the patient’s regular care team. 
One use case focused on information needs during an acute crisis, another for the primary oncologist to quickly review 
patient data before a visit, and the final use case for sharing relationship-based care data (documented by nurses) with 
the entire care team.  

Card Sorting and Concept Groupings 

Data groupings and group names were relatively stable throughout the process. The card sorting activity, for the most 
part, validated data groupings as compiled. However, we re-organized some groups for the low-fidelity wireframes or 
at later points in the design process. We combined advance directives with important people to contact (i.e., emergency 
contact, health care agent and next of kin). We separated information preferences from other communication 
preferences for wireframes, but later re-combined them after user testing. We separated significant life events 
(originally part of social history data elements) to their own section, but then removed them in week 10 due to 
suboptimal data quality. Names for data groups also evolved through the design process, but mostly stayed the same 
or ultimately returned to original names. For example, we grouped some communication preferences with social 
history to make a “Basic Info” category, that we later divided into “Communication Preferences” and “Social 
Information.” We re-named “Spiritual and Cultural History” to “Practices & Beliefs” for the low-fidelity wireframes, 
and then to “Cultural/Spiritual Practices and Beliefs” in the high-fidelity wireframes. We then changed it back to 
“Practices & Beliefs” in design comps 3. 

User Testing Preparation 

For user testing, we organized stakeholders into the three groups and aimed to test at least 3 users/group. We contacted 
11 stakeholders. Of those, we scheduled 8 (3 physicians, 2 nurses and 3 allied health professionals) in week 4 (see 
Figure 1). One nurse was available in week 5; however, we felt that theme saturation was met in week 4 and did not 
schedule additional sessions. Each group combined users from different specialties—physicians were an oncologist, 
internist and intensivist; nurses were a chemotherapy infusion nurse and an intensive care unit nurse; allied health 
professionals included a chaplain, a social worker and patient representative/patient advocate. Two users were Ethics 
Committee leaders (the intensivist and social worker). All users were familiar with the tab project or related patient-
centered care initiatives.   

For the user testing script, we started with a general introduction to the tab and asked for high-level impressions. We 
then created tasks based on the user stories from earlier in the design process. We started with more general tasks to 
help the user become familiar with the tab, then moved to more targeted questions to confirm understanding of data 
representation and functionality in the tab, as well as to gather input on content and groupings. Some tasks required 
users to identify the proper section of the tab to complete a task, while others were more open-ended. We customized 
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the script for each user group. The nurse script was very similar to the physician script, except with different task 
focus (e.g., patient discussions about results for a physician and about medication management for the nurse). We 
excluded 2 tasks from the allied health professional script. 

User Testing Findings 

We included eight tasks (six general tasks for all 8 testers, and two for physicians and nurses only). All users 
successfully completed six tasks; however, for one task (to find the patient’s preferred name in the banner at the top 
of the page), users first looked at another section (“Communication Preferences”) before finding it. We therefore chose 
to insert the patient’s preferred name into two sections. Responses varied for two more open-ended tasks, but a 
minority of users indicated less relevant sections.  

Additional findings from user testing included: interest in additional source details (author, document, date), hover 
states were not intuitive (i.e., the original design displayed details when the user hovered the cursor over the data point 
text, but users did not realize this), need to highlight the most relevant advance directive documents (e.g., most recent 
version of specific documents), and need to clarify scope of sections (e.g., “Consult Notes” does not include all consult 
services). While the tab compiles data already on file, not all data types were familiar to all users (e.g., fields extracted 
from much longer nursing documents), which suggested the need for a “Frequently Asked Questions” (FAQ) section. 
Users questioned some data labels or if the design emphasized certain data elements more so than they felt to be 
appropriate. All of the preceding feedback influenced design comps 2. Users also requested data or functions that were 
out of scope (e.g., data that is not already available in the EHR); we tracked this feedback for future versions of the 
tab. 

Extended Timeline for Design Refinement 

At the end of the original timeline, the design was not ready for full handoff to the development team. We began 
discussions with development (week 6) and started a design requirements document for the developers (week 11); 
however, we also created design comps 3 (week 14). After comps 3, we continued to work on design for content 
sections (through week 16) and on ad hoc details as the development team requested clarification (on-going), but only 
updated the design requirements. After user testing, we also affirmed the need for FAQ and feedback sections but 
prioritized them behind sections containing relevant patient data. We designed the feedback section in weeks 16-19, 
including informal targeted testing with a convenience sample of 5 participants. The FAQ section work began in week 
20 and is on-going. During the design iterations, we also received content change requests. We tracked content changes 
separately from design feedback and re-visited them in week 10. We made additional content changes in week 14. 
The project team planned to pilot the tab once developed, which would allow a later opportunity for user testing 
validation. Therefore, we did not conduct a validation on the final design comps. 

Example Data 

For the low-fidelity wireframes, we used completely synthetic data to rapidly start work (see example section in Figure 
2A). For the high-fidelity wireframes, we aimed to represent more realistic examples of how the tab would appear in 
use and to introduce design for when data was not available (e.g., empty states). We identified 3 real patient charts 
with varied levels of relevant data available in the EHR. We then replaced all identifiers with synthetic data in a similar 
format. We used these data sets to produce 3 mock-ups in the same design representing patients with “low,” “medium” 
and “high” (but not complete) amounts of relevant data available (Figure 2B-C). For design comps 1, we also included 
3 variations (Figure 2D). For design comps 2 and 3, we filled in missing data to for the “high data” patient to become 
a “complete data” example (Figure 2E). The design requirements started with a complete data example followed by 
how the tab would look if a patient had no relevant data on file. In design comps 3, we also started to work through 
various display scenarios for more complex tab sections; this continued through week 16. 

Special Challenges 

The section for “Decision-Makers & Advance Directives” required the most attention (see Figure 2). The final design 
(Figure 2F) incorporated display logic to suppress the next of kin if a health care agent was documented. If a scanned 
“Proxy and Advance Directive” document was on file, but discrete data for the health care agent was not, the display 
logic prompted the user to review the scanned document.  (Only limited users entered the discrete health care agent 
fields when they receive a health care proxy document.) We also identified the most important documents and included 
the most recent for each on the tab, compared to the original specification to include all documents in the “Advance 
Directive/DNR” folder (category) in the EHR. For the selected documents available on the tab, we also provided a 
drop-down (drawer) interactive feature to display past versions when needed. 
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2A. Low-Fidelity Wireframes 2B. High-Fidelity Wireframes    

(High Data) 

2C. High-Fidelity Wireframes 
(Low Data) 

2D. Design Comprehensives 1 2E. Design Comprehensives 2 2F. Final 

Figure 2. Design iterations for the “Decision-Makers & Advance Directives” section. All identifiers are synthetic.  
Design started as a simple diagram of how to display and organize information (2A) and became more detailed. 
2B-C show variations based on data available, and 2D-F incorporated additional features and styling. The final 
version (2F) displays the most recent and relevant data, with hover states (with icon cues) for data source 
information for discrete data fields, links to view documents, and drop-down (drawer) features for prior versions. 

 

Figure 2. Design Evolution of Advance Directives Section 
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Discussion 

We applied user-centered design methods to create a new feature in our EHR highlighting the patient as a person. We 
considered variation across users and patient data availability throughout the design process. User testing validated 
most of the design, but also raised a few areas of concern. We extended the design process timeline considerably to 
work through these concerns and various data scenarios. The advance directive section required the most iteration. 
Overall, while we could address some challenges through design, other challenges inherent to the EHR and related 
workflows remained.  

The advance directive documentation at MSK posed several challenges and the advance directive section was the most 
onerous to design. Due to multiple scanned forms and potential date abstraction errors, as well as overall context, we 
chose to make the most recent document readily viewable, but to also include prior versions, if on file. Similar EHR 
features at other institutions were comparable to our advance directives section9, 13. Our overall design attempted to 
allow the user to quickly collect the most recent data across sections without additional clicking or scrolling, when 
possible, whereas other approaches included a report view of all data with hyperlinks to jump to the relevant portion13 
or expandable tree structures to view more data about topics of interest9. Information in other organizations’ features 
was similar to our advance directives section, but varied slightly (e.g., we did not include blood product preferences 
but did include emergency contact). Other institutions included data we displayed elsewhere on our tab (e.g., “Values 
Summary” and “Goals of Care Discussions”) and have reported more focused templates and ways to quickly review 
them, such as using flow sheets14. Our “Goals of Care Discussions” section included a “view all” report, which 
emphasized the most recent conversation(s) rather than the ability to review changes by topic over time (e.g., the flow 
sheet). To our knowledge, others have not included relevant consult notes on their EHR modules or tabs. 

We aimed to facilitate quick review of data about the patient as a person. We compiled data from multiple data sources, 
sometimes extracting note sections or single fields from much longer notes. The tab could also guide users to data 
they were not aware was available. For example, we highlighted a selected set of fields from nursing notes, which 
many other users did not always review. However, highlighting data the users were not aware existed posed additional 
educational challenges for the tab. Users’ overall familiarity with and understanding of nursing documentation may 
still pose a challenge in use. Similarly, some data points were only collected on patients who initiated care at MSK in 
the past year or who were part of very limited pilot clinics. Creating a data view also did not improve data quality or 
workflows around data collection. For data only available on select patients or data with low quality, the tab could 
lead to more frustration. User testing revealed low familiarity with some data highlighted on the tab, as well as 
conflicting viewpoints about which data elements are relevant and when (e.g., when next of kin data are useful).  

Future work includes piloting the tab, which will include user testing for design validation and additional evaluation. 
We plan to survey and interview selected users, as well as to collect feedback directly on the tab to further evaluate 
its content and design. We expect the pilot phases to engage clinicians performing a variety of roles in the outpatient 
and inpatient settings. We may also evaluate if the tab expedites data review and meets user needs. In parallel to our 
design and development process, one of the clinical leads analyzed stakeholder interviews for data needs, workflow 
integration preferences and overall culture related to the patient as a person. Interview themes or pilot evaluation may 
identify additional data needs. Future phases may incorporate user testing feedback that was out of scope for this phase 
or address data entry and editing, which was also out of scope for the tab’s initial version.  

We describe a pragmatic experience at an organization starting to apply design thinking to its EHR. As with many 
real-world projects, we had limited time and competing priorities. In an ideal setting, we would have had full 
stakeholder interview analysis and available data for all user needs before starting our design process. With more time 
and/or resources, we may have applied additional design methods or started design exercises earlier in our timeline. 
User needs and available data vary across organizations, and therefore our experience at a cancer center may not apply 
to all settings. Finally, the project is limited in the underlying data available and the quality of the data—success in 
the pilot will depend not only on an intuitive and easy-to-use design, but also the quality of data displayed. 

Overall, we applied user-centered design methods to create a new “Values Tab” in our EHR. We used user stories, 
card sorting and user testing, as well as an iterative process with an interdisciplinary project team. Throughout the 
process, we re-organized and re-named sections, as well as eliminated some data concepts. At the end of our design 
timeline, the design was not ready for full hand-off to development. Instead, we continued to refine the requirements 
through the development stage. The section about advance directives and important people to contact required the 
most careful consideration and the most iterations. We plan to validate our design through additional user testing and 
a pilot of the developed product, as well as to add or refine content or features in the future. 
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Conclusion 

We designed an EHR feature to support user needs for patient-centered care. While others have reported projects to 
capture data pertinent to patient-centered care or sections in their EHR to support advance care planning (a component 
of patient-centered care), to our knowledge, we are the first to apply design methodology to create an EHR section 
about patient values for all stages of cancer care. Patient values, goals and preferences play an important role in patient-
centered care, which is a key component of quality health care. We hope that making such data easier to find and 
quickly review will promote and facilitate quality cancer care at MSK.  
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Abstract 

Many stakeholders can be involved in supporting a child’s development, including parents, pediatricians, and 
educators. These stakeholders struggle to collaborate, and experts suggest that health information technology could 
improve their communication. Trust, based on perceptions of competence, benevolence, and integrity is fundamental 
to supporting information sharing, so information technologies should address trust between stakeholders. We 
engaged 75 parents and 60 healthcare workers with two surveys to explore this topic. We first elicited the types of 
information parents and healthcare workers use to form perceptions of competence, benevolence, and integrity. We 
then designed and tested user profile prototypes listing the elicited information to see if it builds trust in previously 
unknown professionals. We discovered that providing information related to personal characteristics, relationships, 
professional experience, and workplace practices can support trust and the sharing of information. This work has 
implications for designing informative electronic user interfaces to support interprofessional trust. 

Introduction 

Monitoring a child’s physical, mental, and cognitive development involves the efforts of many adult caregivers in the 
child’s life. Factors related to a child’s biology, life experience, and their environment can cause delays in the 
acquisition of fundamental abilities such as language skills, cognition, and emotional regulation1. Without early 
intervention these delays can persist and become chronic developmental disabilities2 that can affect a child’s entire 
life course, negatively impacting their financial earnings, health status, and social relations3.  

Many stakeholders invested in the wellbeing and care of children, such as parents, pediatricians, and early educators 
play a fundamental role in identifying developmental delays and supporting early intervention4. Unfortunately these 
stakeholders and their services are not well-integrated, which places a significant burden on parents to undertake the 
coordination of activities across care settings5. Pediatricians and early educators specifically often undertake 
overlapping responsibilities caring for a child’s development, such as administering screening tests, monitoring 
behaviors, and providing therapeutic services2,6,7. Strengthening coordination between the medical home and early 
education services is a promising approach to improving the identification and treatment of childhood developmental 
delays and disabilities8–11. Furthermore, policymakers have identified health information technology (HIT) as an 
important ingredient in supporting connections across a child’s medical home12, and clinicians have also advocated 
for the expanded use of HIT to aid in the coordination of care for children with complex needs13,14. Unfortunately, 
many existing HIT systems, such as electronic health records (EHRs), do not support collaborative work that spans 
professional boundaries15–17, indicating a need for the design of new systems to support interprofessional collaboration. 

Trust and Collaboration 

Many factors can impact the effectiveness of collaborative work in healthcare18. Factors that influence the use of HIT 
systems in collaborative endeavors range from user workflows to the collaborators’ work environments18,19. Trust 
between potential collaborators has been identified as a necessity to encourage different stakeholders to work 
together20,21, and has received increasing attention in the biomedical informatics field22–26. Trust has been defined as 
the voluntary expectation of a ‘trustor’ that another entity, deemed a ‘trustee’, will fulfill an obligation to the trustor, 
and where failure to fulfill the obligation brings a level of risk21. Foundational research by Mayer et al.27 found that a 
trustor will believe a trustee to be trustworthy if they are perceived as possessing competence, benevolence, and 
integrity. Competence is the ability to act effectively in a given domain, benevolence is motivation to do positive 
things for the trustor, and integrity refers to the trustee maintaining an acceptable set of principles to guide their 
actions27. Our previous research exploring data sharing in the domain of child development found that perceptions of 
trustworthiness affected whether information was shared and its perceived credibility28. The findings supported the 
notion that child development stakeholders often judge each other’s trustworthiness based on perceptions of 
competence, benevolence, and integrity based on indicators such as reputation or professional training28. Professionals 
involved in supporting a child’s development, such as pediatricians and teachers, have difficulty judging each other’s 
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trustworthiness28 since they do not often interact5,29. Previous work in designing HIT tools to foster interprofessional 
collaboration to support children with complex healthcare needs has focused on information needs30, work processes13, 
data standards31, and managing care team members32 but not the maintenance of trust. 

Research on trust in online spaces indicates that providing key details about an unknown person through an electronic 
interface may support perceptions of trustworthiness. Stuart et al.33 propose that “identity transparency”, or the 
visibility of the identities of people exchanging information, can change the way that people interact with each other 
online. Transparency around the identities parties exchanging information—such as names, demographic information, 
and group memberships—could support perceptions of credibility and trustworthiness33. Research also indicates that 
the separate perceptions of competence, benevolence, and integrity can affect different trusting behaviors34, and that 
they can affect the overall perceptions of trustworthiness within virtual teams that communicate solely through 
technology35. Determining how to best support trust in an online context is difficult, however, since the assessment of 
trustworthiness can depend on the context of work and even the demographics of the people involved34. Unfortunately, 
little research has elicited how potential users of HIT conceptualize and operationalize trust to guide designers who 
want to build a consideration of trust into HIT systems. Additionally, experts in supporting trust through online tools 
have suggested that more research is needed to determine how textual information can be used to build trust34.  

To support collaborative child development work through the design of new collaborative HIT tools, this research 
took a user-centered approach to exploring perceptions of trust amongst parents and healthcare workers and designed 
prototype user profile web pages to provide identity transparency and support trust. Our goals were to answer the 
following research questions: 

1. How do parents and healthcare workers conceptualize competence, benevolence, and integrity?  
2. Does the presentation of information related to a stakeholder’s competence, benevolence, and integrity 

support the sharing and usage of information related to a child’s development? 
3. How do user characteristics affect perceptions of trustworthiness? 

This research contributes an empirical understanding of how stakeholders in the child development space think about 
trust, and artifact designs for how aspects of competence, benevolence, and integrity might be integrated into HIT. 
The results of this study can inform the design of tools that share information about previously unknown professionals 
involved in a child’s care so that they can more effectively collaborate in supporting a child’s development.  

Methods 

This research undertakes multiple steps of a user-centered design cycle to understand user needs, produce potential 
solutions, and evaluate those solutions36 by utilizing two rounds of surveys and a round of prototype generation (see 
Figure 1 for the flow of the study). The first-round surveys aimed to discover the information needs of potential parent 
and healthcare professional users of a collaborative HIT child development support system to help them evaluate a 
potential collaborator’s competence, benevolence, and integrity. We then used the results to create low-fidelity user 
profile prototypes containing different combinations of information identified in the first survey. We then administered 
our second-round surveys to test whether these profile prototypes support trust and the sharing of information. To 
explore the potential differences in trust perceptions based on stakeholder role, our respondent ‘trustors’ consisted of 
1) parents and 2) pediatric healthcare professionals. These respondents were asked to judge the trustworthiness of two 
groups of ‘trustees’: a) pediatricians and family physicians, and b) preschool educators. These trustees were chosen to 
explore how parents and healthcare professionals view key stakeholders employed both inside and outside of the 
healthcare field. Question concepts and wording were derived from the results of a previous qualitative exploration of 
trust between child development stakeholders28. Questionnaires were distributed through SurveyGizmo and were 
piloted by graduate students in biomedical informatics and human-centered design at the University of Washington to 
check the clarity of the survey language. This research was approved by the Institution Review Board at the University 
of Washington. 
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Figure 1. Study design flow. The letters C, B, and I in the prototypes above represent different combinations of 
information related to ‘competence’, ‘benevolence’, and ‘integrity’. 

Parents and healthcare professionals were recruited for both surveys through the Amazon Mechanical Turk (MTurk) 
platform. Research suggests that the MTurk worker population provides a similar demographic distribution to the 
general US population37. A two-stage MTurk recruitment strategy suggested by Wessling et al. was adopted to mitigate 
the impact of dishonest responses38. Potential participants were initially screened by a basic demographic 
questionnaire asking questions about age, gender, race and ethnicity, state of residence, educational attainment, the 
number of children they have and their ages, and whether any of their children have had a developmental delay or 
disability, as previous research has suggested that factors like ethnicity and educational status can affect trust in online 
health resources25. Healthcare workers were also asked for a job title, the age range of the people they regularly serve, 
a description of how they interact with children and families, and whether they regularly care for children with 
developmental disabilities. The screening questionnaire for healthcare workers was only available to MTurk users 
who had an MTurk profession qualifier indicating they worked in healthcare. The inclusion criteria for parents was 
recent experience raising a child under 5 years of age, and the criteria for healthcare professionals was working with 
patients under 5 years in an outpatient setting. Experience with children younger than 5 years was chosen due to the  
importance of a child’s development during that time period1. Respondents were excluded if they were under 18 years 
of age or resided outside of the United States. Screening survey results were reviewed, and eligible respondents were 
assembled into a panel that was eligible to participate in the subsequent surveys. Healthcare professional recruitment 
was supplemented by sending recruitment e-mails to electronic mailing lists maintained by pediatric professional 
organizations in Washington State. Respondents were provided a small honorarium for participation in the study. 

For the first-round survey, respondents were presented with two sets of questions related to perceptions of trust: one 
set related to their perceptions of doctors, and one set for perceptions of teachers. Respondents were asked to imagine 
a webpage with information about a doctor or teacher they had not previously met and provide three ranked lists of 
information they would like to see on that webpage to help them judge whether the given professional had competence 
to support child development (operationalized as having the “knowledge, skills, and abilities”), benevolence towards 
a child and their family (“caring”), or integrity in their work (being “consistent, reliable, and unbiased”), respectively. 
All responses were free-text to allow the respondents to describe their information needs in their own words. These 
lists could contain up to three responses which were given a rank value ranging from 3 (top entry) to 1 (bottom entry). 
Using a purely inductive approach, the primary author (SM) reviewed all responses and grouped them into types of 
information sought, and information types were then organized into broader themes. A randomized collection of half 
of the responses were independently analyzed by a colleague (LS) to evaluate the validity of the themes, and a final 
set of themes was assembled through discussion. Survey responses were grouped into the defined information types 
and themes, and rank values were summed for each of the three trust perceptions to identify the most important 
information types for each perception. 

The top three information types associated with each trust perception were used to create low-fidelity informational 
prototypes using Microsoft PowerPoint. We created 16 prototype informational webpages displaying information 
about a hypothetical child developmental stakeholder (see Figure 2). These designs fulfilled a full 2^4 factorial design 
for testing based on the following factors: trustee profession (healthcare or education), and whether or not the webpage 
listed information related to competence, benevolence, or integrity. When portraying each trust perception, the page 
either listed all of the top three information types (a ‘high’ level of information) or none of them (a ‘low’ level).  

For the second-round survey, participants were sequentially presented with all 16 prototypes in a random order and 
prompted to answer questions about whether they promote trust in the person portrayed in the prototype. All 
respondents were given instructions to read each prototype for at least 15 seconds, imagining that they represent 

Survey 1:
Elicit User Needs

What information is related 
to competence, benevolence, 

and integrity?

Create Prototypes:
Survey 2:

Evaluate Prototypes
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professionals that they had not previously met, and were asked to rate their agreement with the following two 
statements:   

1. Providing information: “I could trust them to provide me with accurate and useful information about 
child development.” 

2. Using information: “I could trust them to appropriately and effectively use information I share with 
them about child development.” 

Agreement was measured with a four-response Likert scale: strongly agree, agree, disagree, strongly disagree. The 
lack of a neutral response prompted respondents to pick a positive or negative answer. Cumulative logits regression 
models containing the question type (providing or using), prototype features, and respondent demographics were fit 
using generalized estimating equations (GEE) in SAS to determine which factors were associated with higher 
agreement with the trust statements. The GEE procedure was chosen to account for correlated data due to repeated 
measures. The model initially included all variables and we sequentially removed variables above a p-value of 0.05. 
The model with the smallest difference between the QIC and QICu fit statistics was chosen as the final model. 

Results 

In the first-round survey, participants reported 417 responses for competence, 353 responses for benevolence, and 338 
for integrity. Table 1 provides a summary of the respondents for both surveys. Across both surveys, 23% of the 
healthcare professionals were doctors, 43% were nurses, and 33% were medical assistants or allied professionals.  

Table 1. Aggregate demographics for study participants, split by recruitment group and survey answered. 

 Survey 1 Survey 2 

Demographics Parents 
Healthcare 

Professionals 
Parents 

Healthcare 
Professionals 

Sample Size 45 35 30 25 

Age (average) 40.2 38.5 35.5 38.9 

Gender (female, number and %)  36 (80%) 25 (70%) 27 (90%) 17 (68%) 

Has children (number and %) 45 (100%) 27 (78%) 30 (100%) 18 (72%) 

Hispanic (number and %) 6 (12%) 2 (6%) 3 (10%) 2 (8%) 

Non-white race (number and %) 7 (16%) 5 (14%) 5 (17%) 3 (12%) 
Received college degree (number and %) 28 (62%) 32 (91%) 24 (80%) 23 (92%) 

Service Professional Information       

Profession:       
         Nurse (number and %)   14 (40%)  12 (48%) 
         Doctor (number and %)   9 (27%)  5 (20%) 

Other (number and %) (audiologist, 
therapists, rehabilitation counselor, 
psychologist, medical assistant)   

12 (34%) 

 

8 (32%) 

Experience serving children with 
developmental disabilities (number and %)   34 (97%)  24 (96%) 

Analysis of the responses produced 23 different types of information encompassed by six themes: demonstrating 
skills, personal characteristics, third party trust, training, work experience, and workplace practices. Table 2 lists the 
final themes, theme descriptions, and the information types included in each theme. While there was overlap between 
the types of information reported for competence, benevolence, and integrity, the summed response rank values 
suggested some associations. Information related to third-party trust (most notably certifications), training (degrees 
earned), and work experience (work history) were most often reported for competence. For benevolence, the most 
reported responses were personal characteristics (personality and values) and third-party trust (reviews). For integrity, 
subjects most often reported third party trust (reviews), personal characteristics (values), and workplace practices 
(accessibility). Reviews scored highly for both benevolence and integrity, but the responses reported for each tended 
to differ, with language related to families, caring, and kindness being more associated to benevolence and language 
related to reliability and cultural sensitivity being more often reported for integrity.  
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Table 2. Themes of information that respondents use to judge trustworthiness, and associated information types 

Theme Description Types of Information 

Demonstration 
of Skills 

Characteristics indicating 
that the trustee has skills 

and knowledge relevant to 
a domain area 

 Communicates clearly 
 Professional service outside of the workplace 
 Positive results from previous work, past work successes 
 Detailed knowledge of obscure, specialized topics  

Personal 
Characteristics 

Information pertaining to 
the trustee's personal life 

 Demographics, family, and background information 
 Social disposition or personality traits  
 Pictures of the trustee or work environment  
 What the trustee values, and what they think is important 

Third Party 
Trust 

Trust based on the 
trustee's relationships 
with other people and 

organizations 

 Affiliation with schools, companies, or professional groups  
 Receiving rewards from third-party organizations 
 Certification of skills from third-party organizations 
 Reviews/ratings from clients, peers, and the community 

Training 

Formal educational 
training and 

professionalization in a 
relevant field 

 Academic degrees in a relevant field 
 Receiving training in a relevant subspecialty 
 Descriptions of training, such as years in school and grades 
 Regular participation in continuing education activities 

Work 
Experience 

Information about the 
course of a trustee's career 

 Work history, years in field 
 Working with diverse client populations 

Workplace 
Practices 

Information related to the 
policies and procedures 
practiced in the trustee's 

place of work 

 Ease of accessing services 
 Having a team to support clients 
 Use of technology and internet tools to communicate 
 Listing work rules and policies 
 Scope of services provided 

While there was overlap between the types of information reported for competence, benevolence, and integrity, the 
summed response rank values identified some associations. Information related to third-party trust (most notably 
certifications), training (degrees earned), and work experience (work history) were most often reported for 
competence. For benevolence, the most reported responses were personal characteristics (personality and values) and 
third-party trust (reviews). For integrity, subjects most often reported third party trust (reviews), personal 
characteristics (values), and workplace practices (accessibility). Reviews scored highly for both benevolence and 
integrity, but the responses reported for each tended to differ, with language related to families, caring, and kindness 
being more associated to benevolence and language related to reliability and cultural sensitivity being more often 
reported for integrity.  

Types of information that received high rank scores in the first survey were used to create prototypes with varying 
information to be evaluated by a second round of surveys. Table 3 lists the top three types of information associated 
with competence, benevolence, and integrity, organized by theme, and how the information types were 
operationalized for the prototypes. Every prototype listed the profession and name of a hypothetical doctor or 
educator, a work address and phone number, and an icon representing a picture of the hypothetical professional. 
Different types of information were then added to prototypes depending on the perceptions of trust that the prototype 
was meant to portray. Reviews from parents were used to portray both benevolence and integrity. To differentiate 
the reviews related to benevolence from those related to integrity, the reviews contained different language 
reflecting information types relevant to each perception as reported in the first survey: 1) language related to 
involving families in decision-making for benevolence and 2) language related to reliability and cultural sensitivity 
for integrity. Figure 2 displays two examples of prototypes: one for a doctor with high levels of competence, 
benevolence, and integrity, and one for a teacher that contains no information related to the three trust perceptions.  
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Table 3. Operationalization of the information types used in the prototypes, listing the top three information types 
ranked as important for portraying competence, benevolence, and integrity, organized by theme.  

Competence 

Information Themes: How they were operationalized: 

Work Experience Years working 

Third Party Trust 
Board certification for doctors, and National Association for the Education of 
Young Children certification for educators 

Training 
MD for doctors, MEd or MA for educators; 
Pediatrics specialization for doctors, early or special education for teachers 

Benevolence 

Information Themes: How they were operationalized: 
Third Party Trust Section with positive reviews 

Personal Characteristics 
Personal statement section with language around involving the family in care, 
noting local roots in the community;  
Reviews contained language about being family-oriented, friendly, and caring 

Integrity 

Information Themes: How they were operationalized: 
Third Party Trust Section with positive reviews 
Personal Characteristics Reviews contained language about being reliable and culturally sensitive 

Workplace Practices 
Extended contact information section with buttons to contact provider; 
Reviews noted the existence of language services 

 
 

     

Figure 2. User information prototypes. The prototype on the left depicts a doctor with information portraying 
competence, benevolence, and integrity. The prototype on the right depicts a teacher with no information pertaining 
to competence, benevolence, or integrity. 

Table 4 lists the results of the final cumulative logits model. The model did not discern any significant effects based 
on trustor type (parent or healthcare professional), trustee type (pediatricians and family doctors, or early educators), 
or whether the trust statement was related to a trustee ‘providing’ information, or ‘using’ information. The display of 
information related to competence, benevolence, and integrity had significant effects on agreement with the statements 
related to trust. Viewing information related to competence led to a 3.3-fold increase in the odds of higher agreement 
with statements related to trust. When viewing information related to benevolence there was a 3.13-fold increase, and 
viewing information related to integrity led to a 2.14-fold increase. The model, however, found significant interaction 
effects between trust perceptions. When competence and integrity were simultaneously listed, or when benevolence 
and integrity were simultaneously listed, the odds of higher agreement with the trust statements was attenuated and 

Competence 

Benevolence 

Integrity 
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lower than the combinations of both perceptions separately. Demographic factors also had an effect on agreement 
with the trust statements. Increased age, male gender, having children, Hispanic ethnicity, and having a college degree 
all led to lower odds of agreeing that the people represented in the profiles were trustworthy. 

Table 4. Results of the cumulative logits model listing log-odds of having a higher level of agreement with 
statements related to trust with parameter estimates, standard errors, and p-values. 

Prototype Feature Parameter Comparison Estimate SE P 
Competence High level vs. Low level 1.2 0.12 <0.0001 
Benevolence High level vs. Low level 1.14 0.09 <0.0001 

Integrity High level vs. Low level 0.76 0.08 <0.0001 
Competence * Integrity Both High vs. Both Low -0.11 0.06 <0.05 
Benevolence * Integrity Both High vs. Both Low -0.57 0.07 <0.0001 

 Respondent 
Demographics 

Parameter Comparison Estimate SE P 

Age Adding one subsequent year to age -0.02 0.01 <0.05 
Gender Male vs. Female -0.35 0.09 <0.001 

Has Children Has Children vs. Has No Children -0.46 0.14 <0.01 
Ethnicity Hispanic vs. Not Hispanic -0.41 0.17 <0.05 
Education Has College Degree vs. No Degree -0.32 0.13 <0.05 

Discussion 

Building on previous research exploring trust in the domain of child development support services, this research 
investigated how to apply the concepts of competence, benevolence, and integrity to support communication in the 
child development space. These concepts were considered through the user-centered, crowd-sourced ‘ideation’ of how 
to generate trust in child development stakeholders through online user interface prototypes and the subsequent 
evaluation of these prototypes. Our survey results provide a rich set of information that can be used to support trust 
through an informational user profile, and also indicate that providing information related to competence, 
benevolence, and integrity can have a significant effect on trust. Our results also suggest that personal characteristics 
of the trustor, such as age, gender, education, or having children, affect the assessment of trust. This is in line with the 
results of a recent review of trust in digital health technologies25. This review found that such sociodemographic 
factors could both positively and negatively affect the building of trust, which supports the notion that trust is specific 
to a certain context and dependent on the people, actions, and situations involved39. This indicates the importance of 
taking a user-centered approach to understanding how trust is assessed for different populations. For example, 
trustworthiness may be assessed differently for patients that are younger or older and who have different health 
conditions. Similarly, trustworthiness maybe assessed differently by patients than by caregivers. 

This study bolsters results found in previous explorations of trust. The importance of ‘third-party’ trust related to 
reviews and organizational affiliations, as well as trust based on characteristics like personality and professional 
credentials, confirms Veinot et al.’s exploration of the creation of a system to prevent the spread of sexually 
transmitted illness22. Previous literature on trust in digital health technologies have recognized the importance of 
reputation on trust25. Research exploring trust and the use of telemedicine found that a patient’s trust in their 
provider was shaped by perceptions of competence and open communication, whereas a provider’s trust in their 
patients depended on values related to integrity, such as honesty23. Our expanded findings, which identify a wide 
range of information types that affect perceptions of trustworthiness, help to describe the complexity of how trust is 
perceived across professional boundaries. It also provides guidance on how different professionals can best present 
themselves when working with professions they have not worked with previously. 

The summed ranking values for the different information types indicate which types of high-impact information 
supported trust. However, there was overlap in the types of information that were relevant to the different 
perceptions of trust. For example, ‘work history’ had sizeable scores across the three trust perceptions. This 
indicates that trust judgments may depend on an individual’s point of view. For example, one person may believe 
that attending a prestigious medical school speaks to a doctor’s competence, while another may think that it shows 
that they value hard work and that it therefore speaks to their integrity. Concepts relevant to benevolence and 
integrity, such as ‘values’ and ‘personality’, encompass a vast array of characteristics that may be difficult to convey 
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in words or text. Previous research indicates that trust may rely heavily on perceptions that are formed through in-
person interactions over time23,25,28,40, indicating that some factors must be directly experienced to affect perceptions 
of trust. Difficulty in conceptualizing the differences between concepts like ‘benevolence’ and ‘integrity’ in text 
form may also explain the negative interaction effects between those perceptions in our cumulative logits model. 
When both sets of information were present, respondents may not have made a distinction between the content of 
the reviews that were meant to convey benevolence and those that conveyed integrity.  

Alternately, the negative interaction effects between different trust perceptions may suggest a relationship between 
the quantity of information presented and not solely the content of the information. Stuart’s concept of identity 
transparency posits various levels of transparency, starting with anonymity and increasing with the provision of 
more personal information, that would be associated with different levels of trust33. Previous research in trust has 
hypothesized that more information about the context of data exchange and the exchange partner could increase 
trust39. Prototypes that listed information pertaining to only one or none of the trust perceptions necessarily had less 
information listed overall than prototypes portraying two or three trust perceptions, and therefore may have appeared 
less transparent than the prototypes with more information. Since ‘benevolence’ and ‘integrity’ both relied on 
sections related to reviews, the seeming similarity in the quantity of information may have blunted the impact of 
displaying information related to both perceptions simultaneously. 

Despite the potential utility of providing information about a professional to build trust, such information must be 
used in a principled way. In the first-round survey eliciting information needs, some respondents indicated their trust 
perceptions were related to potentially maladaptive characteristics such as a “willingness to treat unvaccinated 
children”, or the sharing of information that could be invasive of providers’ privacy such as detailed information 
about a provider’s family and personal life. Trust in these cases may be based on unreasonable expectations about a 
provider’s behaviors or the information that they are willing to share, indicating that the provider’s personal needs 
must be balanced with the patient’s information needs. Guidance on which information can generate trust could also 
be leveraged by malicious actors to distort their online persona and generate trust inappropriately, for example by 
claiming to have academic degrees they have not earned. Past literature has recognized this potential for 
manipulation as a ‘dark side of trust’39,41. However, the discovery of such manipulation can sever a trust 
relationship, and trust can be difficult to rebuild34,41,42. To maintain trust, the goal should be to present accurate 
information with the aim of providing others with the transparency they need to make their own judgments about 
their information exchange partners33. 

This research has some limitations that suggest areas of future study. While steps were taken to decrease potentially 
biased responses from MTurk respondents, there is still the potential for MTurk respondents to misrepresent 
themselves demographically or provide stereotypical answers38. The results also suggest that social desirability may 
have biased respondent answers. For example, in the second-round survey 73% of answers were either ‘agree’ or 
‘strongly agree’, which may indicate an aversion to criticizing the prototypes. This was partially addressed, 
however, by using a 4-response Likert scale and a cumulative logits model to compare higher versus lower 
agreement with statements related to trust, as opposed to agreement versus disagreement. More functional 
prototypes need to be tested in real-world situations to ensure that the effects seen in this study are truly reflective of 
how user profiles would function. Many healthcare professionals recruited from MTurk were assistant providers or 
allied health professionals who have not received the training or professionalization of doctors or nurses, and who 
may therefore use different criteria to judge trustworthiness than a more highly trained clinician. This diversity in 
the healthcare professional sample may explain why this study did not find differences in the assessment of trust 
based on trustor or trustee profession, contrary to prior research23. Further analysis to explore differences in trust 
perceptions by job role in a larger sample may be warranted. In the second-round survey we also did not assess 
which specific elements were beneficial or detrimental to the formation of trust since the main purpose was 
assessing the effects of the overall constructs of competence, benevolence, and integrity. Future research should 
explore these concepts on a more granular level.  

Despite these limitations, the strength of this research is that responses about information related to trust were free 
text and not guided by predefined criteria. This allowed participants to provide their own unique views of 
trustworthiness, which led to a rich listing of relevant information. Operationalizing trust in terms of competence, 
benevolence, and integrity and not as a unidimensional construct also prompted multiple perspectives on trust. 

Conclusion 

This research engaged a diverse group of end users to generate and evaluate potential solutions to support trust in the 
interprofessional child development support space. The results of this study provide a robust, if interrelated, array of 
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information types that people use to judge trustworthiness, encompassing information pertaining to a person’s skills, 
personal characteristics and values, and work practices. This work adds to the informatics literature by advancing 
knowledge on how to build interprofessional trust and adds to the child development literature by integrating an 
understanding of trust into the creation of new informatics tools specifically aimed towards child development 
stakeholders. This research provides guidance for system designers in the form of information elements that speak to 
a person’s trustworthiness and validation that user profiles can support the creation of trust. Based on our findings, we 
recommend that attributes of trust be incorporated into the design of HIT to support interprofessional work.  
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Abstract Respite care can provide a chance for family caregivers to take a temporary and flexible break from their
long-term caregiving work. Despite its beneficial aspects and value, there is little research on how technology might
mitigate barriers to using respite care. The purpose of this paper is to understand the current practices and challenges
that people face within the ecosystem of respite care work in the context of in-home care. Based on an in-depth
interview study of 18 primary family caregivers, respite family caregivers, and respite professional caregivers, we
identified different relationships, phases, and needs of each stakeholder and issues of trust and information sharing
that need improvement. We discuss design considerations on how future information and communication technologies
(ICTs) could mitigate the barriers identified in this work.

1 Introduction

By 2030, one-fifth of U.S. residents will be retirement age1. Adults become older and can develop complicating med-
ical conditions. Depending on their level of health or functioning, they may eventually need the aid of another person,
and a family member typically has to step in and start providing care for them. When this care becomes long-term,
family caregivers sometimes feel overburdened attempting to balance their caregiving tasks and other responsibili-
ties, which can result in physical and mental health issues. Research shows that caregivers experiencing strain have
mortality risks 63% higher than control groups2.

It is crucial for family caregivers to find help to mitigate the burdens of caregiving work and maintain the quality of care
for their love ones. Respite care provides temporary or relatively short-term care to relieve primary caregivers through
diverse services depending on a family’s needs which can include companionship, meal preparation, transportation,
and/or household chores3. Through respite care services, family caregivers are able to take a temporary break and
manage their own health4. However, there are barriers to adopting respite care. Some caregivers feel embarrassment
about needing help, mistrust of the quality of these temporary care services, and uncertainty5. Moreover, little research
on care has focused on this short-term and flexible type of in-home care and its value on family caregivers’ well-being
theoretically and practically.

ICTs such as smart-home systems and apps have the potential to offer a way to alleviate the hurdles of using respite
care. They could provide proper methods for both family and respite caregivers to communicate and collaborate
efficiently. Informatics research on this topic could provide ICT design ideas for a system for family and respite
caregivers to transition their work in a trusting and effective manner. This system would allow family caregivers to be
able to take a timely break, which would be beneficial for not only their health but also their loved one’s health6, 7.

Our study focuses on the trust and communication challenges caregivers face and how information sharing via ICTs
could solve those issues and enhance the quality of temporary care. Focusing on the context of in-home respite care, we
first introduce previously studied issues and practices of family and respite caregivers of older adults. Next, we define
three types of caregivers (primary family caregivers, respite family caregivers, and respite professional caregivers)
and describe our interview study with 18 participants. Finally, we discuss our findings based on the analysis of these
interviews and offer design considerations on how future ICTs could alleviate barriers and improve cooperation among
family and respite caregivers.

2 Related Work

In the United States, in 2014, about 35 million people offered care to older adults without payment, 60% of whom
provided care for loved ones with long-term health issues8. For primary family caregivers, taking care of their loved
ones is a long-term obligation, and it is linked to physical and/or psychological problems9.
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2.1 Respite care

Respite care allows family caregivers to have temporary relief and may help them maintain their role as primary
caregivers for a longer period. Through respite care, family caregivers can have a “time-out” from their caregiving
work temporarily, regularly, or in emergencies4. Professional or trainee caregivers could be considered formal respite
caregivers and can provide services in a care recipient’s home, primary caregiver’s home, a daycare center, a nursing
home, etc. Non-primary family caregivers such as friends, relatives, and neighbors could be considered informal
respite caregivers and most often provide respite care at someone’s home. In the context of in-home care, care provided
in one’s home, both formal and informal caregivers provide respite care that offers a broad range of care services such
as companionship, personal assistance with dressing, bathing, and toileting, helping with chores, and/or healthcare
services such as helping with medication10. Past studies on respite care have revealed its positive impact on the quality
of life of both caregivers and care recipients. Systematic reviews concluded that there is evidence that respite care
benefits both family caregivers and their care recipients11.

2.2 Trust & Information Sharing

To have this type of invigorating experience, caregivers must first recognize their need for respite services and permit
themselves to step out of their role as a caregiver temporarily12. In addition to recognizing their need for respite care
programs, they have to trust the individual care provider13. In the area of healthcare, research has focused on potential
factors that are associated with trust between patients and physicians and trust of medical systems and policies, as
well as the impacts of that trust14. Building trust is critical because patients who have higher trust in their physicians
have more satisfaction with treatment and show healthier behaviors and higher quality of life with fewer negative
symptoms15.

Information is one of the significant factors predicting respite care use. While trying out a new respite care ser-
vice, family caregivers might want respite caregivers to communicate with them proactively 5. Sharing information
among healthcare stakeholders has been studied, focusing on sharing between family caregivers and care profession-
als. Studies have revealed that family caregivers’ trust in professionals can be impacted by sharing information via
certain media (e.g., visit notes)16. Informal caregivers can perform the role of the monitoring and seeking up-to-date
information to support care themselves17. When there are multiple caregivers, information sharing by volunteer and
short-term caregivers also becomes helpful. Although they might not necessarily have medical expertise and do not
have shared history with a care recipient, they can often provide up-to-date information that can be used to facilitate
future caregivers’ interactions 18.

2.3 Research Gaps & Questions

The role of in-home respite care seems to be valuable for family caregivers’ well-being and health. However, theoret-
ical and practical informatics research has not focused much on these temporary and flexible aspects of care. It tends
to focus on longer-term care and/or the well-being of care recipients. Some care systems actually increase caregivers’
sense of burden by encouraging family caregivers to do more for care recipients6. A few studies have focused on
the link between caregivers who intervene temporarily and gaps in communication between those specific parties5,
while other studies have dealt with the benefits of respite care and the perspectives and experiences of caregivers13, 19.
Care Theory defines and specifies that care is helping someone with their basic needs; developing or sustaining basic
capabilities; and reducing suffering and pain for their survival and development, and the society’s reproduction20. This
definition does not explicitly acknowledge family caregivers’ need to take care of themselves. Our study focuses on
the temporary relationships and communication among caregivers in home contexts and how ICTs could support them.

Considering past research, we developed three research questions: (1) How do primary family caregivers of older
adults build trust and share information with other caregivers when they use – or try to use – in-home respite care?
(2) What information do in-home caregivers consider essential to share with other caregivers and vice versa? (3) How
could ICTs address issues and support trust building and information sharing between multiple caregivers for effective
care?
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3 Methods
3.1 Recruitment

Recruitment was conducted in the U.S. and began by contacting local retirement home communities, adult care facil-
ities, support groups, and agencies that offer respite care services via e-mails and flyers. We recruited 18 participants
(17 female, 1 male), which include primary family caregivers and respite caregivers of older adults. Their ages ranged
from 19 to 80. The family caregivers had experience in getting help from other caregivers and utilizing respite care.
Participation was open to adults of all age groups and genders. The Institutional Review Board of Indiana University
Bloomington approved this study.

3.2 Participants
3.2.1 Three types of caregivers

Based on the given information, we classified our participants into three types of caregivers. First of all, a primary
family caregiver (PriFam) is a person who takes primary responsibility to care for an older adult who cannot take care
of themselves fully. Second, a respite family caregiver (ResFam) is a secondary family caregiver of the care recipient
and supports the PriFam by helping with a diverse set of caregiving work and household chores. Third, a respite
professional caregiver (ResPro) is trained and hired to provide temporary respite care by helping with caregiving work
and household chores to give a break to the PriFam.

3.2.2 Background of participants

Among a total of 18 participants, there were seven PriFams, three ResFams, and five ResPros. Two participants had
provided care to older adults as both a PriFam and a ResPro. One participant had experience as both types of respite
caregiver (ResFam, ResPro). All of the ResPros in our participants were trained via a care-related educational program
and provided services to people they did not already know. Some of them were nursing students who worked as Re-
sPros part-time. Except for one participant (P15-PriFam, ResPro) who worked independently, all ResPro participants
worked through an agency or a care facility. PriFams were often spouses or children of the person receiving care. Most
of participants’ care recipients were older adults who have Alzheimer’s disease, dementia, or Parkinson’s disease, and
needed most help with some activities of daily living. Table 1 shows our participants’ information, including how
many years (yrs) of caregiving they had.

Table 1: Participant Information (F = Female, M = Male, PriFam = PF, ResFam = RF, ResPro = RP)

ID Age Gender Role Experience ID Age Gender Role Experience
P1 80 F PF 7 Yrs P10 23 F RP 2 Yrs
P2 80 F PF 3 Yrs P11 25 F RF 1 Yr
P3 20 F RP 4 Yrs P12 52 F RP 33 Yrs
P4 76 F PF 12 Yrs P13 64 F PF 3 Yrs
P5 23 F RF, RP 3 Yrs, 2 Yrs P14 57 F PF 5 Yrs
P6 28 F PF 13 Yrs P15 65 F PF, RP 2 Yrs, 40 Yrs
P7 53 F PF, RP 2 Yrs, 35 Yrs P16 21 F RP 1 Yr
P8 31 M PF 2 Yrs P17 23 F RP 3 Yrs
P9 19 F RP 1 Yr P18 23 F RF 2 Yrs

3.3 Data Collection

A semi-structured interview was conducted with each participant in person or via phone call. Each interview lasted
approximately an hour, and participants verbally consented to participation at the beginning of each interview. We
asked about their responsibilities, the challenges they faced, any experiences and thoughts on respite care, how they
cooperate and communicate with other caregivers, etc. All interviews were audio-recorded and transcribed.
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3.4 Data Analysis

For the PriFams, we looked at what barriers they face when they consider using respite care and what concerns they
had run into utilizing these services. We also looked at how they cooperate and share information with other caregivers,
and what they want to know if they are not at home, and other caregivers are taking care of their loved ones. For the
ResFams and ResPros, we focused on their relationship and communication with other caregivers. Using thematic
analysis21 and Dedoose, three researchers analyzed each sentence of the participants’ responses in the transcripts and
identified common themes (e.g., trust, resources, information sharing, personal health challenges, different caregiving
settings, availability of social support and informal care, capability to control situations and issues, caregiving activities
and services, and desired technology). Then, we finalized the codebook and achieved a high inter-rater reliability rating
(Cohen’s Kappa=0.87).

4 Results

From our interviews, we identified an ecosystem and stakeholders of in-home respite care, the importance and issues
of building trust, and disconnected communication channels among caregivers. After describing the contexts of care
that were discovered through our analysis, we illustrate the main issues with some quotations from our interviews.

4.1 The Ecosystem of Respite Care

We identified and defined five main stakeholders in the in-home respite care ecosystem: PriFams, ResFams, ResPros,
care agencies, and care recipients. Most of the participants, who were PriFams and had used respite care, found
ResPros because they need a break. They contacted agencies and/or asked their family members to provide temporary
help. They usually asked those respite caregivers to take care of their loved ones by helping them take medication,
staying with and watching them, talking with them, or helping with household chores. Some of them worked with
multiple respite caregivers. From the perspective of ResPros, most of them were hired for multiple care recipients.
Many ResPros worked for care agencies which assign them to particular clients based on their requirements (e.g., time,
what tasks they want to do). The agency replaces those ResPros if there is a last-minute time conflict or a ResPro is
otherwise unable to work.

In the following report of the results, we describe the challenges in fostering a trusting relationship between family
caregivers and respite caregivers. Then we identify the various ways disconnected communication among stakeholders
could hinder trust and relationship management.

4.2 Trust in Respite Caregivers

Most participants agreed that building trust among caregivers is crucial to cooperate and to provide better care to care
recipients.

P5(ResFam/ResPro): “It’s always good to communicate as fully as possible, especially since you are aware of
the short term that you have with that person. So to try to quickly build a rapport with that person then fill in
those gaps really helps.”

They acknowledged that building trust takes time. The longer a ResPro worked with a particular family, the more the
PriFams would trust them, and the less they would worry.

P16(ResPro): “I think the most difficult part for them is getting used to us. They know that they have people
coming in at all times ... But the hardest part for them is getting used to a new face, a new person.”

One ResPro observed the importance of being able to communicate both face-to-face and electronically during the
early phase of the relationship-building process. She has utilized a smartphone app to chat, send messages, and share
memos with PriFams.

P12(ResPro): “We want to make sure we have good relationships with families, and so it’s all about building
trust. You don’t start off that way when people start coming into our program. It gets built over time. ...
Sometimes people will tell you more in the chat or text message function rather than in person. ”

853



Once they have built enough rapport and trust, PriFams believe what their ResPro says and get used to the routine of
switching off care with them, even if that trust does not transfer over to other respite caregivers. For example, one
participant said that she saw her husband, who is a care recipient, and a ResPro built a good relationship over time. It
made her believe the ResPro does their job well. However, when they needed to have a different ResPro, she and her
husband felt this ResPro did not work as well.

On the other hand, most PriFams reported concerns around trust when discussing their perceptions and experiences
from the early stages of using respite care. Notably, the concerns were brought out primarily when PriFams were
considering new ResPros, while they rarely mentioned concerns about ResFams. The issues ranged from prior negative
experiences of respite care to mistrusting new respite caregivers.

4.2.1 Negative Experiences of Respite Care

Past experiences that are related to respite care and/or any other people’s care also influenced PriFams’ trust in respite
caregivers, especially in ResPros. If they and/or their care recipients had a prior negative experience (e.g., the ResPro
not treating the care recipient properly, causing a harmful situation, neglecting the care recipient, etc.), they hesitated
to use care services altogether.

P2(PriFam): “He needs to use the urinal, go to the bathroom at night. I have the urinal at the bedside, and I
always put it in a wastebasket ... But they didn’t give him a wastebasket and he set it on the bedside table and
tipped it over and it went down in the drawers and got all wet and a mess! ... I couldn’t trust them, I wouldn’t
hire the person.”

In addition to one’s own experience, others’ experiences could affect one’s intention to use respite care. While some
PriFams said they had hired ResPros because other people recommended them, others said they hesitated to use respite
care because they heard of bad experiences from other family caregivers.

P13(PriFam): “I’ve heard a lot of negative comments from [Company]. Especially when it comes to long-term.
You know, people not showing up, people being late, people being messy, the house not being left clean. All
sorts of little issues.”

In summary, we found that PriFams’ trust in respite care could be influenced by their own and/or others’ experiences
and reputations.

4.2.2 Mistrust of Strangers

Several PriFams discussed the difficulty of trusting new ResPros with their loved ones. Unlike ResFams who are
already known, new ResPros are strangers who are more likely to bring out mistrust at first. PriFams were concerned
about whether this new person treats care recipients well when the PriFams are not present. This mistrust led to worry
and stress and sometimes caused a PriFam to avoid ResPros altogether.

P6(PriFam): “I feel that nobody can take care of her as much as I will do. And I cannot predict what a stranger
can do. So I prefer to be available at all times to take care of her needs.”

P8(PriFam): “My biggest concern is her safety, is she doing well? Is she fine?”

In this regard, we found obstacles to building trust in the early stages of hiring ResPros. As P5 indicated, communi-
cating and sharing enough information between PriFams and ResPros from the beginning of respite care is critical to
building trust. However, there are communication breakdowns among stakeholders that might be associated with barri-
ers to building trust. In the following section, we describe disconnected communication channels among stakeholders
and what kind of information they each want to share.

4.3 Communication Breakdowns

Both family and respite caregivers utilized several communication mechanisms such as verbal conversation (e.g.,
face-to-face, phone call), paper messages (e.g., notebook, list, sheet), digital messages and logs (e.g., texts, e-mails,
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smartphone apps, social network services), or wearable devices (e.g., pendant for emergency). Depending on their
relationships, responsibilities, and available infrastructure, they use different methods to communicate. Through those
media, most of the participants tried to share their care recipients’ important information such as routines and up-to-
date information for providing better care. However, we found that there are a variety of communication breakdowns
and information gaps that led to a lack of understanding and trust among stakeholders and ultimately ineffective care.

4.3.1 Indirect Communication among Caregivers

PriFams and ResFams often had in-person or phone conversations with each other. ResPros who worked through an
agency had to follow that agency’s specific privacy protection protocols and rules, which limited the ways in which
they could communicate and share information with families. In this case, PriFams and ResPros did not always have
each other’s contact information and could only speak directly if they were in a home at the same time. Instead, the
agency acted as a communication mediator, relaying questions, information, and reports between the two parties. In
case of an emergency, ResPros usually contacted their agency and not the PriFams.

P10(ResPro): “I didn’t have much contact with the families. ... Mostly, if I had a problem, then I would call
the agency and then the agency would talk to the family or the client.”

The ResPros would like to communicate with PriFams directly and know the current conditions of the care recipient
before they start the respite care work. Thus, some PriFams keep detailed notes at home to hand over to the incoming
ResPros to assist with the transition of care.

P13(PriFam): “What we had was essentially a notebook. It was kept in our kitchen, and I would write on here,
“This is when she had her last medication,” or “It seems like she’s getting a cold. If she runs a fever, call me.””

However, some PriFams claim that they do not know whether the ResPros took the time to read their notes or follow
their instructions. Most importantly, PriFams would like to know up-to-date information to determine whether their
loved ones have gotten proper care from ResPros and if something unusual happens, especially if their care recipients
are not able to communicate clearly due to their impairments.

When PriFams have two or more ResFams and/or ResPros, there are more complex challenges in communications
among them. Although those respite caregivers take care of the same care recipient, they often work separately and
work in shifts. In the case of a group of ResPros, unless a ResPro knows the other caregivers personally, they usually
do not know who worked before their shift or who will work after. Also, the next person might not be told important
information, such as recent changes in their care recipient’s condition.

P16(ResPro): “Every caregiver is separate. I don’t even know who their previous caregiver was. ... It turned
out [care recipient] did have an allergic reaction ... she stopped breathing ... I had to take her to the hospital,
and I didn’t have that information prior to stepping into that shift.”

In general, PriFams expressed concerns about this indirect relationship, as did some ResPros who had at some point
experienced delays or gaps in communication. Young ResPros especially indicated they would prefer digital media
such as smartphone apps to share information with both other caregivers and the agency directly.

4.3.2 Ineffective Information Sharing of Care Agencies

Although respite care agencies are hubs connecting PriFams and ResPros, the agencies often do not provide sufficient
information to the PriFams and the ResPros. Many agencies only require families to share basic contact, demographic,
and health information about the care recipient (e.g., symptoms, medications, etc.). However, the ResPros all felt that
the information they received in certain instances was not sufficient. In addition to any up-to-date information, they
would like to know the details of their care recipients’ routines, preferences, mood swings, necessary precautions,
the PriFam’s knowledge of how to care for the care recipient’s conditions that are outside the scope of the ResPro’s
previous training.

Moreover, most of the agencies have not adopted ICTs that could facilitate information sharing among stakeholders
in these contexts. Indeed, only two ResPros recently used smartphone apps for caregiving work. One ResPro used
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an app provided by her agency for the sole purpose of scheduling and seeing information about assigned clients,
excluding the function of communication. Another ResPro of a different agency used an app also provided by her
agency to communicate with PriFams and a care management team of the agency. However, they mentioned that their
current apps are not sufficient to get information and communicate with other stakeholders. Although ResPros felt
that frequent and in-depth conversations with their PriFams and self-reported information would be most useful, they
mentioned that the apps were not well designed for many PriFams in terms of usefulness and usability.

To summarize our findings, both PriFams and ResPros consider building trust and sharing information essential and
ultimately want to provide better care to their care recipients. However, there are several hurdles to trust-building and
efficient and seamless communication between them.

5 Discussion

Our study found values and barriers of in-home respite care. Most participants in our study reported that trust be-
tween PriFams, ResPros, and care recipients is essential to commit to respite care services, consistent with previous
research13. As multiple people work together as a care team in a home to take care of one older adult, each individual
is inherently required to put cooperative efforts into caregiving work to provide efficient and effective care for their
care recipient22.

5.1 Values and Barriers of Respite Care

Again, respite care is advantageous to provide a break to PriFams, as many informal caregivers have burdens and need
a break4. It was clear that most of our participants who were PriFams also have experienced burdens and need help
and care from other people. Mostly, the participants of PriFams who can have ResFam(s) have cooperated effectively
and flexibly without many trust barriers or concerns. However, other PriFams, who cannot have ResFam(s) in their
living area, have hired someone or used care facilities to take a break or have time to do something else. Thus, for
them, the in-home respite care service could be a relatively more convenient, flexible, and cheaper option than other
long-term and residential care services.

There are many studies on in-home care addressing trust, communication, and information sharing among caregivers
and care recipients, and potential ICTs to support them22,5. However, to the best of our knowledge, the aspects and
contexts of temporary in-home care cooperation have not been clearly studied in the literature. In-home care literature
has focused on long-term, regular, or more professional aspects of care. Those long-term caregivers, family caregivers,
and experts are more likely to build trust and rapport and to improve their care quality as they accumulate experiences
with the PriFams and care recipients. Unlike those caregivers, ResPros need to get used to their new care recipient,
new PriFam, and new home but have difficulty building trust in such a short time. However, their role is crucial,
because they can give a break, which is needed for PriFams’ health, in a more flexible way than traditional long-term
care facilities. In this sense, mitigating the barriers and maximizing the value of respite care would be beneficial for
both PriFams’ and care recipients’ well-being. Based on our interview participants, we identified difficulties these
respite caregivers, especially ResPros, have experienced. Since they are hired, temporary and short-term caregivers,
they are more likely to: (1) keep making a “new” relationship with a new care recipients and PriFams; (2) keep
briefly learning how and what to care about with respect to their new care recipients and environment; (3) struggle
with communicating and sharing information with other caregivers; (4) experience difficulty in building trust from
PriFams; and (5) ineffectively cooperate with other caregivers. The current communication system of respite care
services have not fully considered these ResPros’ contexts and failed to fully enable the trust and rest of the PriFam.
Thus, new services should be more systematic in terms of information sharing and cooperation, focusing on the new
and temporary relationships, so that the service can gain and keep credibility and provide seamless and high-quality
care cooperation. In the following sections, we discuss our findings and propose design considerations for future ICTs
that would be potentially beneficial to support respite care.
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5.2 Different Phases & Needs in In-Home Respite Care

In our study, we focused on specific relationships and phases of in-home respite care. Previous research claimed that
interpersonal trust is established via repeated social interactions over time23. Even if a ResFam is a newbie, they could
have a more natural time building trust because of their established relationship with the PriFams and care recipients.
On the other hand, ResPros may have to provide care for an individual for a relatively longer time to build the same
level of trust. Most of the long-term caregivers in another study also reported positive relationships with professionals
who regularly come and share in their care routine24. New ResPros are more likely to be at the starting point of
building trust with the PriFams. In this new phase of a relationship, PriFams are more likely to have a lower level of
trust in the ResPros and want to check-in remotely on the caregiving session. Typical concerns might revolve around
whether a particular caregiving task is being performed well and the manner in which it is being delivered.

Future ICT systems to support cooperation among caregivers should consider these different relationships, phases, and
contexts. For example, in order to mitigate a new ResPro’s challenges (1) and (2), a system could allow PriFams to
save information about the history and routines of care recipients and their home environment and set goals for a new
visit. Then, the ResPro could know more about the care recipient and their work environment, including what and
how to provide care in advance. Once the ResPro has a relatively longer relationship with the client, the system could
allow the PriFam to provide occasional information about recent changes and urgent needs on that day. Moreover,
respite care is temporary care, and it could involve multiple and complex transitions among caregivers. Thus, the
future system should be designed to consider their different time period and form of transition.

5.3 Quick Alleviation of Entry Barriers of Respite Care

One of the PriFams’ concerns with new ResPros is how well they will take care of their loved ones. Especially in
the early stage of using respite care, previous experience, and mistrust of strangers are more likely to raise barriers
to use respite care. In this case, knowing others’ positive experiences could be useful in building initial trust. As
others’ experience and reputation influence one’s trust23, an agency or ResPro’s reputation can lower the barrier to
establishing trust.

Considering challenge (4), a profile, review, and matching system could be an obvious solution to help share rational
and appropriate information about ResPros to alleviate family caregivers’ concerns and mistrust in the early stages of
using respite care. Reviews are essential elements of evaluating trustworthiness on sharing platforms25. In the case
of respite care, a system needs to be able to help screen potential ResPros who might engage in risky behaviors such
as smoking, or have inappropriate attitudes toward a care recipient and caregiving work (e.g., impatience or laziness).
Such a system might be useful for care agencies to be more aware of the need to improve education and training for
the ResPros. PriFams’ needs for respite care vary depending on the care recipient’s condition and family caregivers’
capabilities. Using elements of social matching such as skills, preferences, and demographic features help match
people with instrumental support26. We suggest systems could help not only PriFams find suitable ResPros but also
help ResPros find care recipients and PriFams who match their experience level. For instance, someone might want a
person who can talk easily to the care recipient, while others might want a caregiver who can perform specific tasks
well. In this sense, matching ResPros with PriFams who have compatible preferences, needs, and communication
styles could be beneficial. Another way ICT could mitigate PriFams’ concerns could be a live check-in system. For
example, if PriFams want to check whether a respite caregiver has arrived at a home, stays with a care recipient, or is
doing certain tasks when they cannot be at home, they can set up a live check-in system to ask the respite caregiver to
press a button on a device or app to notify the PriFam an event has occurred. Elements of usability, including ease of
use, simplicity, and readability, could be essential considerations when designing the system so that caregivers in the
loop would not be overwhelmed.

5.4 Seamless Communications among Caregivers

We found disconnected communication channels that hinder seamless information sharing and trust-building among
PriFams and ResPros. Disconnection among those caregivers could negatively affect the overall efficiency and quality
of care. Through cooperative systems that mediate communication between the stakeholders of in-home care, infor-
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mation sharing helps caregivers to take swift action on tasks22. Therefore, facilitating well-connected communication
channels develop seamless information sharing, and eventually improve trust among caregivers and quality of care.

Using the live check-in system we suggested above, we suggest an online platform that incorporates both monitoring
and communication for all involved caregivers to mitigate the challenges (3) and (5). Such a system could integrate
smartphone apps, smart home systems, and wearable technology to provide live health status updates, share important
changes in the situations and needs, and monitor the progress of care. For instance, through the platform, a respite
caregiver can see a checklist of tasks a PriFam expects them to complete during their visit so that they can share
information about the relevant tasks and processes. They should also be encouraged to write a log entry answering
simple questions about the visit, such as what went well, what did not, and their advice and concerns.

In accordance with the needs identified in our study, a respite caregiver needs to learn and be able to manage the
routines of their care recipients as quickly as possible in the context of temporary care. Additionally, to reduce unnec-
essary information, future ICT platforms should be designed to deliver easy-to-understand essential tasks and cautions
as quickly as possible, including the degree of importance of each of them. Also, there should be a function that
provides essential information about their care recipients, such as what and when they need to take medications, their
routines, and what happened at the previous caregiving sessions. PriFams can provide information about medications
and basic routines, which they would otherwise have to share in person or in a shared notebook.

6 Conclusion

In this paper, we focus on understanding the trust and communication challenges among caregivers and exploring how
to solve those issues through future ICTs to improve the quality of in-home respite care. Our paper identifies and
describes the ecosystem of in-home respite care and brings attention to understudied caregiver groups. Focusing on its
temporary aspects, we offer novel insights on information that different caregiver groups want to share. Neither had
been given systematic treatment in prior theoretical and practical research. Our findings allow researchers to design
future ICTs based on how different caregiver groups share information and coordinate tasks in order to build trust.
Also, while previous research has focused on long-term care and relationships, our work has paid attention to in-home
respite care, a beneficial service that helps PFs receive temporary relief from the burdens of caregiving work. We have
uncovered the information needs that affect trust and relationships given the transient nature of respite care. Finally,
our work offers significant design implications for future ICTs. We suggest that the different levels of trust in different
relationships and phases must be taken into account when designing future ICTs. Also, we propose appropriate
communication systems for fostering the optimal quality of care and relationship building among stakeholders.

Future work could focus on other contexts (e.g., urban vs. rural areas, institution settings, specific health conditions,
etc.) or the perspectives of staff from respite care facilities. Also, as our sample size is small, and some participants
were recruited by snowball sampling, our sample might not be sufficiently representative of our target population.
Further study could be conducted by recruiting a larger, representative sample. Our future work will focus on designing
and deploying ICTs for building and maintaining trust and efficient information sharing among caregivers based on our
findings and implications. Ultimately, we aim to support the well-being of both caregivers and their care recipients.
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Abstract 

A bleeding event is a common adverse drug reaction amongst patients on anticoagulation and factors critically into a 

clinician’s decision to prescribe or continue anticoagulation for atrial fibrillation. However, bleeding events are not 

uniformly captured in the administrative data of electronic health records (EHR). As manual review is prohibitively 

expensive, we investigate the effectiveness of various natural language processing (NLP) methods for automatic 

extraction of bleeding events. Using our expert-annotated 1,079 de-identified EHR notes, we evaluated state-of-the-

art NLP models such as biLSTM-CRF with language modeling, and different BERT variants for six entity types. On 

our dataset, the biLSTM-CRF surpassed other models resulting in a macro F1-score of 0.75 whereas the performance 

difference is negligible for sentence and document-level predictions with the best macro F1-scores of 0.84 and 0.96, 

respectively. Our error analyses suggest that the models’ incorrect predictions can be attributed to variability in entity 

spans, memorization, and missing negation signals. 

Introduction 

In the US, atrial fibrillation (AF) affects 5.2 million mostly older Americans, with 12 million projected by 2050, 

commensurate with an increasing number of Americans living longer despite being affected by AF risk factors1. Nearly 

10% suffer a stroke within 5 years of an AF diagnosis2. AF therapy has also become more complex with the 

introduction of target specific oral anticoagulants (ACs)3. ACs help to reduce the risks of strokes but can have 

significant adverse effects, including major bleeding complications. Weighing stroke risk against the risk of bleeding 

from ACs is central to AF management for the current ~2.8 million Americans with AF who are eligible for AC 

therapy4,5. Available stroke and bleeding risk calculators were not developed to counter these challenges 

simultaneously4,6 and it remains challenging to advise older AF patients about AC since they are frequently at high 

risk for stroke and complications from AC, particularly bleeding7–9. 

In clinical text, a bleeding event can be identified by a phrase or word (e.g., hemorrhage, maroon stools) indicative of 

the escape of blood from the circulatory system. Bleeding events factor critically into a clinician’s decision to prescribe 

or continue AC for AF10. However, they are not captured well in the structured data of electronic health records (EHR), 

many are documented in the unstructured EHR notes11. In addition, although there are bleeding-related ICD codes (9 

and 10) and prediction scores, they lack details about severity (severe or mild), cause-related information (e.g., trauma, 

wrong dose, fall), and other characteristics (e.g., site – intracranial or gastrointestinal) that influence the decision to 

prescribe AC and choice of AC. Therefore, for patients with AF, we are evaluating different natural language 

processing (NLP) approaches on EHR notes to detect bleeding events and their complex attributes including anatomic 

site, alternative causes, medications, lab evaluations and severity. The new risk factors related to bleeding events 

extracted by such approaches would be helpful in improving the existing risk and benefit evaluation techniques for 

AC. 

Robust NLP approaches can be used to extract bleeding related information such as bleeding events, their anatomic 

sites, bleeding lab evaluations mentioned in the EHR notes and suspected alternative causes for bleeding. This 

extracted information can help the clinicians in making decisions while prescribing ACs to different patients. Despite 

various works on entity recognition for clinical texts12–14, the focus has been mostly for adverse drug events, heart 

 
* Equal contribution, alphabetically ordered. 
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disease, smoking, etc. To the authors’ knowledge, there has been no previous work regarding bleeding named entity 

recognition (NER) from patient EHR notes. Previously, we developed a binary classifier which, given a sentence from 

EHR, can predict whether it contains any bleeding event or not 15. However, the study does not detect the bleeding 

named entity, its site, medication etc. Hence, we decided to annotate EHR notes for different patients to mark the 

aforementioned information related to bleeding. In this paper, we explored multiple state-of-the-art end-to-end deep 

learning models for automated bleeding related entity detection from clinical text. We evaluated the models and 

compared their performance both qualitatively and quantitatively. We also provide a detailed error analysis to 

understand the instances where different models fail to extract the information.  

In summary, our contributions are threefold: (1) To our knowledge, this is the first work that explores various NLP 

approaches on the extraction of bleeding-related entities. (2) We compared three state-of-the-art machine learning 

architectures and reported thorough analyses. (3) Our detailed error analyses over different NLP techniques provide 

insights about factors critical to the development of efficient NLP models for any further research work in this area. 

Materials and Methods 

Models 

In this section, we will briefly explain the models used for this work. In particular, we chose three representative 

models based on their unique architectural differences and effectiveness for NER. These include the popular statistical 

modeling method for sequence labelling - CRF, a variation of widely used biLSTM-CRF architecture – LM-LST-

CRF and transformer-based architectures such as BERT, BioBERT etc. 

CRF 

CRF (conditional random field)16 is a widely-used probabilistic graphical model for sequence labelling tasks such as 

NER, parts of speech tagging, chunking etc.17–19 So, we chose CRF as our baseline model. In CRF, each feature 

function, fj, takes a sentence s, the position i of a word in that sentence, the label li of the current word and the label 

li−1 of the previous word as inputs. The final probability distribution for the tokens over the labels in CRF is given by: 

 𝑝(𝑙|𝑠) =
𝑒𝑥𝑝[∑ ∑ 𝜆𝑗

𝑛
𝑖=1

𝑚
𝑗=1 𝑓𝑗(𝑠, 𝑖, 𝑙𝑖 , 𝑙𝑖−1)]

∑ 𝑒𝑥𝑝[∑ ∑ 𝜆𝑗
𝑛
𝑖=1

𝑚
𝑗=1 𝑓𝑗(𝑠, 𝑖, 𝑙𝑖 , 𝑙𝑖−1)]𝑙′

 

 

( 1) 

 

 

Here λj is the weight assigned to each feature function fj, n is the number of words in the current sentence and m is the 

number of features considered. The above-mentioned variant is a special case of linear-chain CRF. 

LM-LSTM-CRF 

Previous work suggests that bidirectional LSTM (biLSTM) outperforms CRF in the clinical domain12. Hence, we 

decided to use a powerful biLSTM architecture, namely LM-LSTM-CRF20, which incorporates language modeling 

(LM) with biLSTM layers and adds a CRF layer on top. The system includes highway units after the character level 

LSTM layers, analogous to the fully connected (fc) layers after the convolutional layers in computer vision tasks. It 

follows a multi-task strategy where both the language and sequence labeling models are trained simultaneously, and 

predictions are made at the word level. The sequence labeling model has the following loss function: 

 ℒ𝒞ℛℱ = −∑𝑙𝑜𝑔𝑝(𝒚𝑖|𝒁𝑖}

𝑖

 
( 2) 

 

where, Zi = (zi,1,zi,2,...,zi,n) is the output of the word level LSTM for training instance (xi,ci,yi). Here xi is the i-th word, 

ci the list of all the characters of that word and yi the label for the word. On the other hand, the loss function for the 

language model is: 

 ℒℒℳ = −∑𝑙𝑜𝑔𝑝𝑓(𝒙𝑖)

𝑖

−∑𝑙𝑜𝑔𝑝𝑟(𝒙𝑖)

𝑖

 ( 3) 

This is a reversed-order language model, where pf  is the generation probability from left to right and pr is the generation 

probability from right to left. Combining equations 1 and 2, the final joint loss function becomes, 
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 ℒ = −∑(𝑝(𝒚𝒊|𝒁𝒊) + 𝜆 (𝑙𝑜𝑔𝑝𝑓(𝒙𝒊) + 𝑙𝑜𝑔𝑝𝑟(𝒙𝒊)))

𝑖

 ( 4) 

BERT 

BERT21 (Bidirectional Encoder Representations from Transformers) is a pre-trained language model which learns 

using semi-supervised objectives from large text corpus. Since its inception, BERT-based models have been shown 

to outperform earlier state-of-the-art models in multiple NLP tasks, including many clinical NLP applications22. Given 

any input token, BERT can provide an unsupervised and rich contextual representation. Leveraging this power of 

BERT, it is possible to add an additional linear classification layer on top and fine-tune the whole system for any 

downstream NLP task. We used three variants of BERT, vanilla BERT - using BERT-base released by the authors21, 

BioBERT23 - fine-tuned on biomedical corpora, and Bio+Clinical BERT24 - BioBERT fine-tuned on clinical data. 

Additionally, we used RoBERTa25, which has the same model architecture with differences in the pre-training stage.  

 
Figure 1. A brief description of all the 6 entity types. 

Table 1. Data Statistics. 

Entity Type Instances Average Span Length 

(word/instance) 

Prevalence in EHR 

notes (%) 

Prevalence in 

Sentences (%) 

Bleeding event 10232 1.49 100.00 8.26 

Bleeding anatomic site 3372 1.35 73.59 3.08 

Suspected alternative cause 3622 1.59 79.98 3.32 

Severity 3490 1.39 78.31 3.00 

Medication 8726 1.01 99.81 6.52 

Bleeding lab evaluation 3010 1.07 78.31 2.96 

 

Dataset 

With the approval from the Institutional Review Board (IRB) at the University of Massachusetts Medical School 

(UMMS)  and a Memorandum of Understanding (MOU) between the UMMS and Northwestern University , we 

annotated 1,079 de-identified EHR notes for six entity types with the help of 5 expert annotators supervised by 2 

senior physicians. These notes are de-identified discharge summaries from patients who received care at hospitals 

affiliated with Northwestern University. The cohort was made by selecting EHR notes for which an anticoagulant or 

bleeding event was mentioned in the EHR and at least one ICD-9 code related to cardiovascular diseases was 

mentioned in their structured tables. Each discharge summary was annotated by one of the 5 annotators and 

reconciliation was done by the senior physicians. Regular weekly meetings were held to maintain uniformity amongst 

the annotations. All six entity types and their relevant statistics are provided in Table 1 below. The ‘suspected 
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alternative cause’ entity has the highest average number of words per annotation followed by ‘bleeding event’. Figure 

1 shows definition and examples of each entity. 

Evaluation Metrics 

We use precision, recall and F1-score as evaluation metrics , which are commonly used in information extraction26,27, 

to compare the NER performance of our models. We report both micro and macro-averaged metrics. Micro-averaged 

metrics represent the performance of all instances whereas macro-averaged metrics help compare the performance by 

entity types. We consider both strict-matching (i.e., if both the span boundary and entity type match with that of the 

ground truth26), and relaxed-matching (i.e., if the span boundaries overlap and entity types match).  

Data Processing 

The dataset comprises a total of 1079 expert-annotated EHR notes. We used NLTK28 (Natural Language Toolkit) to 

split the EHR text into sentences and then tokenize them. We split the dataset into training (852 notes) and test (227 

notes) sets with an approximate ratio of 79:21. The BIO tag scheme29 was followed to generate the final corpus. 

Experimental Setup 

At first, we chose 198 EHR notes (approx. 18% of the whole dataset) from the training set as development set for 

tuning the hyperparameters and the rest were considered for final training. This process was repeated 3 times ensuring 

that each time the development set is different. Three instances of each model were run independently on these 3 

different train-development sets and the final reported results are averaged over the three runs. All the hyperparameters 

were tuned on the first development set only.  

We used sklearn-crfsuite30 package for the CRF model whereas PyTorch was used for LM-LSTM-CRF and all BERT 

variants. For CRF, we have used syntactic features such as the last 2 and 3 characters of a token, its parts of speech 

tag, case, it is a digit or not and semantic features  i.e. a concatenation of syntactic features of the previous two tokens. 

For LM-LSTM-CRF, after hyperparameter tuning, we chose stochastic gradient descent (SGD) as the optimizer with 

a final learning rate of 0.03. The dropout rate was 0.55 and the model was trained for 100 epochs. As pre-trained word 

embeddings we experimented with both GLOVE31 (100 dimensional) and biomedical (200 dimensional) word 

embeddings32. We also fine-tuned word embedding to analyze its effect on the model.  

For all the transformer based architectures like BERT variants and RoBERTa, we used the popular PyTorch library - 

Transformers33. Maximum sequence length was 512 with a learning rate of 5e-5. For each of these models, we 

initialized the weights from pretrained models, added a linear classification layer on top and fine-tuned it for 15 

epochs. Early stopping was used for selecting the final model for testing. All models were trained on Tesla V100 

GPUs except CRF. 

Results 

Table 2 shows the results on the test set for CRF, the best LM-LSTM-CRF model and the best BERT variant 

(BioBERT). ‘Medication’ and ‘bleeding lab evaluation’ yielded the best scores irrespective of the model. We 

hypothesize this is due to the fact that on average, both entities have a single word per annotation (1.01 and 1.07 

respectively, please refer to Table 1) and all the models do a good job at labelling single word entities. The third best 

performance was for 'bleeding event'. Though it does not have the least words per annotation number, it has a high 

number of annotations (10,220). Following the same trend, the worst performance was for the entity with the highest 

words per annotation count (1.6) – suspected alternative cause. Another reason behind this might be the challenges 

raised by the annotators for 'suspected alternative cause'. Even for human experts, it is difficult to properly identify 

the alternative causes for bleeding events. We will elaborate this in the “Error Analysis” section. 

Table 2. Model performance comparison on entity level. Each cell represents the tuple (precision, recall, F1 score). 

LM-LSTM-CRF achieves the best performance over the other two models. 

Entity Type CRF LM-LSTM-CRF BioBERT 

Bleeding event 0.83, 0.77, 0.80 0.76, 0.78, 0.77 0.74, 0.76, 0.75 

Bleeding anatomic site 0.71, 0.51, 0.60 0.74, 0.75, 0.74 0.72, 0.73, 0.72 

Suspected alternative cause 0.59, 0.23, 0.33 0.56, 0.43, 0.48 0.50, 0.43, 0.46 

Severity 0.71, 0.54, 0.62 0.67, 0.78, 0.72 0.66, 0.76, 0.71 

863



 

Medication 0.93, 0.91, 0.92 0.92, 0.94, 0.93 0.93, 0.88, 0.91 

Bleeding lab evaluation 0.83, 0.77, 0.80 0.80, 0.91, 0.85 0.82, 0.88, 0.85 

Micro 0.79, 0.64, 0.71 0.78, 0.79, 0.78 0.76, 0.76, 0.76 

Macro 0.75, 0.60, 0.66 0.74, 0.76, 0.75 0.73, 0.74, 0.73 

 

A comparison of three models unfolds that both deep learning models outperformed CRF by a large margin (e.g. 9% 

by LM-LSTM-CRF and 7% by BioBERT in macro F1). The only metric CRF excels at is precision i.e. CRF is more 

accurate than any other model when it predicts an instance as positive. At the same time, CRF misses many positive 

labels (low recall), resulting low F1 scores. Despite the use of various syntactic features, this is expected as CRF is a 

simple machine learning algorithm whereas LM-LSTM-CRF and BioBERT are deep-learning models, capable to 

capture the context and pattern of any sequential data without explicit feature engineering. LM-LSTM-CRF also 

includes a CRF layer at the top, which lets it leverage the power of both CRF and LSTM networks. Of the two deep 

learning architectures, LM-LSTM-CRF outperformed BioBERT, which is surprising as most works have shown the 

opposite34. We believe this is in part because of the maximum sequence length limit for BERT variants. Because of 

this hard constraint, sentences longer than the maximum length were truncated, which not only disrupted the context 

but also removed many gold label entities in the process. For example, our gold test set had 6,435 labeled entities 

whereas with a maximum sequence length of 512, the processed test set for BERT got 6,409 entities. In addition, 

training a language model in parallel with the sequence labelling task also helped LM-LSTM-CRF.   

Table 3. Entity level performance comparison for all BERT models. Each cell represents the tuple (precision, recall, 

F1 score). BioBERT and RoBERTa give the best performance. 

Entity Type BERT BioBERT Bio+Clinical BERT RoBERTa 

Bleeding event 0.72, 0.76, 0.74 0.74, 0.76, 0.75 0.72, 0.78, 0.75 0.75,0.76,0.75 

Bleeding anatomic site 0.72, 0.71, 0.71 0.72, 0.73, 0.72 0.73, 0.72, 0.72 0.76,0.70,0.73 

Suspected alternative cause 0.52, 0.40, 0.45 0.50, 0.43, 0.46 0.46, 0.41, 0.43 0.51,0.40,0.45 

Severity 0.66, 0.74, 0.70 0.66, 0.76, 0.71 0.63, 0.74, 0.68 0.68,0.73,0.70 

Medication 0.92, 0.89, 0.91 0.93, 0.88, 0.91 0.92, 0.89, 0.90 0.94.0.89.0.91 

Bleeding lab evaluation 0.81, 0.87, 0.84 0.82, 0.88, 0.85 0.78, 0.91, 0.84 0.83,0.85,0.84 

Micro 0.75, 0.75 0.75 0.76, 0.76, 0.76 0.74, 0.77, 0.75 0.77,0.75,0.76 

Macro 0.73, 0.73, 0.72 0.73, 0.74, 0.73 0.71, 0.74, 0.72 0.75,0.72,0.73 

 

Of all the BERT variants, BioBERT and RoBERTa have the best F1 scores (Table 3). However, BioBERT achieved 

slightly higher recall (Table 3), hence, we chose it for comparison with LM-LSTM-CRF. Despite being fine-tuned on 

the clinical data, Bio+Clinical BERT was underperformed by BioBERT. This is not surprising as Bio+Clinical BERT 

was fine-tuned only on one publicly available clinical domain (MIMIC III v 1.4) and this might limit its 

generalizability. On the contrary, BioBERT was fine-tuned on a wide range of biomedical domain corpora. Both 

Bio+Clinical BERT and vanilla BERT achieved similar F1 scores. For the remaining of the paper, we will detail the 

comparison of the best two models, i.e. LM-LSTM-CRF and BioBERT. 

Table 4. Sentence and note level performance comparison (F1 score). 

Entity Type Sentence Level Note Level 

LM-LSTM-

CRF 

BioBERT Baseline LM-LSTM-               

CRF 

BioBERT Baseline 

Bleeding event 0.8785 0.8761 0.1492 0.9985 1.0 1.0 

Bleeding anatomic site 0.8083 0.8043 0.0592 0.9454 0.9338 0.8478 
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Suspected alternative cause 0.6356 0.6371 0.0658 0.8838 0.8931 0.8734 

Severity 0.8902 0.8973 0.0609 0.9574 0.9642 0.8506 

Medication 0.9484 0.9388 0.1242 0.9985 0.9993 1.0 

Bleeding lab evaluation 0.8934 0.8976 0.0593 0.9575 0.9620 0.8506 

Macro 0.8424 0.8419 0.0864 0.9569 0.9587 0.9154 

 

We also evaluated how well the models perform on the sentence and document levels, as they are clinically more 

significant. It is more important to a physician to find out whether the patient has a bleeding event or not based on the 

entire EHR note, rather than caring about the exact span boundary of the extracted named entities.  Here, we define a 

sentence as positive for an entity type if it contains at least one token of that type. Given such a sentence, if a model 

labels at-least one token within the sentence as that entity type, we consider it as a correct classification. Based on this 

criterion, we calculated all the metrics for both LM-LSTM-CRF and BioBERT. To facilitate better understanding, we 

have also added the majority baseline classifier. For each entity type, the majority baseline classifier labels all the 

sentences as that type. We also extended this definition to note level and calculated the F1 scores for all entity types. 

We report these results in Table 4.  In both cases, LM-LSTM-CRF and BioBERT gave similar performance. 

Table 5.  Performance comparison for different matching criteria based on F1 scores. Here, Relaxed (O) refers to 

relaxed matching based on text overlaps while Relaxed (W) indicates word based relaxed evaluation.  Both relaxed 

matching criteria increased all the scores. LM-LSTM-CRF still outperforms BioBERT. 

Entity Type LM-LSTM-CRF BioBERT 

Exact Relaxed (O) Relaxed (W) Exact Relaxed (O) Relaxed (W) 

Bleeding event 0.7701 0.8682 0.8240 0.7483 0.8517 0.8078 

Bleeding anatomic site 0.7422 0.7803 0.7221 0.7226 0.7703 0.7390 

Suspected alternative cause 0.4845 0.5795 0.5117 0.4595 0.5749 0.5057 

Severity 0.7218 0.8363 0.7815 0.7052 0.8263 0.7820 

Medication 0.9315 0.9337 0.9307 0.9057 0.9076 0.9052 

Bleeding lab evaluation 0.8524 0.8539 0.8339 0.8495 0.8550 0.8440 

Micro 0.7823 0.8420 0.7934 0.7584 0.8252 0.7822 

Macro 0.7504 0.8087 0.7673 0.7318 0.7976 0.7640 

 

In addition to exact matching which is a strict evaluation, relaxed matching35 can also be used in entity recognition 

tasks to provide further insight. So, we decided to use relaxed matching criteria and compare the results with that of 

the exact matching. In particular we chose two variants - based on text overlaps36 and word based evaluation37 The 

results have been shown in Table 5 for LM-LSTM-CRF and BioBERT.  Relaxed matching based on text overlaps 

gave significant improvements for both models. For example, the macro F1 score of LM-LSTM-CRF and BioBERT 

increased by 5.83% and 6.58% respectively.  For word based relaxed matching, there was a 1.69% improvement in 

the macro F1 score of LM-LSTM-CRF and a 3.22% improvement for BioBERT. Since CRF calculates the joint 

probability over the labels of the whole sequence, it assists LM-LSTM-CRF to perform better than BioBERT for both 

relaxed matching evaluations.  

Discussions 

Error Analysis 

We manually analyzed cases where the models (LM-LSTM-CRF and BioBERT) made wrong predictions, we noticed 

four main patterns: 

865



 

1. We noticed inconsistent annotations in terms of entity span boundaries. For example, given the phrase “acute 

bleeding”, the complete phrase was annotated as a bleeding event in one note whereas only the word 

“bleeding” was annotated in another note.  Given the variability in the entity annotations, it is often difficult 

for the models to predict the exact spans. This is also confirmed by the improvements in the model 

performances when a relaxed text matching scheme was applied compared to the exact matching. In cases 

like these, the models mostly developed an idea of the entity type but were often struggling with the exact 

text span, leading to a low exact matching score. 

2. The models memorized tokens which were prevalent in the training corpus. For example, in our dataset, 

‘bleeding lab evaluation’ and ‘severity’ were annotated only if the corresponding lab test value is not within 

the normal range. Usually, for every ‘bleeding lab evaluation’ annotation, there is a ‘severity’ annotation 

within the same sentence. Due to memorization, the models labelled any mention of lab tests related to 

bleeding as ‘bleeding lab evaluation’. Moreover, any nearby token with numerical values was labelled as 

‘severity’. All these generated many false positives.  

3. One other aspect where the models failed was to handle the negations, possibly due to a small number of 

negated sentences in the training data. For example, the token ‘bleeding’ in ‘No source of bleeding’ was 

labelled as a ‘bleeding event’ by BioBERT. Similarly, ‘Coumadin’ in ‘Not a candidate for Coumadin’ was 

labelled as ‘medication’ by LM-LSTM-CRF. This is also partly due to memorization.  

4. Finally, entity type ‘suspected alternative causes’ was the most difficult category for the models to learn. It 

might be attributed to a couple of factors. Firstly, it requires domain knowledge and contextual information, 

which makes it a challenging task even for the annotators. For example, portal hypertension (HTN) can cause 

esophageal varices (EV) which can cause GI bleeding, resulting in bloody stools. Similarly, 

thrombocytopenia (low platelet count) interferes with proper blood clotting, which can lead to bleeding 

events. Because these conditions are not the immediate reasons for bleeding, all annotators may not 

necessarily decide to associate them with the relevant bleeding event(s). Secondly, ‘suspected alternative 

causes’ has the highest entity span with an average span length of 1.59 (refer to Table 1), contrast to 1.26 for 

other entity types. This makes it difficult for the models to predict the correct spans. 

Ablation with LM-LSTM-CRF 

In this section, we experimented with different word embeddings for LM-LSTM-CRF. As can be seen from Table 5, 

language modeling (LM) improved the model performance (No LM refers to no language model) which proves the 

effectiveness of the joint learning setup in this architecture. Quite surprisingly, biomedical word embeddings did not 

help (row 1 and row 3) compared to GLOVE. However, models using biomedical embeddings had significantly higher 

precision scores implying these models were more confident at detecting the correct entities. But low recall scores 

resulted in an overall decrease in F1 scores. We also fine-tuned the biomedical word embeddings, but the result was 

almost the same as before (row 3 and row 4). 

Table 6. Effect of LM and Word Embedding on LM-LSTM-CRF 

Model Macro Precision Macro Recall Macro F1 Score 

LM+GLOVE 0.7431 0.7638 0.7504 

No LM+GLOVE 0.7371 0.7428 0.7383 

LM + Biomedical 0.7486 0.7386 0.7399 

LM + Biomedical* 0.7684 0.7209 0.7384 

* Word embeddings were fine-tuned 

Model Performance with Data Size 

Regardless of the task domain, in a supervised learning setup the training data size always plays a vital role in the 

performance of deep learning models. Even with transfer learning, model with a bigger dataset often outperforms 

itself when trained on a smaller dataset. So, in this experiment we tried to explore how the data size affects the NER 

task in the healthcare domain. Figure 2 shows the performance of LM-LSTM-CRF model with different training data 

sizes. As the amount of training data is increased (x axis on Figure 2), both the test and dev scores improve. This 

strongly suggests that the model’s performance has not reached the upper bound yet and with more training data it is 
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possible to achieve a better performance. We also observed the same trend with the BERT models. This is an indication 

that the lack of sufficient labeled data is a crucial bottleneck in our task. 

 
Figure 1. Effect of data size on model performance. 

Conclusion 

In this work, we explored several popular architectures and evaluated their effectiveness for bleeding entity detection 

task on a novel EHR dataset. To the author’s knowledge, this is the first work on bleeding entity recognition from 

EHR notes. We found that on token-level BERT-based models performed worse than a biLSTM-CRF model with 

language modeling. Further experiments suggest that BERT models are more context-driven and hence work better 

on sentence and note level. Moreover, the scores can be significantly improved with an increase in the training data. 

Additional error analyses show that most of the deep learning models’ wrong predictions can be linked to inconsistent 

span boundary, memorization, negation, and higher span length. 

In future, we hope to explore span-based approaches38,39 for entity recognition. We believe Recurrent Transformer40 

and hierarchical BERT41 may solve the sequence length limitation of BERT. We will also try distant supervision which 

might be a solution to the scarcity of labelled data. Another direction worth exploring is to utilize additional domain 

specific contextual features.  
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Abstract Answering many of the research questions in the field of cancer informatics requires incorporating and
centralizing data that are hosted by different parties. Federated Learning (FL) has emerged as a new approach in
which a global model can be generated without disclosing private patient data by keeping them at their original
location. Flexible, user-friendly, and robust infrastructures are crucial for bringing FL solutions to the day-to-day
work of the cancer epidemiologist. In this paper, we present an open source priVAcy preserviNg federaTed leArninG
infrastructurE for Secure Insight eXchange, VANTAGE6. We provide a detailed description of its conceptual design,
modular architecture, and components. We also show a few examples where VANTAGE6 has been successfully used
in research on observational cancer data. Developing and deploying technology to support federated analyses – such
as VANTAGE6 – will pave the way for the adoption and mainstream practice of this new approach for analyzing
decentralized data.

INTRODUCTION

Answering many of the questions in the field of cancer informatics (and in health care in general) often requires
incorporating data that are located at different sources. Distinct parties could have the same features of different
patients (i.e., horizontally-partitioned data, Fig. 1a) or could have different features of the same patients (i.e., vertically-
partitioned data, Fig. 1b). Integrating these types of data can increase the volume of patients and the number of
features available for analysis, respectively. Typically, this is done by generating a copy of each dataset at its source
and delivering them to a trusted party (such as the researcher or principal investigator). The latter is responsible for
storing, merging, and analyzing the combined data. However, this centralized approach is undesirable due to several
organizational, operational, and political challenges1, such as loss of data control, logistics of data transmission, and
data governance. More importantly, centralizing data poses heavy concerns regarding the protection of patient data
privacy. Regulatory bodies have started implementing laws ruling responsible data use and management, such as the
General Data Protection Regulation (GDPR, 2018) in Europe2, 3 and the California Consumer Privacy Act (CCPA,
2020) in California, USA3.

(a) Horizontally-partitioned data: parties have
the same features of different patients

(b) Vertically-partitioned data: parties have
different features of the same patients

Figure 1: Graphical representation of data partition in FL
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Federated learning (FL) has emerged as a technology with the potential to overcome these limitations4 The general
idea behind it is that instead of sharing sensitive (patient) data, sites run computations on their local data, yielding
either aggregated parameters or encrypted values. These are then shared to generate a global (statistical) model. This
way, different parties can collaborate while making sure that the original data are kept undisclosed and safe at their
original location5–7. In other words, instead of bringing the data to the algorithms, FL brings the algorithms to the
data.

To date, FL has been used successfully in numerous cases5, 7–9. However, in order to increase the adoption and
mainstream practice of FL solutions, they required a proper infrastructure to support them. While there are a few
open-source infrastructures that support FL systems, they present a few shortcomings8, 10. For example, although
DataSHIELD was developed with the needs of the cancer researcher in mind11, it restricts him/her to a single lan-
guage (R) and to a pre-defined library of functions/algorithms. Similarly, Facebook’s CrypTen bounds the researcher
to PyTorch (i.e., Python) and does not support all operating systems (e.g., Windows). Initiatives such as Open Mined’s
PySyft12 and Google’s TensorFlow Federated13 do not support vertically-partitioned data. A robust infrastructure ca-
pable of overcoming these challenges while at the same time remaining flexible and user-friendly is a key aspect for
bringing FL to real-life scenarios.

In this paper, we present our priVAcy preserviNg federaTed leArninG infrastructurE for Secure Insight eXchange –
VANTAGE6, an open source platform for FL. First, we provide a description of the considerations that we fol-
lowed during VANTAGE6’s development, including autonomy, heterogeneity, and flexibility, the latter which allows
VANTAGE6 to deal with horizontally- and vertically-partitioned data. Then, we describe in detail its architecture,
emphasizing the structure and functionality of its building elements, which allow the users to easily implement func-
tions or algorithms in any (open source) programming language of their choice (capable of sending an HTTP request).
Afterwards, we enlist different applications where VANTAGE6 has been successfully utilized in the field of cancer
informatics, including a few potential future use cases. We proceed to outline the media and outreach channels that
we have established for the VANTAGE6 community. Lastly, we close the paper our overall conclusions.

CONCEPTUAL DESIGN

Before describing the architecture of VANTAGE6, we need to outline a few concepts. We define a party as an entity
that takes part in one (or more) collaborations. We define a collaboration as an agreement between two or more parties
to participate in a study (i.e., to answer a research question). Moreover, there are a three fundamental functional aspects
of FL infrastructures that are worth describing (and that are often overlooked8):

Autonomy. All involved parties should remain independent and autonomous. In practice, this translates to each
party being in charge of the control and management of their own data, without the need of the infrastructure itself to
do so. Furthermore, each party should be able decide with how much of its data will contribute to the solution of the
collaboration’s global model (e.g., number of patients) and which algorithms will be allowed to be executed.

Heterogeneity. Parties should be allowed to have differences in hardware and operating systems. FL systems should
also enable collaborations among parties of different nature (e.g., between a registry and a biobank or between hospitals
of different countries). Not only does this diversity have the potential to enrich the data to answer the question at hand,
but also allows posing and answering more distinct, interesting research questions.

Flexibility. Related to the latter, a FL infrastructure should not limit the use of relevant data. The research question
might need either horizontally- or vertically-partitioned data (Fig. 1) to be answered. The supporting FL system should
be able to handle these two (very different) scenarios.

We incorporated these characteristics into VANTAGE6’s design from the very beginning, as described in the following
section.
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ARCHITECTURE

VANTAGE6 uses a client-server model, which is shown in Fig. 2. In this scenario, the researcher can pose a question
and using his/her preferred programming language, send it as a task (also known as computation request) to the (cen-
tral) server through function calls. The server is in charge of processing the task as well as of handling administrative
functions such as authentication and authorization. The requested algorithm is delivered as a Docker image to the
nodes, which have access to their own (local) data. When the algorithm has reached a solution, it is transmitted via the
server to the researcher. A more detailed explanation of these components is given as follows.

Party 1

Server

Party N

Node

Node

Data

Data

…

Researcher

Figure 2: General diagram of the basic components of VANTAGE6. More detailed schematics of the server and nodes
are shown in Fig. 3 and 5, respectively

Researcher

First, the researcher defines a question. In order to answer it, (s)he identifies which parties possess the required data
and establishes a collaboration with them. Then, the parties specify which variables are needed and, more importantly,
they agree on their definition. Preferably, this is done following previously established data standards suitable for the
field and question at hand. Moreover, it is strongly encouraged that the parties adhere to practices and principles that
make their data FAIR (findable, accessible, interoperable, and reusable)14.

Once this is done, the researcher can pose his/her question as a task to the server in an HTTP request. VANTAGE6 al-
lows the researcher to do so using any platform of his/her preference (e.g., Python, R, Postman, etc.). The request
contains a JSON body which includes information about the collaboration and the party for which the request is in-
tended, a reference to a Docker image (corresponding to the selected algorithm), and optional inputs (usually algorithm
parameters). By default, the task is sent to all parties.

VANTAGE6’s processing of the task (i.e., server and nodes functionality) occurs behind the scenes. The researcher
only needs to deal with his/her working environment (e.g., Jupyter notebook, RStudio).

Once the results are ready, the researcher can obtain them in two ways: on demand (i.e., polling), or through a
continuous connection with the server where messages can be sent/received instantly (i.e., WebSocket channel). Due
to its speed and efficiency, the latter is preferred.
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Server

Figure 3 shows a more detailed diagram of VANTAGE6’s server. First, the server is configured by an administrator
through a command line interface. The server’s parameters (e.g., IP, port, log settings, etc.) are stored into a configu-
ration file. The latter is loaded when the server starts. Once the server is running, entities (e.g., tasks, users, nodes) can
be managed through a RESTful API. Furthermore, a WebSocket channel allows communication of simple messages
(e.g., status updates) between the different components. This reduces the number of server requests (i.e., neither the
researcher nor the nodes need to poll for tasks or results), improving the speed and efficiency of message transmission.

The server is also a good place for hosting a private registry of Docker images (although any Docker registry can be
used) together with its corresponding RESTful API. The Docker images correspond to the algorithms’ implementa-
tions, which are delivered to the nodes, where they are executed. VANTAGE6 also allows the researcher to upload
its own Docker images (i.e., algorithms) to the registry. However, in order to be executed, all Docker images must be
approved by the involved nodes (i.e., parties). This way, parties can autonomously decide which algorithms are al-
lowed to have access to their data. Additionally, in order to verify that the pulled container corresponds to an approved
image, VANTAGE6 uses Docker Notary (a digital seal for publishing and managing trusted collections of content).

RESTful API WebSocket

Researcher Node

Server 
DB

Command line 
interface

Docker 
registry

RESTful API
(Docker)

Conf. 
files

Central 
server

Server

Figure 3: VANTAGE6’s server. An administrator uses the command line interface to configure and start the server.
After the server loads its configuration parameters (which are stored in a YAML file), it exposes its RESTful API. It is
worth noting that the central server’s RESTful API is different from that of the Docker registry.

The central server also stores metadata and information of the researcher (user), parties, collaborations, tasks, nodes,
and results. Figure 4 shows its corresponding database model.

Parties

Users

Collaborations

Tasks Results

Nodes

Figure 4: Database model of the central server (Fig. 3). The users are always members of a party, which can participate
in multiple collaborations. Within a party, users can have different roles (e.g., an administrator is allowed to accept
collaborations). For each collaboration a party takes place in, it should create a (running) node. Tasks are always part
of a single collaboration and have one or multiple results. In turn, results are always part of a single task and node.
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Node(s)

In order to host a node, the parties need to comply with a few minimal system requirements: Python 3.6+, Docker
Community Edition (CE), a stable internet connection, and access to the data. Figure 5 shows a more detailed diagram
of a single VANTAGE6 node.

In this case, an administrator uses a command line interface to configure the node’s core and to start the Docker
daemon. We can think of the latter as a service which manages Docker images, containers, volumes, etc. The daemon
starts the node’s core, which in turn instructs the daemon to create the data volume. The latter contains a copy of the
host’s data of interest. It is in this moment when the party can exert its autonomy by deciding how much of its data will
it allow to contribute to the global solution at hand. After this step, all the pieces are in place for the task execution.

The node receives a task from the server (which could involve a master or an algorithm container) and executes it
by downloading the requested (and previously approved) Docker image. The corresponding container accesses the
local data through the node and executes the algorithm with the given parameters. Then, the algorithm outputs a
set of (intermediate) results, which is sent to the server through the RESTful API. The user or the master container
collects these results of all nodes. If needed, it computes a first version of the global solution and sends it back to
the nodes, which use it to compute a new set of results. This process could be iteratively until the model’s global
solution converges or after a fixed number of iterations. This iterative approach is quite generic and allows flexibility
by supporting numerous algorithms that deal with horizontally- or vertically-partitioned data5.

It is worth emphasizing that the data always stay at their original location. It is only intermediate results (i.e., aggre-
gated values, coefficients) that are transmitted, which immensely reduce the risk of leaking private patient information.
Furthermore, all messages (node to node, node to user) are end-to-end-encrypted, adding an extra layer of security. It
is also worth mentioning that the parties hosting the nodes are allowed to be heterogeneous: as long as they comply
with the minimal system requirements, they can have their own hardware and operating system.

Docker
daemon

Command 
line interface

Conf. 

files

Node

Line 
proxy

Core

Algorithm 
containers

Server

WebSocket

RESTful API
(Docker)

RESTful API

Data 
volume

Master 
container

Party

Local 

data

Figure 5: A party hosting a VANTAGE6 node. The party needs to have Python 3.6+, Docker Community Edition
(CE), a stable internet connection, and access to its data. Similarly to the server’s case, the node’s configuration
parameters are stored in a YAML file. It is worth emphasizing that the node only transmits to the server a set of
aggregated values (i.e., coefficients) – the party’s data never leave their original location.
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APPLICATIONS & FUTURE WORK

We have used VANTAGE6 as a backbone of several projects that have been implemented and deployed successfully.
For example, there is a huge difference in incidence of oral cavity cancer between the Netherlands and Taiwan. We
hypothesized that different risk factors and treatment expertise could result in survival differences between these
two countries. Unfortunately, due to legal and regulatory reasons, performing a centralized analysis using combined
data from both parties was not possible. In collaboration with the Taiwan Cancer Registry, we investigated prognostic
factors for survival of oral cavity cancer patients in the Dutch and Taiwanese populations. We did so by implementing a
federated Cox Proportional Hazards algorithm for horizontally-partitioned data15 on VANTAGE6. Without exchanging
information at a patient-level, we found that the outcomes of patients treated in both countries were slightly but
significantly different16.

In another project, we were interested in investigating the impact of pathological synoptic (i.e., structured) report-
ing on Dutch prostate cancer patients. We believed that patients that received pathological synoptic reporting would
present more favorable outcomes that patients that did not. In collaboration with the Nationwide Network and Reg-
istry of Histo- and Cytopathology (PALGA), we implemented a federated logistic regression for vertically-partitioned
data17 on VANTAGE6. Using the developed (federated) model, we found that pathological synoptic reporting had a
consistent positive relation to patient survival18.

Furthermore, we are actively using VANTAGE6 for FL analyses in other collaborations. For instance, we are compar-
ing the survival of Dutch and Italian rectal cancer patients using a federated implementation of the χ2 test. Moreover,
we are also using VANTAGE6 as the core for developing secure-multiparty-computation-based solutions for survival
analysis of vertically-partitioned data. Our future work will be focused on expanding the set of tools (i.e., algorithms)
available for FL analyses. In order to help the parties evaluate the quality of their data, we are also interested in
implementing a stage of data verification at the nodes.

These examples show how VANTAGE6’s main focus and motivation is the support and development of FL projects.
However, its architecture and modular components allow different types of applications, namely using it as a FAIR
data station and as a model repository (Fig. 6). In the first case, VANTAGE6 would require setting up the server and
a single node. Provided that the hosting party has taken care that its data are FAIR14, researchers could easily query
the node (within the limits set by the data provider) through an API interface. In the second case VANTAGE6 could
function as a repository of a pre-computed model. In this case, access to the data is no longer required. The node
could host the model and the researcher could query it (also through an API) to obtain predictions of interest.

Server

Researcher

Node

Model host

Model

API

Data host

Node

FAIR data

Figure 6: Besides serving as the backbone for FL projects, VANTAGE6’s architecture and modular components
allow for different potential use cases: FAIR (findable, accessible, interoperable, and reusable) data station and host
of a pre-computed model. In both cases, the researcher can access the object of interest through an API interface.
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In the Netherlands, FL has taken the shape of the so-called Personal Health Train, a network of health care and research
institutes with health data from various sources. In this analogy, different parties (i.e., the stations) can answer their
research questions (i.e., the trains) collaboratively by exchanging aggregated data and/or statistics. In this framework,
VANTAGE6 serves as the backbone (i.e., the railways) upon which different projects will be developed on.

Lastly, it is worth noting that although VANTAGE6 was originally conceived and developed to be utilized in oncology,
it can be easily adapted and extended to be used in other fields of health care or even outside of it, such as finance,
education, and urbanism6.

SUPPORT & COMMUNITY

We want to make VANTAGE6 an accessible and easy-to-use infrastructure for the FL field. To this end, we have
built several services and communication channels to support users in setting up their own FL projects as quickly and
efficiently as possible.

We have created and maintain a website for VANTAGE6, https://vantage6.ai/. Here, we provide a general
overview of the infrastructure. More importantly, it serves as a hub for other useful resources. For instance, we
maintain a blog, where we publish release notes, updates descriptions, and posts that are relevant for the community.
It also hosts the corresponding documentation, which describes in detail how to install VANTAGE6, how to configure
the server and nodes, how to use the RESTful API and WebSockets, and how to create new tasks and algorithms which
can be tailored to the specific needs of the users. The website also links to VANTAGE6’s Github repository19, where
the users can access the source code, submit contributions, and report issues.

Lastly, we have also created a Discord server. Its purpose is to encourage communication, interaction, and support
between VANTAGE6’s users.

We hope that these platforms will serve as a cornerstone upon which a VANTAGE6 community will be built around.
Furthermore, we also hope that the community will help us grow and improve VANTAGE6 in the near and long-term
future.

CONCLUSIONS

In this paper, we presented our priVAcy preserviNg federaTed leArninG infrastructurE for Secure Insight eXchange,
VANTAGE6. It is a flexible, versatile platform capable of dealing with horizontally- and vertically-partitioned data
that allows for parties’ autonomy and heterogeneity. Its architecture uses Docker containers at its core, making it
extremely flexible for researchers to implement a function or algorithm of their choice. Currently, it supports model
aggregation and cryptographic privacy mechanisms.

We provided a few examples of FL projects where VANTAGE6 has been successfully utilized in the field of cancer
informatics. However, VANTAGE6’s use can extend beyond oncology and even outside health care.

Lastly, we enlisted the services and communication channels that we have established to help build and grow the
community around VANTAGE6. Developing technology to support FL (such as VANTAGE6) will pave the way for
the adoption and mainstream practice of this new approach for analyzing decentralized data.
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Abstract 

Objectives: Characterize key tasks and information needs for heart failure disease management (HF-DM) in the 
distinct care setting of skilled nursing facility (SNF) staff in partnership with community-based clinical 
stakeholders. Develop design recommendations contextualized to the SNF setting for informatics interventions for 
improved HF-DM in the SNF setting. Methods: Semi-structured interviews with fifteen participants (registered 
nurses, licensed practical nurses, certified nursing aides and physicians) from 8 Denver-metro SNFs. Data coded 
using a data-driven, inductive approach. Results: Key tasks of HF-DM: symptom assessment, communicating 
change in condition, using equipment, documentation of daily weights, and monitoring patients. Themes: 1) HF-DM 
is challenged by a culture of verbal communication; 2) staff face knowledge barriers in HF-DM that are partially 
attributed to unmet information needs. HF-DM information needs: identification of HF patients, HF signs and 
symptoms, purpose of daily weights, indicators of worsening HF, purpose of sodium restricted diet, and materials to 
improve patients’ understanding of HF. Discussion and Conclusions: HF-DM information needs are not fully 
supported by current SNF information systems.  

Background and Significance 

Despite the high health care spending on patients with heart failure (HF), patients remain at high risk of 
hospitalization, activity-limiting symptoms including chest pain and shortness of breath, and death.1 In the United 
States, the mean cost of a HF-related hospitalization exceeds $20,000 and risk of death within 5 years is 
approximately half.1 Heart failure disease management (HF-DM) practices -- monitoring body weight and HF-
related signs and symptoms, administering medications, and a sodium restricted diet -- are recommended by the 
American Heart Association and the Heart Failure Society of American to detect worsening HF, improve symptom 
management, and improve outcomes of patients with HF in skilled nursing facilities (SNF)1,2. Evidence shows that 
performing HF-DM practices as described by clinical guidelines can decrease mortality rates, decrease hospital 
admission rates, and improve quality of life for HF patients by relieving symptoms1-3. However, within the SNF, 
quality of HF care is highly variable and HF-DM practices are applied inconsistently4,5. This may be due in part due 
to high variability in  information systems in SNFs, which represent a unique clinical context that is distinct from 
other care settings6. 

Heart Failure Disease Management in Skilled Nursing Facilities 

Clinical practice guidelines recommend monitoring for changes in body weight and changes in symptoms because 
these early warning signs can alert staff and physicians to worsening HF, prompt early intervention, and may help 
patients avoid hospitalization2,7,8. Signs and symptoms helpful in detecting worsening HF are shortness breath, chest 
pain, lower extremity edema, paroxysmal nocturnal dyspnea (PND), orthopnea (shortness of breath while lying flat), 
and jugular vein distention (JVD). However, among SNF patients, frequency of monitoring body weight and HF-
related signs and symptoms are below recommended guidelines9. SNF staff and physicians face a unique set of 
barriers in striving to improve HF care: patients are older and more medically complex often with cognitive 
impairment with frequent and challenging transitions of care with documentation deficits, and the clinical 
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environment lacks specific disease management programs and protocols to follow.8  By self-report, SNFs indicate 
low frequency and highly variable adherence to recommended monitoring HF-DM practices with wide variation 
between facilities4. Quinn et al. found that, of 50 surveyed facilities, only 15% reported measuring weights of HF 
patients daily4. SNF staff also report a lack of processes and protocols to help track and monitor patients with HF, 
including weight monitoring10. 

SNF settings are characterized by highly variable technology use, accessibility, and integration of technology 
surrounding care activities11. As a result, many SNFs face low information technology sophistication which can 
negatively impact efforts to improve HF-DM practices11,12. Orr et al. identified barriers to HF care in SNFs and 
several would be improved with an informatics approach: communication deficits, especially around transitions of 
care, lack of staff training in communicating change in condition, lack of disease management programs and 
protocols, and finally, a need for standardized monitoring to capture and alert staff to worsening HF.8 Clinical 
guidelines that are well-integrated into an information system as a CDS feature can prompt care practices and 
support clinical decision-making13. However, many nursing home information systems primarily focus on 
administrative rather than clinical decision support features14. For example, only a small percentage of all SNF 
information systems support documentation features for monitoring exercise intolerance, helpful for clinical 
decision support and a key symptom of HF15.  

SNFs do not have sufficient information resources and technology to support evidence-based HF-DM practices to 
improve patient outcomes. Therefore, the objective of this qualitative descriptive study16 was to identify the HF-DM 
information needs of SNF staff and physicians to inform design requirements for SNF information technology that 
supports HF-DM practices. For purposes of this work, we define an information need as information that a person 
needs in order to know, learn, or do something better, which is unsupported by current information systems17.  

Materials and Methods 

Design 

We employed a community-based approach and qualitative descriptive study design 16 to engage clinicians about 
their information needs for heart failure management in the SNF setting. Community partnership contextualized and 
tailored our approach to the SNF setting to optimize utility of our findings 18,19. Interview data were analyzed by 
multiple coders using a data-driven, inductive analytic approach20. Design recommendations were identified by 
participants and the research team based on information needs and participant-identified problems.  

Community Engagement 

Two mechanisms of community-engagement were used in this study. One mechanism was a community-academic 
partnership between the Colorado Medical Directors Association and the University of Colorado School of 
Medicine; the other was the Post-Acute and Long-Term Care Stakeholder Advisory Board21. The community 
partners of the community-academic partnership provided their expertise during weekly meetings throughout the 
study period. The Stakeholder Advisory Board is a group of nursing home community stakeholders—providers, 
nursing staff, activity directors, social workers, patient advocates, regulators, ethicists, researchers, family and 
friends of residents, and residents themselves—helping post-acute and long-term care researches improve the 
feasibility of their protocols and usefulness and value of their results. Stakeholders were critical in the development 
of the interview guide and the discussion of results.  

Setting 

A convenience sample of SNF staff and physicians were recruited via the community-academic partnership. Each 
were employed at facilities with both long-term care and skilled nursing care. Eligibility criteria were: current 
employment at a facility caring for patients who required skilled nursing care, at least 18 years of age, and English-
speaking.  

Procedure 

We conducted interviews with fifteen SNF staff and physicians from eight facilities located in the Denver-metro 
area of Colorado.  The sample consisted of certified nursing aides (CNA), registered nurses (RN), licensed practical 
nurses (LPN) and physicians. The interview guide was developed in collaboration with the community-academic 
partnership and reviewed with the Stakeholder Advisory Board to finalize phrasing of questions. Community 
partners and stakeholders served as pilot-testers to refine the interview guide prior to field interviews with 
interviews. Interview questions were grouped into three categories: 1) clinical care paths specific to HF, which 
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included questions on the step-by-step tasks related to HF-DM; 2) how HF-related information is stored and 
accessed; and 3) how SNF staff and physicians monitor patients’ weights and signs and symptoms of HF (Table 1). 
Interview questions explored HF-DM tasks to identify information needs related to patients who receive skilled 
rehabilitation care after hospitalization.(e.g. Can you describe--step-by-step--what care you provide for patients with 
heart failure?) and how information systems do or do not assist in these tasks (e.g. When you’re taking care of 
someone with HF, how do you know what to do?) Questions also explored where HF-related information is 
recorded, stored, and accessed (e.g. in lab folders, notebooks, or the electronic health record). Lastly, SNF staff and 
physicians were asked about how they monitor trends in body weight and HF-related signs and symptoms, and what 
supportive tools are available to them (e.g. How difficult is it to identify patients that are starting to get into 
trouble?)  

All interviews were conducted by the primary author, at the time a PhD student in public health with 2 years of 
experience in qualitative research in SNFs. She was mentored throughout data collection and analysis by her 
dissertation committee that included a PhD-trained informatics researcher who specializes in design-based inquiry 
using qualitative methods (BR) and a geriatrician highly experienced in HF-DM research in the SNF setting (RB). 

Interviews were primarily conducted at SNFs in a private space. Two interviews were conducted by phone due to 
scheduling conflicts that prevented in-person data collection. Participants granted verbal consent and were offered a 
$10 gift card for their participation. Interviews were audio-recorded and transcribed verbatim by a professional 
transcription service. Interview transcripts were analyzed using an inductive, data-driven approach 20,22,23  with 
NVivo software version 1124. All study procedures were approved by the Colorado Multiple Institutional Review 
Board (COMIRB).  

Analysis 

Transcribed interviews were analyzed to identify HF-DM tasks, information needs, themes related to HF-DM, and 
design recommendations. Two coders independently coded two randomly selected transcripts using a data-driven, 
inductive approach20 to develop the initial codebook. Differences in applied coding concepts and labels were minor 
and resolved through discussion. The codebook was reviewed by two PhD-trained researchers with technology 
design and qualitative analysis experience to reconcile codebook labels with informatics and human factors 
terminology. The primary author coded the remaining transcripts and results were member-checked by SNF staff as 
described below. 

HF-DM tasks were coded and compiled into a list. The code information need was used when a participant 
described information required to complete a HF-DM task and then cross-coded with specific tasks where 
applicable. These cross-coded sections were used to compile the full list of information needs. Codes were then 
grouped into major themes20,22,23. Task list results were member-checked 25,26 with three participants who confirmed 
identified tasks and the frequency of task performance. Additionally, a member of the Stakeholder Advisory Board 
who met study inclusion criteria performed the same review of the results.  

Results 

The sample (n=15) consisted of CNAs (n=3), RNs (n=5), LPNs (n=5) and physicians (n=2) from eight SNFs. Of the 
five RNs, two were Directors of Nursing (DON) and one was an Assistant DON. Average years of experience was 
10 years (ranged from 1.5 years to 16 years). We identified 10 key tasks and corresponding information needs for 
HF-DM in SNFs (Table 3). In addition, we identified two major themes related to HF-DM: 1) SNF staff and 
physicians rely on verbal communication without tools to assist or track communication, and 2) SNF staff and 
physicians lack access to HF-DM education materials which limits their HF knowledge when caring for patients 
with HF.  

Key Tasks and Information Needs in SNF Heart Failure Care 

We identified 10  key tasks of HF-DM. (See Table 1). These tasks were member-checked by SNF staff (n=4).27 
During member-checking, all tasks were rated with a performance frequency of “always”, “often”, and 
“occasionally”; no task was rated as “never” being performed. 

Tasks specific to HF care correspond to information needs identified in the data organized into three categories. (See 
Table 1.)  

Table 1: Tasks of Heart Failure Disease Management (HF-DM) and Information Needs to Complete Tasks 
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HF-DM* Tasks Information Needs to Complete Tasks 

Tasks of HF-DM and Information Needs to Prompt HF-DM Tasks 

Encourage patient to participate in HF care (i.e. 
getting on a scale for a daily weight or 
following a sodium restricted diet) 
Assess a patient  
Documentation (e.g. daily weights) 

Which patients have HF? 
What are the signs and symptoms of HF? 
What is the difference between weighing to 
evaluation nutrition and weighing to evaluate 
fluid retention? 
What is the purpose of daily weights? 
What is the purpose of a sodium restricted diet? 

Tasks of Monitoring Patients and Information Needs to Prompt Intervention 
Identify that there is a problem (e.g. a patient’s 
HF is worsening) 
Look at documentation of previous assessments 
of HF related signs and symptoms 
Look at the results of labs and use the lab values 
or assessment information (signs and symptoms 
of HF) in care 

What is a sign of worsening HF? 

What do patients complain of when HF is 
worsening? 

What vital signs indicate that HF is worsening? 

Tasks of Communication and Information Needs to Improve Communication 
Receive verbal HF-DM orders 
Receive HF-DM orders documented in the 
health record 
Coordinate care with another team member 
Request an order for medicine or supplies 
pertaining to HF from another team member of 
through the health record 

Need to capture the verbal communication of 
team members 

Need to capture the verbal orders of providers 

*HF-DM practices included here are non-pharmacological: monitoring body weight, assessment
and monitoring HF-related symptoms, and encouraging a sodium restricted diet.

Themes 

Theme 1: SNF staff and physicians rely on verbal communication without tools to assist or track communication. 

Physicians and DONs reported relaying HF-DM instructions verbally to floor nurses and CNAs, without the support 
of communication aids or documentation. Documentation may be underutilized intentionally for fear of penalty by 
state health inspectors if a request is documented but the response is not (e.g. a DON records a request for daily 
weights into her notes, but then the CNA is not able to get the weight, or does not record the weight, during her 
shift).  

SNF staff and physicians did not report use of visual aids or educational material in discussions with co-workers, 
patients, or patient families, with the exception of one physician. The majority of HF communication appears to be 
verbal (n=10) and lacks support of tools to improve documentation or learning. For example, one nurse noted: “I 
think because the nurses are passing it [information] on from person-to-person—again, I’m so careful to put stuff in 
orders. Orders shouldn’t be used for as much as I put it in there, but I feel like it’s the best way to communicate if 
everybody sees it versus a progress note that gets buried.” All CNAs reported getting verbal instruction from the 
nurse to take daily weights, but only 1 mentions immediately recording the weight. 

Theme 2: SNF staff lack access to HF-DM education materials which limits their HF knowledge when caring for 
patients with heart failure  

Information needs are primarily related to lack of available HF educational content that subsequently impeded HF 
knowledge within the SNFs. Use of care plans, care paths, protocols, and guidelines to support in HF-DM practices 
is inconsistent. A majority of participants (n=8) reported that materials and resources reminding them of best 
practice are not readily available or that more alerts would be helpful in their practice. This lack of resources leads to 
information gaps that interfere with HF-DM, such as lack of familiarity with heart failure symptoms that can prevent 
identification of worsening HF.  
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Design Recommendations 

HF-DM information needs are not fully supported by current SNF information systems. To close this gap, we 
propose a HF-specific module for SNF clinical decision support that provides: 1) nurse-facing education materials, 
2) patient-facing education materials to prompt patient self-efficacy in care, 3) charting features to monitor
longitudinal HF trends, 4) personal, informal HF notetaking space for SNF staff and physicians.

Design recommendations were either identified by participants themselves, or were formulated by the research team 
to address problems identified by the participants. For an example, one DON noted that she did not have any 
materials readily available when educating patients on HF-DM, and that materials may be helpful: 

“I think the average nurse has a general knowledge base on the subject, but I think, playing the devil's 
advocate here, a brochure that comes from some institution or whatever that we can hand families would be 
better received than coming from my mouth. Only because they don't know what my knowledge is…it’s 
not just my opinion [it’s] actual published material. It's something for them to take home.” 

This participant identified patient-facing education materials to prompt patient self-efficacy in care as a design 
recommendation. 

In another interview, a physician identified a problem that can be addressed by a design recommendation put forth 
by the research team. The research team proposed person notetaking space, integrated into the electronic health 
record, in response to this challenge described by the physician: 

“… nurses have to be all over the place. I mean they have to pass medications, they have to address the 
vitals, they deal with scheduling appointments. [To follow regulations, the nurse needs to write down the 
physician’s order and have him or her sign it.] So the nurse really has to kind of write it down or she has to 
remember it and multitask…When you have good nurses and they are organized, they can cope with this. 
But I think it’s part of the communication breakdown in medical care.”  

Discussion 

The main tasks SNF staff and physicians must perform HF-DM relate to obtaining and documenting body weight 
and HF-related symptoms, identifying worsening HF by consulting documentation and labs, using this information 
in care, and communicating HF-DM orders among other members of the care team. SNF staff and physicians rely on 
verbal communication and are unsupported by tools to track communication or remind them of communicated 
orders and lack access to educational materials on HF-DM. In addition, there are unmet information needs as result 
of the features of current information systems in use. These unmet information needs fall into the following broad 
categories: information needed to prompt HF-DM practices, information needed to prompt intervention, and 
tools/resources and information needed to improve communication. To prompt HF-DM tasks, SNF staff need to 
know which patients have HF, the signs and symptoms of HF, and understand the purpose and potential value of 
HF-DM practices. To prompt intervention, SNF staff need to know the signs of worsening HF and what patients 
typically complain of when HF is worsening. For optimized communication, and documentation of HF-DM orders 
and data obtained from HF-DM practices, SNF staff need to capture verbal communication from all team members, 
including providers. 

We framed each unmet information need as a question that could be answered through design recommendations for 
improved information system support. We then developed design recommendations that directly address identified 
information needs. Design recommendations are both responsive to the list of information needs and themes, as well 
as the educational content recommendations of the 2015 scientific statement on HF-DM in SNFs from the American 
Heart Association and the Heart Failure Society of America2. 

Our findings identified the need for a HF-specific module embedded into the electronic health record that provides 
nurse educational content, printable materials to prompt patient self-efficacy in care, a charting feature to monitor 
longitudinal HF trends, and personal notetaking space. The module should first identify which patients have HF and 
then include educational materials for both SNF staff and patients to improve understanding of HF-DM practices. 
The personal notetaking space should provide for temporary documentation (that does not become part of the 
permanent electronic health record) and voice-to-text operability for notes on-the-go that serves as a communication 
aid in the highly verbal SNF setting. Because nursing facilities have highly variable levels of information technology 
sophistication in performing tasks of clinical support, administrative activities, and direct patient care12,14, future 
work is needed to evaluate the feasibility and usefulness of such a proposed HF-specific module. 
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Research have shown the need for improved standards, protocols, and educational materials to improve HF care28-30. 
Educational components should include identification of signs and symptoms, information on how to monitor and 
respond to changes in weight, managing medication, the purpose of a sodium restricted diet2. However, efforts to 
improve HF-DM care are undermined by a historical and continuing lack educational tools available to those 
working in SNFs15,28. Our HF-specific module design bridges this gap as identified by the American Heart 
Association and the Heart Failure Society of America3. Specifically, the proposed module provides HF-specific 
educational content needed to improve knowledge of HF-DM practices and to improve patients’ understanding of 
their disease and treatment within the SNF2.  

This study has limitations related to recruitment and member-checking. The convenience sample was recruited 
through a community-academic partnership from SNFs in one metropolitan area. Thus, results may not transfer to 
facilities outside the community-academic partnership or to other metropolitan areas. In addition, member-checking 
was performed by staff drawn from a single SNF. 

Conclusion 

Our results improve understanding of barriers that block application of evidence-based care within SNFs. We found 
that SNFs lack tools to support HF communications and appropriate educational materials to improve HF knowledge 
when caring for patients with HF. Unmet information needs identified in this study correspond to educational 
content recommendations of the American Heart Association and the Heart Failure Society of American and should 
be addressed with a HF-specific module integrated into Skilled Nursing Facility information systems. 
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Abstract  

Clinical documentation burden has been broadly acknowledged, yet few interprofessional measures of burden exist. 
Using interprofessional time-motion study (TMS) data, we evaluated clinical workflows with a focus on electronic 
health record (EHR) utilization and fragmentation among 47 clinicians: 34 advanced practice providers (APPs) and 
13 registered nurses (RNs) from: an acute care unit (n=15 observations [obs]), intensive care unit (nobs=14), 
ambulatory clinic (nobs=3), and emergency department (nobs=15). We examined workflow fragmentation, task-switch 
type, and task involvement. In our study, clinicians on average exhibited 1.4±0.6 switches per minute in their 
workflow. Eighty-four (19.6%) of the 429 task-switch types presented in the data accounted for 80.1% of all 
switches. Among those, data viewing- and data entry-related tasks were involved in 48.2% of all switches, indicating 
documentation burden may play a critical role in workflow disruptions. Therefore, interruption rate evaluated 
through task switches may serve as a proxy for measuring burden. 

Introduction 

Over one third of nurses and nearly half of all physicians experience some degree of burnout due to chronic work-
related stress.1,2 Driven by individual and institutional factors such as excessive workloads, process inefficiencies 
(e.g., frequent interruptions),3,4 technological advances, and changes in care delivery (among other factors),5 
professional burnout is characterized by three main symptoms: inefficiency, emotional exhaustion, and 
depersonalization.6 The growing body of literature has demonstrated a compelling association between burnout and 
the unintended negative consequences, including increased medical errors, poorer patient outcomes, decreased 
adherence to practice guidelines, and risks to patient safety and care quality.7-10 

The Quadruple Aim emerged to address the growing epidemic of burnout and dissatisfaction among healthcare 
professionals.11 For example, the significant role of electronic health records (EHRs) and other health information 
technology tools on the “deterioration of work conditions and quality, and increased dissatisfaction of health care 
providers” are well-documented.12 An extension to the Institute for Healthcare Improvement’s Triple Aim framework 
for optimizing the performance of health systems for patients, which include: 1) enhancing care experience, 2) 
improving population health, and 3) reducing healthcare costs,13 the Quadruple Aim focuses on improving the well-
being of providers.2 This fourth aim functions as a foundational element for all other aims to be realized in healthcare 
as it is correlated with patient safety and care quality.14 Due to this new framework, some have proposed that measures 
of workforce engagement and burnout should be developed to quantify the experience of providers,2 and therefore, 
inform institutional strategies like targeted interventions to improve EHR usability, interoperability, and 
administrative burden.15,16 The implementation of EHRs has been of particular interest for alleviating burnout. Studies 
on the maturation of EHR systems indicate that clinician stress do not return to baseline levels even months after 
implementation.17,18 Broad adoption of EHRs in the last decade has been attributed to increased documentation burden, 
as well as frequent interruptions and information overload among clinicians.5,10,19 And yet, limited measures to 
quantify the extent of EHR burden exist.5  

Examination of clinical workflows is essential for understanding the unintended consequences of EHR design and 
usability on efficiency, documentation, cognitive overload, and safety. Considered the gold standard method for 
quantifying clinical workflows,20,21 time-motion studies (TMSs) have been extensively used to assess healthcare 
delivery costs, evaluate the effects of health information systems implementation, and characterize allocation of time 
across clinicians’ tasks. Prior TMSs examining clinical workflows have largely involved homogenous populations of 
clinicians, restricting their capacity to comparatively evaluate burden across roles and practice settings.21-24 
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Concurrently, previous analyses conducted on TMS data have relied on average aggregated times spent on tasks to 
quantify workflow, which lack standardization and yield inconsistent results.21,25 In this study, we examine the results 
of a TMS performed among clinicians of distinct roles and practice settings using an interprofessional  taxonomy 
developed and validated by our team. These data were collected as part of the pre-implementation phase of a 
commercial EHR system evaluation study on clinician workflow and documentation burden which will be used to 
compare against post-implementation data. 

Methods 

From January 2019 to January 2020, we collected observational time-motion data at a large academic northeastern 
medical center in the United States as a part of a broader evaluation study on the implementation of a new commercial 
EHR system.20 These pre-implementation data were collected in an acute care unit (ACU), intensive care unit (ICU), 
ambulatory clinic, and emergency department (ED), which operated under Allscripts Sunrise EHR system at the time 
of our study.23 A locally-developed, interoperable EHR data-viewing system for archived data called iNYP was also 
available. In these settings, trained observers—using our interprofessional taxonomy20—conducted time-motion 
observations of clinicians  grouped by two functional roles: 1) registered nurses (RNs), and 2) advanced practice 
providers (APPs). APPs were comprised of attending physicians, resident physicians, physician assistants, and nurse 
practitioners. Previously, our research group has published on the development and validation of the interprofessional 
taxonomy used in this study, which included interobserver reliability sessions.20 In these interobserver reliability 
sessions, two observers concurrently conducted observations for 1.5 to 2 hours while following and the same clinician. 
Interobserver reliability data were analyzed for each observer to establish reliability prior to study data collection.20,27 

The taxonomy is comprised of three broad functional categories: 1) tasks performed by the clinician (n=25), including 
clinical information systems (CIS)-related tasks, defined as any activity requiring computerized systems, 2) physical 
location where tasks occurred (n=6), and 3) communication in which the clinician engaged (n=7). CIS-related tasks 
consisted of the following (n=12): entering data, viewing data (including archived patient data), documenting 
handoff/sign-out, log into EHR, log out of EHR, medication administration, medication reconciliation, smartphone 
clinical messaging app, entering orders, viewing patient list/schedule, transcribing, and use of other CIS, such as 
telemetry monitor (Table 2). Data were electronically captured via tablets using the Time Capture Tool (TimeCaT), a 
web application that supports the collection of time-motion task, location, and communication data.27 TimeCaT 
facilitates the capture of one active task per category at any time during the observation such that a clinician’s location, 
activity, and conversations could be recorded concurrently—a proxy measure for multitasking.20 Clinicians were 
invited to participate in observations based on availability and willingness to participate (i.e., convenience sampling). 
All ACU, ICU, and ambulatory clinic observations were performed during day-shift hours throughout the weekday, 
while ED observations included night-shifts and weekends (Figures 1 & 2). Fifty observations were conducted for no 
more than 4 hours at a time. We restricted our analysis to observations to which data were complete. Lastly, to ensure 
better workflow continuity, we also restricted our analyses to observations ≥2 hours in length. 

Table 1. Characteristics of clinicians observed in the TMS  

 Advanced Practice Provider 
n (%) 

Registered Nurse 
n (%) 

Total 
n (%) 

Total* 34 (72.3) 13 (27.7) 47 (100.0) 
Location    

Acute care  7 (20.6) 8 (61.5) 15 (31.9) 
Intensive care  9 (26.5) 5 (38.5) 14 (29.8) 
Ambulatory  3 (8.8) -- 3 (6.4) 
Emergency 15 (44.1) -- 15 (31.9) 

Age    
18-24 1 (2.9) 1 (7.7) 2 (4.3) 
25-34 26 (76.5) 5 (38.5) 31 (66.0) 
35-44 3 (8.8) 4 (30.8) 7 (14.9) 
45-54 1 (2.9) -- 1 (2.1) 
55-64 -- 1 (7.7) 1 (2.1) 
Unknown/refused to answer 3 (8.8) 2 (15.4) 5 (10.6) 

Gender    
Male 10 (29.4) 1 (7.7) 11 (23.4) 
Female 21 (61.8) 12 (92.3) 33 (70.2) 
Unknown/refused to answer 3 (8.8) -- 3 (6.4) 
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*Based on row percentages 

 
Figure 1. Distribution of observation days                  Figure 2. Distribution of observation hours      

Table 2. Concept definitions and associated proposed measures of burden 

Concept Definition Measurement reported 

CIS-related tasks (1) Entering Data* 
(2) Entering Orders* 
(3) Documenting Handoff/Sign-out* 
(4) Viewing Data** 
(5) Viewing Patient List/Schedule** 
(6) Log into EHR 
(7) Log out of EHR 
(8) Medication Administration 
(9) Medication Reconciliation 
(10) Smartphone Clinical Messaging App 
(11) Transcribing 
(12) Use of Other Clinical Information System 

See task involvement 

Workflow 
fragmentation 

Frequency of task switches per observation over total 
time observed (i.e., task-switch rate) 

Mean switches per minute per 
observation 

Magnitude of 
fragmentation 

Average time spent on a single task or task category prior 
to switching tasks (i.e., average duration)  

Mean duration in seconds per task 
type 

Task-switch type Categories of task sequence pairs that are comprised of 
two temporally consecutive tasks for all task segments in 
each observation 

Proportion of switch type over all 
switch types present in data  

Task involvement [in 
task switches] 

Frequency at which a specific task appears in sequential 
task sequence pairs, independent of whether it is in the 
initiating or the succeeding task position 

Proportion of task volume over 
volume of all task-switch types 
present in data  

Impact of task-switch 
types  

Using the Pareto distribution, subset of task-switch types 
among all task-switch types presented (i.e., proportion) 
that account for the top 80.0% of the rank-frequency 
distribution of task switches 

Task-switch volume-to-type ratio  

*Tasks associated with data entry 
**Tasks associated with data viewing 

Descriptive and sequence analyses were conducted to examine: 1) workflow fragmentation (i.e., frequency and 
magnitude of task switching), 2) task-switch type, and 3) task involvement in task switches, stratified across clinician 
role (i.e., APP vs. RN) and practice setting (i.e., ACU, ICU, ambulatory clinic, and ED). We similarly operationalized 
our measures of workflow fragmentation and magnitude of workflow fragmentation according to workflow quantifiers 
proposed in Zheng et al.25 In this paper, we define workflow fragmentation as the frequency of task switches that occur 
per minute for each observation; we conveniently refer to this measure as task-switch rate. A workflow represents a 
consecutive sequence of temporally-related tasks that unfolded dynamically. Therefore, we characterized magnitude 
of workflow fragmentation as the average seconds spent on a single task type or task category (prior to the clinician 
switching to another task in the workflow) for each observation; this will be referred to as average duration for brevity. 
This concept of duration is slightly different from Zheng and colleagues who define their measure as “the average 
amount of time continuously spent performing a single clinical activity” or average continuous time (ACT), and 
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assumes that individual tasks measured were fully completed without interruption.25 As our TMS took place in a real-
world setting, we do not assume that average duration among tasks were captured without interruption (see Figure 3).  

We characterized task-
switch types as task pairs 
comprised of two 
consecutive tasks (that are 
temporally-related in the 
workflow) for all task 
sequences in each of the 
time-motion observations. 
For example, a task in the 

ith position of a sequence of tasks observed within an observation was paired with the task in the  ith+1 position in the 
task sequence, the task in the ith+1 position was paired with the task in the ith+2 position, and so on and so forth. 
Finally, task involvement in task switches was operationalized as the frequency at which a specific task appears in a 
sequential task pair (i.e., task-switch type) independent of whether it is in the initiating or the succeeding task position. 
For instance, Figure 4 depicts a sequence of four consecutive tasks with three task-switch types where viewing data 
is involved in all three of the task-switch types represented.  

To understand the impact of particular task-switch types, 
we propose a measure that focuses on the portion of tasks 
that account for approximately 80.0% of task switches. 
This is in accordance with the Pareto Principle which 
asserts that for many phenomena observed, approximately 
80.0% of the effect derive from 20.0% of the causes; by 
ranking top task-switch types in descending order, insights 
can be provided for targeted interventions.26 Based on this 
principle, we quantified task-switch volume-to-type ratios 
per clinician role and setting across observations (see 
Table 2), defined as the proportion of task-switch types 

that account for the top 80.0% of the rank-frequency distribution. In this metric, larger ratios indicate that fewer task-
switch types account for the majority of occurrences per clinician role and setting, and smaller ratios indicate more 
distributed task-switch types per clinician role and setting. Ranked frequencies of the task-switch types were compared 
against the Generalized Pareto distribution. All analyses were performed using Python 3.6.  

Results  

Over 166 hours of time-motion observations are represented in this analysis of APPs (~122hours) and RNs (~44hours), 
and a total of 13,908 tasks were captured. Of the 47 observations conducted, 34 (72.3%) were APPs and 13 were RNs. 
Fifteen clinicians were observed in the ACU (nAPP=7; nRN=8), 14 in the ICU (nAPP=9; nRN=5), three in the ambulatory 
clinic (nAPP=3), and 15 in the ED (nAPP=15). Clinicians aged 25-34 years represented the largest proportion of the 
sampled population in both APP (76.5%) and RN (38.5%) roles, and largely comprised of women (61.8% among 
APPs and 92.3% among RNs; see Table 1). Overall, clinicians averaged 1.4±0.6 task switches per minute per 
observation. APPs in both the ACU (1.5±0.70) and ED (1.4±0.6) settings experienced task-switch rates consistent 
with the overall mean, while APPs in the ambulatory clinic (0.9±0.2) and ICU (1.3±0.5) experienced lower task-switch 
rates. RNs in the ACU and ICU exhibited task-switch rates that were both higher (1.7±0.5) and lower (1.1±0.3) than 
the overall clinician mean task-switch rates, respectively (Table 3). On average, average duration on a single task was 
similar across APPs (43.8±101.7s) and RNs (40.3±146.0s). Average duration was highest among APPs in the 
ambulatory clinic (66.6±77.9s) and lowest among ACU APPs (40.6±108.3s). Among RNs, those who practiced in the 
ICU setting had greater average duration (53.4±202.3s) compared to those in the ACU (35.4±117.6s; Table 4).   

Table 3. Frequency of task switches per minute stratified by role and setting (fragmentation) 

 Advanced Practice Provider Registered Nurse 

 Location 
Mean 

(# switches/min) SD min max 
Mean 

(# switches/min) SD min max 
Acute Care 1.5 0.7 0.6 2.3 1.7 0.5 1.2 2.7 
Ambulatory 0.9 0.2 0.7 1.1 -- -- -- -- 
Emergency 1.4 0.6 0.6 2.6 -- -- -- -- 

Figure 4. Characterization of task-switch type and task  
involvement in a sequence of tasks 

Figure 3. Fictional workflow captured through a time-motion observation depicting a 
single note entry activity interrupted by data viewing and order entry tasks 
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Intensive Care 1.3 0.5 0.6 2.2 1.1 0.3 0.8 1.4 
Overall Clinician Total 1.4 0.6 0.6 2.6 1.5 0.5 0.8 2.7 

Table 4. Average duration on a task stratified by role and practice setting (magnitude of fragmentation) 

 Advanced Practice Provider Registered Nurse 
 Location mean (s) SD mean (s) SD 

Acute Care 40.6 108.3 35.4 117.6 
Ambulatory 66.6 77.9 -- -- 
Emergency 41.7 85.2 -- -- 
Intensive Care 46.6 129.6 53.4 202.3 

Overall Total 43.8 101.7 40.3 146.0 

Table 5. Average duration on a single CIS-related task stratified by role and practice setting 
 

Advanced Practice Provider Registered Nurse 
Acute Care Intensive 

Care 
Ambulatory Emergency Acute Care Intensive Care 

Task mean 
(s) 

SD mean 
(s) 

SD mean 
(s) 

SD mean 
(s) 

SD mean 
(s) 

SD mean 
(s) 

SD 

Entering Data 69.0 81.2 67.7 69.1 85.7 115.6 102.4 112.7 62.4 65.2 89.9 98.4 
Viewing Data 28.1 37.7 28.2 39.3 55.4 56.6 21.6 29.6 16.7 22.5 44.4 72.9 
Documenting 
Handoff/Sign-
out 

31.4 29.8 36.8 36.0 -- -- 68.3 99.1 7.0 1.0 -- -- 

Log into EHR 31.5 20.6 31.7 26.5 18.0 28.4 34.4 20.9 22.1 10.3 35.8 32.5 
Log out of EHR -- -- 3.3 2.3 3.1 4.1 5.3 7.6 11.0* n/a 7.0 5.7 
Medication 
Administration 

-- -- -- -- -- -- 5.0 n/a 68.6 71.2 47.9 63.6 

Medication 
Reconciliation 

109.5 128.7 -- -- 55.1 63.3 44.1 45.6 109.0* n/a -- -- 

Entering Orders 45.9 45.8 32.2 28.0 74.3 66.4 52.4 48.0 17.3 8.2 28.0 n/a 
Viewing Patient 
List/Schedule 

12.4 16.6 13.7 20.5 22.5 20.3 19.6 29.5 7.9  10.9 7.0 6.1 

Transcribing 21.1 15.1 25.2 25.9 -- -- 24.2 26.8 27.7 34.5 69.5 2.1 
Smartphone 
Clinical 
Messaging App 

23.2 16.5 -- -- -- -- 21.4 29.1 25.3 21.4 24.0 16.3 

Use of other CIS 29.5 27.2 60.2 52.4 -- -- -- -- 28.7 40.6 24.0 29.6 
Overall Total 30.3 45.6 32.0 43.3 63.5 82.0 33.4 54.7 26.3 40.8 40.9 67.3 
* Potential outlier as only one occurrence observed; standard deviation could not be calculated. 

Of the 625 possible task-switch pairs based on the taxonomy (i.e., 252 tasks), 429 (68.6%) types were represented in 
the data. Eighty-four (19.6%) of the 429 task-switch types presented in the data accounted for 80.1% of all switches 
in the dataset. Of those, viewing data (20.5%), entering data (7.0%), entering orders (3.9%), and viewing patient 
list/schedule (16.8%) were involved in nearly half of all task switches (48.2%); documenting handoff/sign-out was not 
present (0.0%). Accounting for all CIS-related tasks which included smartphone clinical messaging app (1.7%), 
transcribing (0.9%), log into EHR (0.2%), and medication administration (0.4%) added only a marginal increase in 
the level of task involvement (51.3%); all other CIS-related tasks had no involvement in those task switches. Thirty-
six of the 84 task-switch types (42.9%) consisted of switches between CIS-related and non-CIS-related tasks; 28.6% 
consisted of switching between two CIS-related tasks. Direct care tasks of physical assessment/exam (78.4±108.5s), 
and procedure (128.7±281.7s) exhibited longer average durations compared to other tasks and were involved in only 
2.5% of all task switches. Average duration among data entry- and data viewing-specific tasks, including viewing 
patient list/schedule (15.7±24.7s), viewing data (25.6±37.4s), documenting handoff/sign-out (37.9±45.6s), and 
entering orders (48.8±47.3s) were, on average, shorter in average duration with the exception of entering data 
(81.4±94.6s).  

Task-switch volume-to-type ratios (TSVR) were approximately 80.0% to 30.0% among all roles and settings 
excluding APPs in the ambulatory setting (~80.0% to 40.0%) and APPs in the ED setting (~80.0% to 20.0%). This 
means that overall, 80.0% of all task switches in the average workflow were explained by only 30.0% of all task-
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switch types represented in the data (i.e., a small subset of switch types account for most of the switching). Variations 
in the distribution of task-switch types present in the workflow, and frequency at which each occurred, were observed 
between roles and settings. For example, the TSVRs among APPs were: ACU (80.0% to 31.0% [i.e., 78 of 252 switch 
types accounted for 80.0% of switches]), ambulatory clinic (80.0% to 40.5% [32/79 types]), ED (80.0% to 18.7% 
[47/252 types]), ICU (80.0% to 30.0% [68/227 types]). Meanwhile, TSVRs among RNs were: ACU (80.0% to 29.1% 
[69/237 types]) and ICU (80.1% to 30.9% [50/162 types]). The top ten task-switch types varied across clinicians and 
settings but viewing patient list/schedule to viewing data and viewing data to entering data were prevalent across all 
roles (Figure 5).  

Figure 5. Proportion of top 10 task-switch types stratified by clinician role and practice setting 
In comparison with APPs in all other settings, ED APPs presented the highest average duration for entering data 
(102.4±112.7s), in addition to documenting handoff/sign-out (68.3±99.1s) which was double the time APPs spent on 
the same task in both the ACU and ICU (Range: 31.4-36.8s). Average duration for viewing data among ambulatory 
APPs were twice as long as their APP counterparts (Range: 21.6-28.1s). Average duration of medication reconciliation 
among ACU APPs (109.5±128.7s) was double that of ambulatory and ED APPs (Range: 44.1-55.1s). ICU APPs 
demonstrated the lowest average duration for entering orders (32.2±28.0s), whereas ambulatory APPs had the highest 
(74.3±66.4s). In general, average duration for transcribing was consistent across all APPs (Range: 21.1-25.2s) with 
the exception of ambulatory APPs where transcribing was not observed. The smartphone clinical messaging app task 
was only observed among ACU and ED APPs (Range: 21.4-23.2s), while use of other CIS was only observed among 
ICU (60.2±54.4s) and ACU APPs (29.5±27.2s), with ICU APPs presenting with average durations that were twice as 
long as those measured among ACU APPs. Contrasting ACU RNs, ICU RNs showed a higher average duration for 
both entering data (ICU: 89.9±98.4s vs. ACU: 62.4±65.2s) and viewing data (ICU: 44.4±72.9s vs. ACU: 16.7±22.5s). 
Additionally, average duration for transcribing among ICU RNs (69.5±2.1s) was more than two-fold of that captured 

*Switch involving one CIS-related task 
**Switch involving two CIS-related tasks 
::Symbolizes a transition 
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in ACU RNs (27.7±34.5s). RNs in both settings had comparable average durations for viewing patient list/schedule 
(ACU: 7.9±10.9s vs. ICU: 7.0±6.1s), smartphone clinical messaging app (ACU: 25.3±21.4s vs. ED: 24.0±16.3s), and 
use of other CIS (ACU: 28.7±40.6s  vs. ICU: 24.0±29.6s; Table 5).  

Discussion 

In this primary analysis, we examined clinical workflows with a focus on EHR utilization and fragmentation among 
47 clinicians (34 APPs and 13 RNs) in four practice settings: ACU, ICU, ambulatory clinic, and ED, using 
interprofessional TMS data. Clinicians averaged 1.4 switches per minute, which was similar across APPs in the ACU 
(1.5 switches/min), ED (1.4 switches/min), and ICU (1.3 switches/min), but higher than rates observed in the 
ambulatory clinic (0.9 switches/min). Compared to ICU RNs (1.1 switches/min), ACU RNs (1.7 switches/min) 
exhibited 50.0% higher task-switch rates. In the ACU, RNs engaged in 16.4% more switches per minute than APPs; 
both RNs and APPs had elevated switch rates compared to clinicians in other settings. Conversely, ICU clinicians 
experienced lower switch rates compared to other settings; RNs in the ICU had 27.0% lower switch rates compared 
to ICU APPs. One-fifth of task-switch types accounted for 80.0% of all switches; 71.4% of the types comprised of at 
least one CIS-related task. Further analysis of task involvement among the 80.0% subset of task-switch types revealed 
that CIS-related tasks were involved in over 50.0% of all task switches, and that data viewing- and data entering-
specific tasks accounted for nearly all of those documented activities. 

Unique to previous TMSs, this study comparatively analyzes workflow patterns across APPs and RNs in distinct 
practice settings through a profession-agnostic taxonomy developed for and employed in the observations (further 
described in Schwartz et al.20). Our use of a single taxonomy to capture workflows and quantify burden across different 
types of healthcare professionals demonstrated the ability to capture subtle differences across these roles and settings. 
For example, our workflow quantifiers of fragmentation and magnitude found that while ED APPs presented with the 
highest average duration for CIS-related tasks, including entering data (102.4s) and documenting handoff/sign-out 
(68.3s), ED APPs additionally had higher than average task-switch rates (1.4 switches/min) compared to the average 
of APP setting means (1.3 switches/min). Prior research has demonstrated that burnout is ubiquitous among particular 
subspecialties like ED physicians.28 While research on the transition from locally-developed EHRs to commercial 
EHRs in ED settings demonstrate no associated increase in time spent on specific tasks, it has shown a significant 
increase in the frequency of task switches per minute.29 Therefore, our findings of higher task-switch rates in the ED 
setting is consistent with the literature and may serve as a marker of documentation burden. These patterns will be 
crucial to monitor in the post-implementation phase of our TMS.29 

Evidence has shown that increased cognitive burden and memory costs is correlated with frequent task switching.30 
As mentioned previously, ambulatory APPs were observed with the lowest task-switch rates (0.9 switches/min) as 
well as the highest average duration for tasks (66.6s)—vastly different compared to all other APP workflow patterns 
which engaged in approximately 1.4 switches per minute with an average duration for tasks around 40 seconds. 
Likewise, ambulatory APPs engaged in fewer task-switch categories. These switches were more distributed across 
many task-switch types (e.g., 32 of 79 types accounted for 80.0% of the task-switch volume), greatly deviating from 
the Pareto principle (i.e., 80/20 rule). Research has indicated that primary care physician (PCP) workflows not only 
vary significantly across PCPs, but also within individual physicians.22 According to Holman et al.,22 PCP workflows 
emerge as a result of interactions between physicians and patients addressing personal agendas, which is “a side effect 
of patient-centered care”. It is also worth mentioning that ambulatory APP workflows in our dataset did not involve 
certain CIS-related tasks: documenting handoffs/sign-outs, medication administration, smartphone clinical messaging 
app use, transcribing, and use of other CIS. It would be noteworthy to examine how this time (which is routinely seen 
among other APPs) is reallocated within the ambulatory APP workflow. As the data suggests, longer average durations 
are found in entering data (85.7s), entering orders (74.3s), and viewing data (55.4s) compared to other APPs is 
possibly attributed to the ambulatory workflow of a patient visit. However, it is important to keep in mind that only 
three observations were conducted in the ambulatory setting. Research among PCPs has also demonstrated significant 
positive associations between the number of EHR functionalities used and degree of burnout experienced.31 From a 
qualitative perspective, it would be worthwhile to assess if clinical documentation burden is experienced differently 
between ambulatory APPs and APPs in the inpatient setting.  

Our findings suggest that ACU RNs have very distinct workflows when assessed against RNs in the ICU. For instance, 
ACU RNs experienced higher levels (~50.0% more) of workflow fragmentation (based on switch rate) compared to 
ICU RNs. Average durations among tasks that may be considered particularly burdensome, including entering data 
(89.9s vs. 62.4s), and data viewing (44.4s vs. 16.7s) were higher among ICU RNs than ACU RNs, respectively. 
Furthermore, average duration of transcribing among ICU RNs was more than double that of ACU RNs, a potentially 
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clinically significant finding. Given nurses “represent the last line of defense against medication errors in ICUs”,32 
systems should be redesigned support these processes.33 The top two task-switch types represented in the ACU RN 
workflow were: 1) viewing  patient list/schedule to viewing data (7.8%), and 2) viewing data to viewing clinic patient 
lists/schedule (5.7%), whereas the top two task-switch types in the ICU RN workflow were: 1) travel to other (7.4%), 
and 2) other to travel (5.8%). These observed differences may be in agreement with the existing literature on nursing 
workflows, which suggest that ACU and ICU nurses (on average) document data points at the same rate, but exhibit 
differences in nurse-to-patient ratios such that they are lower in ICU settings compared to ACU settings.34-36 Higher 
reported nurse-to-patient ratios among ACU RNs may explain the higher frequency of task-switches involving EHR 
patient lists and schedules (i.e., more task-switching between patient charts using patient lists; Figure 5).  

Our analysis of the 80.0% volume of task switches indicated that among all CIS-related tasks involved (51.3%), 
entering data and viewing data accounted for 94.0% of those duties. Thus, clinical documentation accounted for the 
near entirety of CIS-related workload. This finding is in line with Chaiyachati et al. who observed that 43.0% of 
internal medicine interns’ 24-hour shift is spent interacting with the EHR (e.g., documenting);24 however, Chaiyachati 
et al. examines time while we explore switches.24 Tasks explicitly highlighted were viewing patient list/schedule, 
viewing data (e.g., within notes, hand-off tables, flowsheets, etc.), entering orders, and entering data (e.g., progress 
notes, discharge notes, flowsheets, etc.).20 Moreover, viewing patient list/schedule was interwoven throughout the top 
ten task switches among all clinician roles (Figure 5). These results are revealing especially through the degree in 
which viewing patient list/schedule defines the clinician workflow, and its potential for unintended adverse 
consequences related to patient safety.37 For example, mis-clicking and interruption while toggling through a patient 
list of names is commonly associated with wrong-patient orders,9,10,38 and while number of concurrently open 
electronic patient records in an EHR alone does not significantly reduce wrong-patient orders among physicians,39 
rates of clinical prescribing errors are directly associated with interruptions and multitasking.40 From the nursing 
perspective, it is important to note that viewing patient list/schedule in both the ACU (7.9s) and ICU (7.0s) practice 
settings represented the task with the shortest average duration among RNs. Moreover, task switches involving 
viewing patient list/schedule appear twice in the top ten lists of task-switch types among RNs in both settings (ACU: 
13.5% and ICU: 7.5%).  

By jointly assessing average duration of a single task with workflow fragmentation rates, we accounted for the 
measurement of tasks that truly require short duration, and tasks that take longer to complete but are prematurely 
shortened (due to interruptions). However, this method fails to wholly capture the sequential and temporal aspects of 
workflows. A natural progression to further explore task interruptions is to evaluate task sequence triads to assess the 
frequency of tasks flanked by two tasks of similar types or categories. This analysis could further describe the nature 
of the potential interruptions that occurred (if any) among those tasks requiring longer duration and/or more 
complexity.38 Zheng et al. described a similar technique as consecutive sequential pattern analysis quantified as an 
hourly occurrence rate.25 In addition, it may by worthwhile to explore other proposed workflow analyses techniques 
such as network visualization and Markov Chains to examine latent workflow patterns embedded in sequential time-
motion tasks.25,41 Lastly, we intend to triangulate these findings with EHR usage log data to further examine time and 
click navigation patterns among select EHR-specific tasks such as clinical note documentation,20 and compare them 
to post-implementation TMS data of our new EHR. Use of these TMS data in future studies will inform how to 
streamline our EHR workflows to reduce interruptions and task switching post-implementation.   

Limitations  

This study has several limitations. Intrinsic to all TMSs, variations in taxonomies used (in some instances) limit the 
capacity to evaluate results across studies of similar design; therefore, researchers must exercise prudence when 
assessing functional categories to ensure semantic interoperability. However, we note that our taxonomy was 
developed based on existing taxonomies in the literature for generalizability purposes and the capacity to compare 
TMS data across health professionals.20 As statistical significance regarding differences observed between clinician 
roles and settings was not assessed due to small sample size, no assumptions about the relationships can be made. 
Moreover, due to small sample size, standard deviations were often wider than the calculated sample means. While 
we achieved our target of recording twenty-five hours of observation time per role in each setting, there remains some 
imbalance in the distribution of clinician characteristics and start time, with participants more likely to be younger and 
female (Table 1), and observations starting in the early mornings or afternoons and on Fridays (Figures 1 & 2). This 
may be attributable to convenience sampling of participants. Furthermore, start times and duration of observations 
varied in our study, as well as the number of different providers observed. For example, only three of five ambulatory 
observations met criteria for inclusion in this analysis (³2 hours). Nevertheless, the scale of this study is largely within 
range of other recent TMSs of nurses and physicians.42 Lastly, as with all studies that require direct observations of 
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participants,42 TMSs are subject to the Hawthorne effect. These known limitations among all TMSs are outweighed 
by the uniqueness and richness of this dataset. 

Conclusion  

Examining clinical workflows is essential for understanding the potential impact of EHRs on efficiency, 
documentation, cognitive overload, and safety.8,34,43 However, operationalized measures of clinical documentation 
burden are still lacking. The results presented in this study provide a glimpse of the ample possibilities for using 
interprofessional TMS data to identify and quantify one type of documentation burden—workflow fragmentation—
as well as to conduct comparative analysis of workflow fragmentation, task sequence types, and task switches across 
roles and practice settings. Based on our analysis, clinicians experienced 1.4 switches per minute in their workflow. 
Tasks associated with data viewing and data entry were involved in 48.2% of all task switches, and yet, had average 
durations ranging from 15.7-34.0s and 48.8-81.4s, respectively. This finding suggests that frequency of interruptions 
evaluated through task switching may serve as a proxy for measuring one type of documentation burden and may 
also shed light on targeted interventions for improving EHR usability. Future work will further investigate the nature 
of task-switch types, sources of workflow fragmentation, and role of multitasking through TMS domains captured in 
parallel (i.e., communication and physical location). 
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Abstract:  
As part of a larger project to co-design and create a mHealth tool to support caregivers of children with cancer, we 
performed a pilot, qualitative study. For this portion of the project, we engaged with caregivers of children with 
cancer to co-create and refine a low-fidelity prototype of the Children’s Oncology Planning for Emergencies mHealth 
tool. Testing was accomplished through recorded semi-structured interviews with each caregiver as they interacted 
with a low-fidelity wireframe using Adobe Xd. Through the engagement of our key stakeholders, we were able to refine 
the COPE tool to provide the key elements they desired including pertinent patient medical information, checklist for 
planning when seeking urgent care, and coordination of care with the medical team and other caregivers.  
 
Introduction 
Children with cancer and their caregivers encounter many barriers to optimal care when preparing for and then seeking 
care in the emergency department (ED). In our extensive clinical experience, we have seen these barriers first-hand. 
First, most newly-diagnosed children were previously healthy and unlikely to have experienced serious medical issues 
previously. Consequently, caregivers may be unfamiliar with navigating the healthcare system, especially in an urgent 
situation. Secondly, caregivers may not know or be able to accurately relay their child’s current therapies, making it 
difficult for them to provide this information to emergency care providers.1,2 Third, and perhaps most important, 
caregivers may not fully recognize how serious seemingly minor complications can be when they occur among 
children with cancer. For example, a fever that would be managed at home for a healthy child may (for a child with 
cancer) be a sign of a serious bacterial infection that needs medical evaluation and treatment urgently.3,4  
 
To address these issues, we are developing a mobile health (mHealth) tool for caregivers of children with cancer: the 
Children’s Oncology Planning for Emergencies (COPE) tool. Research has shown the potential for caregiver-focused 
mHealth tools to enable caregivers to become more efficient, effective, safer, and less stressed while managing their 
child’s care.5 However, there are few such mHealth tools in use. Some supportive tools such as patient portals6 or care 
management plans have successfully allowed caregiver access to patient information7,8, but they were not designed to 
assist with the emergency planning experience for children with cancer and their caregivers.  
 
In this paper, we describe the human-centered development and evaluation of an early-stage prototype of the COPE 
tool in collaboration with caregivers and healthcare professionals. We present the stakeholder-engaged design process, 
and the current prototype. We then present specific findings from two rounds of rapid prototyping interviews. This 
paper contributes key insight and understanding into both the processes taken by caregivers when preparing to seek 
care in the ED for their child with cancer and the aspects they desire within a mHealth tool to assist in this journey.  
 
Related Work 
Children with cancer require evaluation and management in the ED for a variety of reasons and often have extensive 
utilization.9,10 There is currently little medical literature that focuses on the full experience of children with cancer who 
encounter medical emergencies in the community setting. The National Cancer Institute (NCI) and the National 
Institutes of Health (NIH) Office of Emergency Care Research have recently recognized that this information is 
lacking.11 Unexpected medical emergencies can be stressful and even traumatic for patients and their caregivers; 
therefore, this aspect of care is an important area to explore.12,13 
 
Human-Centered Design and Healthcare Technologies  
In the past, the development of a tool such as COPE would have been designed with minimal patient or caregiver 
input. However, federal funding agencies such as the NIH and PCORI have recently begun to recognize that this 
traditional research approach featuring minimal end-user involvement has failed to result in research that is highly 
relevant to actual health decisions faced by users and has led to many interventions and tools not achieving outcomes 
desired by patients.14 Consequently, these organizations have urged the inclusion of the patient perspective in all 
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aspects of the research process. This study incorporates human centered design methods15,16,17 with traditional 
qualitative research methods. Human-centered design uses various techniques to communicate, interact, empathize 
with, and stimulate the people involved. Its techniques allow research teams, which includes experts in design 
thinking, to obtain an understanding of people’s needs, desires, and experiences in ways that often transcend what 
people themselves actually realize.18,19  
 
User-centered design methods are not new,20,21 however its application in healthcare is recent with early applications 
primarily seen in medical engineering, health information management, and safety-oriented analyses.22 This approach 
is beginning to expand into more traditional areas of health research. Unlike traditional qualitative or quantitative 
research, user-centered design approaches allow stakeholders, especially patients and caregivers, to participate in 
multiple aspects of the research process (i.e., research design, planning, and implementation) in new and innovative 
ways. Design techniques such as rapid-prototyping,23,24 which was used in this study, was able to elicit reactions to the 
prototype and provide feedback related to content, look and feel, and user interface. 
 
Caregiver-focused Technology Research 
Scholars in Health Informatics and Human-Computer Interaction have devoted increased attention to caregivers as 
users of health technology, but this research has yet to translate to pediatric cancer applications (apps). Researchers in 
Human-Computer Interaction have demonstrated the unique needs and priorities for cancer caregivers as they balance 
parenting and caregiving duties25,26 and provided design implications for adolescents and parents to coordinate cancer 
care.27,28 However, these findings have yet to be implemented in apps for cancer. A review of the literature found that 
most caregiver-focused technology interventions are developed for caregivers of adults with cancer rather than 
children, ignoring the unique needs of this population. A recent meta-analysis indicated that although these 
interventions had small to medium effects, they significantly reduced burden, improved the ability to cope, increased 
self-efficacy, and improved aspects of caregivers’ quality of life.29 Yet, several recent reviews highlighted a lack of 
interventions to provide practical skills for the day-to-day provision of care.2,30 One app we found was developed to 
support caregivers of children with acute lymphoblastic leukemia in China, but is limited to Android users in the 
Chinese population as well as a specific type of cancer.31 Another app also provided supportive care for caregivers of 
children with cancer, but is specific to the resources available in Australia.32 Future research is needed to support the 
development of caregiver-focused technology in pediatric oncology that can assist a broader population of caregivers 
with provision of care.  
 
Prior Work: Feasibility and Acceptability of Mobile Apps for Caregivers of Children with Cancer 
Prior to the start of this current study, we had performed a survey to understand better mobile technology usage, 
barriers, and desired mHealth tools by caregivers of children with cancer.33 In this mailed, cross-sectional survey, we 
found that the vast majority (99%) of respondents owned a smart phone and 37% reported no barriers to mobile 
technology use. We determined that the majority of caregivers (85%) desired a mHealth tool that would support them 
in the medical management of their child with cancer. Therefore, this suggests that caregivers of children with cancer 
would be receptive to and able to use a mobile app with minimal barriers. 
 
Methods 
Study Design 
This is a pilot, qualitative research study that consisted of developing a prototype of a mHealth app using input from 
a variety of key stakeholders. In the first phase of this project, we engaged with caregivers of children with cancer and 
healthcare professionals involved in the management and triaging of children with cancer experiencing medical 
emergencies.  
 
In the second phase, we performed two rounds of rapid prototyping interviews with the intended end user (i.e. the 
caregiver) using a semi-structured qualitative interview. The interviewer asked caregivers to freely explore the 
prototype and try to speak their thoughts aloud and ask questions. As caregivers commented, the interviewer would 
follow-up to probe deeper into the comment or to get clarification. The interviews were audio recorded and the screen 
was recorded so that during analysis, the reviewer could refer to which screen was being referenced by the participant. 
Between rounds, the prototype was refined based on caregiver feedback. The IU Institutional Review Board and IU 
Simon Cancer Center Scientific Review Committee reviewed and approved this study. 
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Study Population/Identification of Cases 
Participants were caregivers of a child with cancer between the 
ages of 11-21 with the following eligibility criteria: (1) 
participants had adequate English-language proficiency with 
grossly normal cognitive function, (2) the child was currently 
receiving cancer therapy at Riley Hospital for Children, and (3) 
the child had visited an ED within the last year while on 
treatment for their cancer (i.e., not initial diagnosis visit). Those 
patients whose therapy was predominantly inpatient (e.g., 
Acute Myelogenous Leukemia or those undergoing Stem Cell 
Transplant) and those who were receiving hospice-directed care 
were excluded since the goals of care in the ED setting are 
different than those of therapies with curative intent. 
Demographics and eligibility of the caregiver’s child with 
cancer were obtained from the Clinical Trials Office and the 
medical record. We recruited participants through flyers posted 
throughout the inpatient and outpatient clinic. When this did not 
yield adequate number of participants, we contacted potential 
participants based on the clinical list of patients diagnosed with 
cancer at Riley Hospital for Children which is compiled and 
maintained by our Clinical Trials Office. Potential participants 
were contacted by phone to assess interest in recruitment. We 
then scheduled the in-person interviews, which were conducted 
either in the inpatient setting or in the outpatient clinic at Riley 
Hospital for Children. If the child had multiple primary 
caregivers, then we allowed for more than one primary 
caregiver to participate in a joint interview. 
 
Participants 
In round one, a total of 10 caregivers in eight interviews were 
interviewed. In round two, five caregivers in four interviews 
were interviewed. In total, 15 caregivers of 12 children with 
cancer participated in the study. Interviews lasted about 30 
minutes on average. Demographics of caregivers was not collected, but demographics of their child with cancer are 
presented in Table 1. The median age was 6 years with a range of 1-20 years. The majority was male (58.3%), white 
non-Hispanic (100%), diagnosed with Acute Lymphoblastic Leukemia (ALL) (58.3%), and lived more than 1 hour 
away from their treating institution (83.3%). The median monthly time since diagnosis was 10 months (range: 2-34 
months). 
 
Analyses 
Each interview was reviewed and transcribed with a mix of paraphrasing and direct quotes34 to capture content from 
the audio. These transcriptions were then analyzed using NVivo 12 by a team member trained in human-centered 
design and qualitative analysis and who created the prototype app. Data from the transcriptions was grouped by 
similarity, allowing themes to emerge freely from the data35; no coding structure was imposed initially. In this way, 
overarching themes could emerge that would suggest wholistic edits across the app. Data that related to specific app 
sections was also coded in themes by section and then by Function and Content to allow for easy translation into more 
granular app edits. This same approach was taken for both rounds of interviews. 
 
The COPE Tool 
As part of a larger project investigating technology opportunities for pediatric cancer caregivers, we designed the 
Children’s Oncology Planning for Emergencies (COPE) tool. The version evaluated in this study is minimally 
interactive low-fidelity prototype of a proposed mHealth smartphone app, utilizing Adobe Xd. 
 
The COPE prototype has six main components. The first component is medical history, a place where caregivers could 
input details of their child’s medical information that could be needed in an emergency situation. The second 
component is symptom checking, a place where common symptoms such as fever and pain could be documented and 

Table 1. Demographics of Caregiver 
Participant’s Child with Cancer 

 Caregiver’s Child 
with Cancer N=12 

 N (%) 
Age (years) 
Median 6 
Range 1-20 
Sex 
Male 7(58.3) 
Female 5(41.7) 
Race/Ethnicity 
White, Non-Hispanic 12(100) 
Black, Non-Hispanic 0(0) 
Hispanic 0(0) 
Type of Cancer 
Acute Lymphoblastic 
Leukemia 

7(58.3) 

Central Nervous System  1(8.3) 
Solid Tumor 3(25.0) 
Hodgkin Lymphoma 0(0) 
Non-Hodgkin 
Lymphoma  

1(8.3) 

Time since diagnosis (months) 
Median 10 
Range 2-34 
Distance from treating institution 
Less than 1 hour 2(16.7) 
1 hour or more 10(83.3) 
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advice given based on the inputted information. Users can also contact their medical team; make an emergency plan 
that includes automated features such as texts/emails and a packing list; find a nearby emergency department; and 
access resources such as sanitation and port access videos. The final version of the prototype includes a section for 
caregiver to take notes. 
 

     
Figure 1. Images of the final Children’s Oncology Planning for Emergencies app 

 
We developed the COPE prototype using a human-centered design process, iteratively gathering input from caregivers 
of children with cancer and healthcare providers. Prior to the current project, we sought to assess how caregivers 
prepare for and manage a medical emergency that arises in the community setting by performing a qualitative 
evaluation of ED visit preparations taken by children with cancer and their caregivers using self-reported interactive 
toolkits. Eligible participants included children with cancer (age 11 – 21) currently receiving therapy for a cancer 
diagnosis with an ED visit (besides initial diagnosis) within the previous 2 months and their caregivers. Participants 
received a paper toolkit, which was structured as experience maps with several generative activities. Toolkits were 
transcribed, thematically coded, and iteratively analyzed using NVivo 12.0 software. A total of 25 toolkits were 
received (7 children, 18 caregivers), with about three-quarters of participants living greater than 1 hour from the 
treating institution. Themes included struggles with decision-making regarding when and where to seek ED care, 
preparing to go to the ED, waiting during the ED visit, repetition of information to multiple providers, accessing of 
ports, and provider-to-provider and provider-to-caregiver/patient communication. The goal of this study was to inform 
the tool to support this population in planning for and managing emergent medical issues as well as improving patient 
and caregiver satisfaction, patient centered outcomes, and clinical outcomes. This data was the basis of the initial 
prototype. 
 
We utilized the information and ideas generated from the toolkits as the basis for a design research session that was 
conducted with healthcare providers to provide further input on the design of the tool. All of this information was then 
compiled and utilized to create the COPE tool with the goal of improving the patient and caregiver experience, patient 
centered outcomes, and clinical outcomes for children with cancer and their caregivers when seeking care in the ED 
for urgent medical needs. We hypothesize that prototyping this tool among caregivers will provide insightful feedback 
that would aid in the development and refinement of a mHealth tool that is best suited for their unique needs. 
 
We tested the COPE prototype in two rounds. Adjustments for round two of the prototype incorporated feasible 
suggestions by caregivers as well as further refinements that we tested among a smaller segment of caregivers in round 
two. Key changes included: adding their treating institution’s logo, a log-in screen, additional symptoms to the 
symptom tracking page, additional content to the medical history page, image upload feature to the medical history 
page, medication descriptions to the medical history page, and a ‘my notes’ section.   We had initially included an 
‘entertainment’ section and a red color theme to match the hospital’s branding, but removed both based on feedback.  
 
Results 
Our findings suggest that caregivers are enthusiastic about the prospect of a mHealth tool such as COPE to support 

899



them when their child has a medical emergency, and that such tools can help caregivers feel calm and reassured while 
keeping them informed and connected. As one caregiver commented, “As a parent I would love to see this happen. It 
would make decision-making a lot easier.” Our collaboration with caregiver stakeholders also revealed that caregivers 
of a child with cancer engage in a series of complex processes when a medical emergency arises in the community 
setting and they prepare to seek care in the ED. Our results show three key ways that mHealth tools such as COPE 
can support caregivers: access to a thorough patient medical history, ED-specific planning support, and 
communication with the medical team and their family support structure.  
 
Emotional Response to Using the App: Calm and Reassurance 
When asked about how caregivers wanted an app that supports planning for emergencies to make them feel, the most 
common responses were calming or reassurance: “Calm comes to my mind. This would just be another thing to calm 
you and ease your mind. If you looked up a side effect, and went, ‘Oh okay vomiting is a common side effect.’ While 
you still may let your doctor know, it can kind of ease your mind.” Technologies that act as backup notetakers can be 
especially valuable during an emergency, when caregivers have a lot of competing demands on their attention: 
“Calming, organization, knowing you have everything. Don’t have to think about ‘am I missing anything?’ I’m not as 
organized so if you have everything written down...” “Sense of security. Having the information you need just in case 
you forget. Or if you can’t think of it off the top of your head.” 
 
Patient Medical Information Requirements: As Detailed as Possible 
One way in which COPE provides reassurance is through access to a detailed patient medical history, which can be 
easily forgotten or lost in an emergency. Caregivers appreciated this feature, suggesting many additional types of 
information an app like COPE could provide. These suggestions included factors related to the patient such as: patient 
past medical history, appropriate port needle size, patient blood type, date of diagnosis, chemotherapy treatment 
timeline, laboratory data (specifically the absolute neutrophil count trends), medication allergies, vaccination history, 
and the ability to upload images of radiographic findings or other medical documents.  
 
In regards to the patients’ medications, caregivers desired to have these listed on the patient information page and also 
wanted there to be more information available regarding what the function of the medication is for and any potential 
medication side effects. Caregivers expressed that having these listed would improve their ability to relay them to the 
medical teams since they find it difficult to recall all of the names of the medications their child is receiving. One 
caregiver described her child’s “bucket of medications.” In addition, the names of the medications can be difficult to 
memorize and pronounce properly. The medication list avoids this problem, as one caregiver described: “My wife’s 
really good at knowing all the medical terms. I’m not as good at that. Especially medications that I have a hard time 
pronouncing. Better to show them than play guessing games”. Caregivers also suggested a feature in the medical 
history page that would provide descriptions of medications to help caregivers remember which medication is for 
which purpose. “Medications definitely because I can’t pronounce anything. Would they come with maybe where you 
could click on it and get a small description of them too? Because that would also be nice...What’s that one do? Even 
just a brief little, ‘This one is for nausea or aches and pains.” Medication tracking was a popular suggestion for 
helping to decrease caregiver burden. Caregivers wanted a place to track when medications were given and get 
reminders of the next doses. Some children are on multiple medications that can be difficult to keep track of. One 
caregiver suggested: “One thing you could do is have a medication list and it has a timer that lets you know it’s time 
[for meds].” 
 
Consolidated Information Retrieval and Planning: All in One Place 
When children with cancer develop a medical emergency in the community setting, there are a series of 
communications that occur with the medical team in preparation to seek care and when they arrive at the ED. This 
information work begins before caregivers even know which ED to contact. While preparing for travel to the ED, we 
created a maps page that would show their local ED. Caregivers suggested that additional details about the specific 
ED would be helpful including if the hospital had pre-arrival check-in capabilities, whether or not the hospital staff 
has experience with port access, the size of the hospital and what its trauma level designation is, what health system 
the hospital belongs to and whether the family’s insurance is accepted, whether or not the hospital has an oncology 
department, whether or not the hospital has a pediatric care specialist, and reviews from other families.  
 
After arrival at the ED, the COPE tool was seen by caregivers as a way to decrease the burden of retrieving all 
necessary information. Caregivers mentioned how the app would make things easier for them by decreasing what they 
had to remember, keep track of, and decide. One caregiver, when asked if there were any other resources she thought 
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would be helpful said, “Anything that’s less thinking.” Caregivers reported that it was a burden to try to find 
documents from previous clinical visits. Several expressed difficulty keeping track of their personal identification and 
medical insurance cards. Multiple caregivers described digging through purses or binders for paperwork and 
information and some suggested that the app could help with this burden by keeping everything in one place: “I’m 
forever digging around in my purse for the cards.” “As part of that admission process, you’ve got all this-your kid is 
sick and you’re digging through your bag trying to find all the things they need. If you could just say, ‘here it is.’ Just 
so it’s all right there.”  
 
Care Coordination With the Oncology Team 
In addition to coordinating with the medical team at the ED, caregivers of children with cancer must also loop in their 
oncology team. Caregivers envisioned that the app might help them get in contact with their treating institution faster 
during an emergency. They mentioned that they must use various phone numbers given to them by their children’s’ 
oncology teams; specifically the on-call numbers were frequently used and very valuable to them. They discussed 
having been given a different number for regular business hours and a number for nights and weekends: “At least two 
main numbers. We have a number to get ahold of someone and the after hour’s number. Sometimes you forget which 
you programmed [your phone] to.” Many caregivers wanted the app to automatically call the correct number based 
on the time of day or day of the week: “That is nice! I like that a lot! Because when you are worried, upset, you’re 
thinking ‘who do I need to call’ and going through your contacts. Just having that would be super good. I like that!” 
Upon calling the number for regular business hours during a night or weekend, they are typically sent through an 
operator who contacts the on-call provider. Once the on-call providers reaches the operator, the operator then calls 
back the caregiver and connects the caregiver to the on-call provider. This was frustrating to some caregivers who 
wished they could get help faster: “Right now you have to call someone and they have to call you back. Is it better to 
call someone on the phone versus thinking you know what you’re doing on an app? If he’s cramping for two hours 
and it’s getting worse, what do I do?” A few caregivers suggested other ways to contact their treating institution such 
as via text or video chat. 
 
Caregivers believed the app might help with care coordination between their ED and Oncology medical teams. Many 
reported that their treating institution usually called their local ED to coordinate care. There were some, however, who 
had not had success in this area: “Home ED told us it wasn’t a perfect world and they didn’t have to talk to [our 
treating institution].” This care coordination was very important to caregivers. One caregiver suggested: “I would 
change being able to text somebody [at our treating institution]...‘Hey can you please call [the local ED] and let them 
know they’re not supposed to do anything with him other than get him stable until [our treating institution] is in 
contact with them.” Specifically, caregivers hoped that the Resources Section, especially the ‘Letter from the 
Oncologist’ (as long as it was kept up-to-date), would help coordinate care between the treating institution and a local 
ED. The letter included recommendations for patient evaluation and treatment along with contact information for the 
treating institution oncology team. “I really like the letter because if you have to go to a different hospital. I can kind 
of remember the medical language, but having that would be super helpful.” There was an education video about how 
to access a port-a-cath that caregivers thought might help local ED staff who are less familiar with port access: “We’ve 
been concerned if we would ever have to have her accessed at a different hospital. I could see our local hospital 
pulling out a big manual and going step by step. You don’t have a lot of confidence when they do that.” Caregivers 
wondered, however, how they might approach medical staff about watching the video: “I would hope nurses would 
be open to reviewing it before accessing it.” 
 
Other Requests: Multiple Caregivers, Note Taking, Symptom Tracking 
Inclusion of Other Caregiver Members: Caregivers expressed that it was important for multiple caregivers to be 
able to manage the child’s account on the app. This would allow for any of the potential caregivers to have access to 
the information and planning for when a medical emergency arises while they care for the child with cancer.  
 
Incorporation of Note Taking: Multiple caregivers suggested the app could include a note-taking capability so 
caregivers could capture their own notes in the same place as the rest of their child’s information. Caregivers felt that 
this note-taking feature would allow them to adapt the app to fit their existing practices. As one parent put it: “We all 
have our own ways of doing things. Mine is writing it all down in a journal. You know just, the trip, how he did. Any 
hiccups we come across. I do it [in a physical journal].”  Caregivers’ note-taking goals varied. Some were focused 
on the immediate use. For example, one caregiver wanted to take notes of what her child’s oncologist said to review 
later: “Somewhere to just write down pinpoints of what your doctor says or add a recorder in there to go back and 
listen to what they’ve said.” Other caregivers wanted to take notes for posterity. As one caregiver put it: “I have all 
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this information here that one day he’s going to come back and ask me about. Right now he’s still just processing 
cancer.”  
 
Future Ability to Track Symptoms: Our initial intent with the COPE tool was to only focus on preparing for when 
a medical emergency arose, but many caregivers pointed out that in the event of an emergency they need to describe 
the symptoms the child is experiencing. Therefore, they recommended the inclusion of the ability to track the patient’s 
symptoms. One specific request was the be able to track pain.  In addition, many caregivers talked about the specific 
symptoms they were asked to monitor for their child’s cancer type. As one caregiver mentioned: “We had mouth 
sores, facial swelling, toe infection concerns.” Caregivers were interested in the ability to have additional symptoms 
included on the symptom tracking page based on the child’s diagnosis. 
 
App Security Concerns 
Caregivers were asked about how to ensure their trust in the app. They suggested that their treating institution’s 
branding and a login feature would help them feel safe using it. Many relayed that if it were recommended to them by 
their child’s oncologist, or if it came from their treating institution, they would trust the app: “Like if it said it was 
from [our treating institution]. Anything they’ve given us that says it’s trusted. Just like the phone system. Maybe [our 
treating institution’s] logo.” “I trust in you guys I guess. [This is] where all of our faith is right now.” In addition, 
many suggested that a log-in process might help protect the data on the app: “Something you read in the beginning 
when you first open it have some text about how your info is protected. Maybe a lock thing you have to login to get 
into the app.” 
 
Discussion and Implications 
Caregivers of children with cancer were optimistic that a mHealth tool could support them when a medical emergency 
arises in the community setting. The prototyping process outlined in this paper demonstrated continued refinements 
to the tool that aligned with the complex needs experienced by caregivers as they proceed through the typical steps to 
determine their child needs urgent evaluation, contact the oncology team, prepare and pack for an ED visit, and initiate 
the evaluation process upon arrival to the ED. We believe that involvement of caregiver stakeholders in the co-design 
process is imperative for success in future research utilization of a mHealth tool to support caregivers of children with 
cancer.  
 
Our original prototype had included information gathered from caregivers and children with cancer via a qualitative, 
user-centered design toolkit that walked them through the process of experiencing an emergency through completing 
an ED encounter. We appreciated that through this prototyping process outlined in this paper, we were able to gather 
and incorporate practical recommendations after the caregivers were able to “work with” the low-fidelity app 
prototype. We believe that by viewing the prototype, caregivers were better able to consider the steps in the process 
of preparing for an emergency more concretely. This open the conversation to include more practical application use 
by the caregivers. Thus, this led to improvements in the both the necessary information that should be contained within 
the app, but also the function of the features desired by caregivers.  
 
Our original focus had been only on the preparations for seeking emergency care, but caregiver’s insight and expertise 
revealed a larger base of need including the inclusion of medications and a capacity to track their child’s symptoms. 
When assessing the practical needs of actually engaging with the oncologist over the phone and discussing the medical 
situation that led to an ED visit, caregivers appropriately identified two areas that a mHealth tool could further support. 
The addition of the medication list, function of the medications, and possible side effects would be key for keeping 
track of any recent changes which could impact clinical complications. Similarly, many of the chemotherapy 
medications cause a wide range of side effects and therefore the incorporation of symptom tracking could potentially 
improve communication with the medical teams when seeking care in the ED. Future research focus should be placed 
on these components in order to design an optimal platform for managing medications and tracking symptoms.  
 
Important insight was gathered from caregivers about their ability to trust an app that would include personal health 
information for their child within it. It was clear from their responses that they have a strong trust within their 
healthcare system and for the medical providers whom they interact with. We hope that the inclusion of the hospital 
logo and utilization of the affiliated academic institution color schema will provide necessary reassurance of trust from 
the caregivers. It will also be imperative for the entire oncology provider team to be aware of the security features of 
the app in order to ensure their encouragement of caregivers to utilize the app. If both the caregivers and oncologists 
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trust the security and integrity of the app, this could improve utilization of the app and its incorporation into clinical 
care.  
 
Our team is moving forward with the continued co-design, refinement, and testing of a mHealth tool to support 
caregivers in the overall medical management of their child with cancer. The key features and elements of the planning 
for emergency tool will be incorporated into this more comprehensive app. The decision to focus on medical 
management stemmed from our previously mentioned survey where the caregivers expressed that the most desired 
were medical knowledge, medication reminders, and symptom tracking23. Our experience of engaging with caregivers 
in the project outlined in this paper was instrumental in envisioning the scope of the broader mHealth tool. Their 
experience and concerns they wanted addressed aided in the ability to create a defined scope surrounding the focus of 
addressing supportive care for children with cancer through organized medication lists with reminders, specific 
medical information directly related to symptoms, and monitoring symptoms experienced by patients. It is our hope 
to continue to find innovative methods to include caregivers in the co-design and creation of this future app and 
evaluate the impact on specific patient and caregiver outcomes. In order to create the optimal tool for this population, 
our future endeavors will strive to include a diverse set of caregivers that are representative of the heterogeneity of 
our population of children with cancer.   
 
Limitations 
Our results highlight additional opportunities to support caregivers in the care of their child with cancer. However, we 
acknowledge some limitations. First, we had a small sample size of caregivers and healthcare providers, our results 
may not reflect all the viewpoints of caregivers and healthcare providers at Riley Hospital for Children. Second, our 
participants represent a homogenous population concerning race/ethnicity. Although our participants were from 
diverse locations in the state of Indiana, our results may not be generalizable to other institutions or geographic areas. 
We did not capture demographic data specific to the caregivers, thus missing the opportunity to ensure diversity in 
our sample. Future work should aim to explore these results among a larger and more diverse population.  
 
Conclusion 
The COPE tool was designed as part of a larger project that investigated technology opportunities for caregivers of 
children with cancer. The portion of the project evaluated in this study is a minimally interactive low-fidelity prototype 
of a proposed mHealth smartphone app utilizing Adobe Xd. An important next step is to continue to refine the app 
through engagement via alpha testing with both caregivers and healthcare providers. Future work should focus on 
evaluating the feasibility and efficacy of the app, including measuring its impact on both caregiver and patient health 
outcomes. We intend for this preliminary work to set the stage for a high-fidelity prototype that will be used in a real-
world setting.  
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Abstract 
Clinical depression affects 17.3 million adults in the U.S. However, 37% of these adults receive no treatment, and 
many symptoms remain unmanaged. Mobile health apps may complement in-person treatment and address barriers 
to treatment, yet their quality has not been systematically appraised. We conducted a systematic review of apps for 
depression by searching in three major app stores. Apps were selected using specific inclusion and exclusion criteria. 
The final apps were downloaded and independently evaluated using the Mobile Application Rating Scale (MARS), 
IMS Institute for Healthcare Informatics functionality score, and six features specific to depression self-management. 
Mobile health apps for depression self-management exhibit a wide range of quality, but more than half (74%) of the 
apps had acceptable quality, with 32% having MARS scores > 4.0 out of 5.0. These high scoring apps indicate that 
mobile apps have the potential to improve patient self-management, treatment engagement, and mental health 
outcomes.  
 
Introduction 
Clinical depression— defined as a prolonged period of sadness, loss of interest, and impairment in daily functioning— 
is highly prevalent in the U.S.; it affects more than 17.3 million adults including 13.1% of young adults between the 
ages of 18 and 25 and 13.3% of adolescents between ages 12 and 17.1 Approximately 35% of adults with depression 
and over half of adolescents do not receive any form of treatment.1 Patients face numerous barriers to accessing 
professional treatment for depression, including social stigma, lack of financial resources and health insurance, lack 
of appropriate transportation and time, not even knowing where to receive treatment, and lack of faith in the efficacy 
of treatment.2 Lack of treatment for depression leads to several consequences such as worsening symptom severity, 
societal burdens such as higher healthcare costs, and suicide.3,4 

Mobile health (mHealth) technology presents exciting opportunities to address barriers to access and delivery of 
depression treatment. Currently, 96% of American adults own a cellphone and 81% own smartphones.5 In 2018, 95% 
of adolescents reported that they use smartphones daily.6 Further, younger adults spend an average of three hours a 
day on their smartphones.7 As such, mHealth applications (apps) on smartphones can be leveraged to offer a 
convenient, affordable, and accessible option for the self-management of depression, especially as many adults and 
adolescents with depression do not formally engage in mental health treatment.8 Specifically, mHealth apps offer low-
cost, in-home treatment by reducing travel to in-person psychiatric care, concerns about cost, stigma, and time 
associated with seeking depression treatment may be mitigated. Apps may also offer a broader set of self-management 
tools for depression including promoting mindfulness, social support, healthy sleep and eating habits, appointment 
and therapy adherence, and diet, nutrition and/or exercise. While some in-person care is clinically necessary for many 
patients, apps may be a complementary solution to in-person care that reduces the burden of depression treatment for 
patients. 

Several studies have shown that the use of mHealth apps can effectively reduce symptoms of depression.9-11 In one 
study of 96 individuals with severe symptoms of depression and anxiety, participants reported a reduction in 
depressive symptoms by 50% after the mHealth intervention.9 Another study measured the effectiveness of a mobile 
app for reducing depressive symptoms in the workplace and found that after five weeks of use, depressive symptoms 
were significantly lower, self-reported job performance was higher, and more than 90% claimed that it helped improve 
their mental fitness.10 A 2019 study that reviewed 19 RCTs focused on mHealth apps for mental health disorders 
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including depression found that individuals using apps targeting overall depression had significant pooled effects on 
improvements in self-reported symptoms using validated surveys compared to control groups.12  
 
While these literature reviews have appraised the effectiveness of a small number of mental health apps, many of 
which are used only in academic research settings, they do not address the abundance of commercially available 
depression apps that consumers are more likely to find and use without adequate clinical guidance or recommendation. 
In particular, one of the existing challenges consumers face when considering mHealth apps for self-management of 
depressive symptoms is uncertainty around app quality, which can be defined as the caliber of an app’s technical 
functioning (navigation, aesthetics, usability) and content (evidence-based information, useful features).13  In previous 
systematic reviews of mHealth apps for mental health, the lack of clinical guidelines and efficacy have limited 
widespread adoption and use.14-16 Mobile interventions that are not rigorously evaluated may provide unhelpful or 
even harmful mental health information for consumers. Further, apps that are perceived as ineffective may reinforce 
the belief that there are no efficacious treatments or self-management tools for mental health. This study aimed to 
systematically review commercially available apps for depression self-management, including a thorough assessment 
of quality, functionality, and features using a validated review methodology.  
 
Methods 
We followed a previously established 
methodology for systematically 
searching and reviewing 
commercially available apps.17 From 
February to March 2019, a systematic 
review of mobile apps for depression 
was conducted by entering six 
relevant search terms across three 
major mobile app marketplaces: 
Android Google Play Store, Apple 
App Store, and the Amazon Appstore. 
Search terms were: "depression," 
"mood improvement," "mental health 
self-management," "depression 
monitoring," "depression screening," 
and "depression self-management." 
Four rounds of reviews were 
completed to account for the pre-
specified exclusion criteria (Figure 
1). During the first round, most of the 
excluded apps were unrelated to 
depression or were games or books. 
During the second round, apps were 
excluded if they were educational (for 
students) or diagnostic only, or only 
tracked mood using a diary feature. In 
the third round, apps that were 
targeted for anxiety only, no longer 
available, or required a health system 
login were also excluded. The final 
apps were downloaded and screened 
to ensure that they were functioning 
and not duplicative, ending with a final list of 31 evaluable apps. Each app was reviewed by at least two reviewers 
using either iOS on an iPhone, or Android OS on a Samsung phone, depending on where the app was available; some 
apps were only available in one app store.   
 
The final apps were independently reviewed and rated according to the Mobile Application Rating Scale (MARS), 
IMS Institute for Healthcare Informatics functionality score, and six specific depression self-management features. 
The MARS evaluates apps on four objective quality scales: engagement, functionality, aesthetics, and information 
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quality.18 MARS also includes behavior change (anticipated effect of the app on the user’s behaviors) and subjective 
quality (overall satisfaction with the app) scales. All MARS scales are scored using a 5-point Likert scale, with 1 being 
inadequate and 5 being excellent quality. 
 
The IMS functionality score consists of seven functionality criteria, including the ability to communicate, display and 
record data, and guide, inform, instruct, and remind users.19 The record criteria includes four sub-criteria: collect, 
share, evaluate, and intervene upon data. These functionality criteria delineate specific app functions, compared to 
the MARS functionality scale which evaluates how well the app functions overall.  
 
Finally, each app was evaluated on six specific self-management behaviors for depression: treatment adherence, social 
support, exercise/nutrition, sleep, and mindfulness. These behaviors were selected based on reviews of existing mental 
health app features, in the absence of an official guideline of mHealth app features for depression.20-22  
 
Data were also extracted from the app stores including average star rating, number of downloads, version number, and 
cost. Each reviewer first rated the same four apps to evaluate inter-rater reliability (IRR) using the kappa statistic, with 
κ > 0.7 indicating good reliability. All subsequent apps were reviewed by at least two independent reviewers.  
 
Results 
Out of the 1,198 potentially relevant apps retrieved from the initial searches using the six search terms, 31 apps met 
the final inclusion criteria. The selection process and exclusion criteria are shown in the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) flow diagram (Figure 1). Most apps were excluded because they 
were unrelated to depression (n= 394), were games, books, videos, etc. (n=154), were designed for educational 
purposes (for students) only or diagnostic purposes only (n= 117).  
 
Table 1 provides the full list of the included apps and their characteristics. Among the 31 included apps, 77% (n=24) 
were free to download, but 23% (n=7) ranged in cost from $4.99 to $99 per month. All of them offered at least a three-
day free trial for users to experience before purchasing. The vast majority of apps (84%, n=26) were updated within 
the past year, and most of the apps were updated within the past three months (73%, n=19). The average consumer 
star rating across the apps was 4.36 out of 5. Overall, among the 18 apps with accessible rating information, 67% 
(n=12) had fewer than 5,000 ratings, and 33% (n=6) had 5,000 to 500,000 ratings. Over 90% (n=28) of the apps had 
in-app privacy policies, though interpretability of these policies and the use of lay language was not evaluated. 
 
  
Table 1. Descriptive Characteristics of Included Apps  

App Name Platform(s) Star 
Rating 

Installs Version Cost Privacy 
Policy 

Total 
IMS 

Funct 
Score▪ 

Pacifica (now Sanvello) Apple, Google 4.8 N/A 7.1.3 Free Yes 10 
Snapclarity: Online Therapy  Apple, Google 4.9 1,000+ 1.5.2 $39.99/w Yes 10 
Joyable  Apple, Google 4.3 N/A 3.6.4 $99/m Yes 9 
BetterHelp: Online Counseling Apple, Google 4.4 100,000+ 7 $35/w Yes 9 
Wysa: Anxiety and Depression 
Bot 

Apple, Google 4.4 N/A 4.4.4 Free Yes 8 

Youper: AIMindfulness  Apple, Google 5 500,000+ 6.06.008 Free Yes 8 
HelloJoy Apple 5 N/A 1.4.5 Free Yes 8 
InnerHour: Live Happier  Apple, Google 4.4 N/A 3.04 Free Yes 8 
DBT Daily  Apple, Google 4.6 5,000+ 2.0.5 Free Yes 8 
Depression Manager  Apple N/R N/A 10.3.1 Free Yes 8 
Talkspace: Online Therapy Apple. Google 4.1 N/A 8.48.06 Free Yes 7 
Woebot: Your Self-Care 
Expert 

Apple, Google 4.6 N/A 3.2.5 Free Yes 7 

Elevatr Apple 4.8 N/A 1.7.6 $4.99/m Yes 7 
Moodpath: Depression and 
Anxiety 

Apple, Google 4.7 N/A 3.0.0 Free Yes 7 
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Table 1. Descriptive Characteristics of Included Apps (continued)  
App Name Platform(s) Star 

Rating 
Installs Version Cost Privacy 

Policy 
Total 
IMS 

Funct 
Score▪ 

CBT Mental Health 
Application 

Apple, Google N/R N/A 1.01 Free No 7 

GG Depression Apple, Google 5 100+ 1.3 Free Yes 6 
iPrevail Apple, Google 3.5 N/A 3.6.5 Free Yes 6 
Lift: Depression and Anxiety Apple, Google 2.5 100+ 1.0.2 Free Yes 6 
Mental Health Intervention Apple, Google 4.2 1,000+ 1.6.1 $9.99/m Yes 6 
AkiliHealth Google 5 10+ 1.3 Free No 5 
BoosterBuddy Apple, Google 4.25 100,000+ 1.6 Free Yes 5 
feel better: Moods & Goals Apple, Google 4.4 5,000+ 1.0.2 Free Yes 5 
Depression Support Apple, Google 4.3 1,000+ 11.7.0 Free Yes 4 
dew.: Mental Health Navigator Google 3.8 100+ 1.0.2 Free Yes 4 
Psychologist: Anxiety, 
Depression, Stress, Couples 

Google 4.2 50,000+ 1.59 $24.99/w Yes 4 

Unthink: CBT and Mental 
Health 

Apple, Google N/R N/A 1.0.3 Free Yes 4 

PsyHeal Google 5 100+ 1.0.7 $8.40/m Yes 3 
What’s Up?: A Mental Health 
App 

Apple, Google 4.6 100,000+ 2.3.1 Free Yes 2 

LightExistence: Depression 
Aid 

Google 4.5 500+ 1.2 Free No 2 

Life Reboot: Fight Depression Google 3.9 10,000+ 1.6 Free Yes 1 
Depression Group Therapy Google 3 100+ 02.2019 Free Yes 0 
Abbreviations: m= monthly, N/A: not applicable; N/R: not reported, w= weekly, Star rating: 0-5 
▪This total functionality score refers to the IMS Functionality ranging from 0-11 (including the four sub-criteria for 
the “record” criteria).  
 
Functionality 
Figure 2 displays the functionalities of the included 
apps based on their IMS Institute for Health 
Informatics functionality scores. Across the 31 apps, 
the average number of functionalities was six out of a 
possible 11 (including the four sub-criteria for the 
“record” criteria). Most (71%, n=22) had seven or 
fewer functions, and 32% of apps (n=10) had four or 
fewer functions. Almost all of the apps had a record 
function (90%, n=28), and inform function (87%), 
n=27). Twenty-two had functions to remind or alert 
(71%), 16 to display (52%), 14 to instruct (45%), 13 to 
communicate (42%), and 11 to guide (35%). Pacifica 
and Snapclarity had the highest scores for 
functionality, both offering 10 of the 11 functionalities 
(Table 1).  
 
Among the 28 apps that had a record function, 96% 
(n=27) could collect data but only 25% (n=7) had the 
option to share the data with healthcare providers. 
Eight apps (29%) could evaluate the entered data, but 
only 7% (n=2) had a function to intervene by sending text alerts based on the self-reported data collected. Most of the 
apps focused on recording and collecting data for daily mood, sleep, and physical activity. They also provided 
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educational information about understanding and managing depressive symptoms. However, personal data analysis 
and feedback was not always provided within the apps.  
 
There were interactive features within some apps, including either communicating with an automated chatbot, or 
contacting licensed therapists or counselors. For example, Woebot, Wysa Anxiety and Depression Bot, and Youper 
offer real-time interactions with an artificial intelligence (AI) enabled chatbot to collect and record daily mood. 
Snapclarity, Talkspace, and Betterhelp offer users the option to talk one-on-one with licensed therapists and 
counselors. Further, Snapclarity provides users with shareable personalized mental health strategies, and connects 
them with qualified professionals who specialize in their areas of concern based on an initial in-app assessment. Users 
can connect to a therapist at any time through text or video chat. Pacifica has a feature that allows users to share their 
mood, goals, stress, and personal experiences to a peer support community designed to share daily accomplishments, 
anecdotes, and inspiration. Users also have the option to create or join specific chat groups such as an “anxiety” group 
or “afraid to fly” group to connect with other users going through the same experiences.   
 
MARS App Quality Scores 
Table 2 presents the overall MARS quality scores for the included 31 apps, and the four subscale scores (engagement, 
functionality, aesthetics, and information quality). The IRR between reviewers was considered high across the four 
MARS quality factors (κ=0.75 – 0.83). The overall MARS scores ranged from 1.6 to 4.6, and the average was 3.5 out 
of 5. More than half of the apps (74%, n=23) had acceptable MARS scores (≥3.0) and among those, 32% (n=10) had 
MARS scores ≥ 4.0. The functionality subscale had the highest average (4.1 out of 5), and the satisfaction subscale 
had the lowest (2.8 out of 5). Pacifica had the highest average total MARS score (4.6 out of 5), followed by Wysa 
Anxiety & Depression Bot (4.2), Youper – AIMindfulness (4.1), InnerHour- Live Happier (4.1), Elevatr (4.1), and 
GG Depression (4.1). 
 

Table 2. Top Rated Apps based on the Mobile Application Rating Scale (MARS)* 
App Name Engage Function Aesthetic Info Satisfaction Behavior 

Change 
Overall 
Score 

Pacifica (now Sanvello) 4.8 4.6 4.5 4.2 4.6 4.8 4.6 
Wysa: Anxiety and 
Depression Bot 

4.5 4.6 4.6 3.9 3.6 4.3 4.2 

Youper: AIMindfulness  4.4 4.4 4.3 3.9 3.8 4.2 4.1 
InnerHour: Live Happier  4.2 4.8 4.1 3.6 4.0 4.1 4.1 
Elevatr 4.3 4.5 4.5 3.4 3.6 4.4 4.1 
GG Depression  4.3 4.4 3.6 3.6 3.6 4.3 4.1 
Woebot: Your Self-Care 
Expert 

3.8 4.4 4.2 4.2 3.8 3.8 4.0 

Talkspace: Online Therapy 3.8 4.8 4.2 3.7 3.4 4.1 4.0 
Joyable  3.7 4.3 4.4 4.0 3.4 3.9 4.0 
Moodpath: Depression and 
Anxiety 

4.2 4.4 4.7 3.8 3.8 3.8 4.0 

*MARS scales are scored using a 5-point scale, with 1 being inadequate and 5 being excellent quality. 
 
Behavior Change  
Using the MARS behavior change score, the average score for behavior change was 3.5 out of 5. More than half of 
the apps (81%, n=25) had acceptable behavior change scores (≥3.0). Pacifica had the highest score for behavior change 
(4.8), followed by Elevatr (4.4), Wysa Anxiety & Depression Bot (4.3), and GG Depression (4.3). 
 
Depression Self-Management Features 
Table 3 includes the six depression self-management features. The most common feature addressed within the apps 
was promoting mindfulness and a positive attitude (81%, n=25), followed by social support (52%, n=16), healthy 
sleep habits (45%, n=14), treatment adherence (42%, n=13), nutrition and/or exercise (32%, n=10) and medication 
adherence (13%, n=4). The highest performing apps were AkiliHealth, Booster Buddy, InnerHour-Live Happier, 
Depression Manager, and Lift, which addressed five of the six depression self-management features.  
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Table 3. Top Rated Apps based on Depression Self-Management Features Included   

App Name Medication 
Adherence 

Social 
Support 

Treatment 
Adherence 

Exercise/
Nutrition 

Sleep 
Habits 

Mindfulness Overall 
Score 

AkiliHealth ü  ü ü ü ü 5 
BoosterBuddy ü  ü ü ü ü 5 
Depression Manager  ü  ü ü ü ü 5 
InnerHour: Live 
Happier 

 ü ü ü ü ü 5 

Lift: Depression and 
Anxiety 

 ü ü ü ü ü 5 

Pacifica (now 
Sanvello) 

 ü  ü ü ü 4 

Woebot: Your Self-
Care Expert 

 ü  ü ü ü 4 

Youper: 
AIMindfulness 

 ü  ü ü ü 4 

DBT Daily     ü ü ü 3 
feel better: Moods & 
Goals 

   ü ü ü 3 

iPrevail ü ü    ü 3 
Joyable ü ü    ü 3 
Wysa: Anxiety and 
Depression Bot 

ü    ü ü 3 

 
Overall App Quality 
After factoring in the MARS score, IMS Institute for Healthcare Informatics functionality score, and depression self-
management features, the highest performing apps included Pacifica, Youper, Innerhour-Live Happier, Wysa, Joyable, 
and Woebot.  
 
Discussion 
The purpose of this study was to systematically evaluate the quality and functionality of mHealth apps for depression 
self-management.  Based on our review, there was a wide variation in quality when evaluating apps using the MARS 
and IMS Functionality Score. While evidence suggests mHealth apps hold significant promise in delivering treatment 
for depression more broadly, our review highlights key areas of improvement for commercially available apps. 
 
In the past five years, research on the effects of mobile apps included in this review has grown and are showing 
positive outcomes. Results from a RCT using Woebot found that participants who used the app for two weeks showed 
a greater reduction in depressive symptoms compared to participants who received an informational e-Book on 
depression.23 Another recent study encouraged adults with depressive symptoms to use Pacifica as a self-management 
tool and found that participants who used Pacifica consistently had improved Patient Health Questionnaire-9 scores 
compared to infrequent users.24 Regarding apps that provide mobile therapy and counseling, a pilot trial found that 
adults who engaged in Talkspace found the app to be effective, convenient, and affordable.25 Another recent feasibility 
study found that the use of Betterhelp reduced depressive symptom severity in individuals who have not previously 
engaged in psychotherapy.26 Further, there has been growing research focusing on the effectiveness of chatbots, which 
were available in three apps in this review. Chatbots, driven by AI, are programmed to mimic human interactions, 
interpret the text and emoticons that the user shares and offer responsive conversations, guidance, and helpful advice.27 
While talking with the Chatbot, users may also have access to educational information, training courses, and diagnostic 
test results.  
 
However, our review also highlighted issues with existing commercially available apps that require further attention. 
First, consumers may have difficulty locating salient applications for depression treatment. In a study looking at the 
process of identifying an appropriate app for depression, the authors found that significant barriers exist for users to 
find an appropriate app in the three marketplaces.28 Overall, irrelevant apps outnumbered relevant apps by 3:1. 
Furthermore, 27.7% of the apps did not include depression in their names, 65% failed to describe their organizational 

911



  

affiliations, and 61.7% did not cite their content sources, making it very difficult for users to assess credibility and 
reliability. Our search process encountered these challenges, and from our initial list of 1,198 apps, a majority were 
irrelevant to depression. Many of the apps that were evaluated had questionable quality of information without any 
clear or reliable source. Since prior reviews of depression mHealth apps were completed, the number of available apps 
has greatly increased and is apparent by comparing the 243 apps identified in a previous systematic review28 to our 
initial list of 1,198 apps. This rapidly changing landscape reinforces the need for more streamlined and efficient 
methods to support patients in locating relevant apps for depression. 

Once downloaded, we noted tradeoffs in the apps between cost, quality, and functionality. Specifically, of the seven 
out of 31 apps we reviewed that cost money, four scored above a 3.0 on the MARS, and two scored a 4.0 or higher on 
the MARS. Notably, there were several high-quality apps that were free, with seven free apps scoring 4.0 or higher 
on the MARS. However, there was also discordance between quality and functionality within apps; many of the apps 
that scored high on overall quality had limited features, and those that had many features had poorer quality. These 
findings are concordant with other literature reviews of apps for depression. Another study of apps that offered 
evidence-based methods for cognitive behavioral therapy conducted in 2016 found a high variance in functionality 
and quality, and almost all of the apps lacked a privacy or safety policy statement.14 We found a similarly high level 
of variance in quality and usability, but in contrast, we found that only three apps lacked a privacy policy. While we 
did not study the policies in-depth, this general trend would suggest the app developers are more aware of app user 
and data privacy issues.  

mHealth technologies could play a significant role in addressing the current knowledge gaps that exist within 
depression self-management. As stated, many adults and adolescents do not receive any treatment for their depression. 
mHealth technologies could help bridge the gap by increasing access to care and accurate depression screening and 
help determine if this untreated population can benefit from mobile technology self-management approaches. mHealth 
also has the ability to generate vast amounts of data to help us understand how depression affects our population, and 
what self-management approaches produce beneficial outcomes. Further, the data generated could be rebuilt into apps 
as informatics-driven health interventions. For example, a certain event recorded in the app could automatically notify 
a provider when a patient is having a serious depressive episode or is at immediate risk for suicide. mHealth apps can 
enable research into the population who suffer without options for treatment and self-management, lead to more cost-
effective methods of managing depression, and reduce the overall burden on our health system. This vision for use of 
depression apps in practice is supported by a recent systematic review examining mental health apps in RCTs, which 
found significant positive effects for the apps tailored to depression.12 Nonetheless, these apps are not recommended 
to act as standalone mental health treatment at this time.  
 
In order for the promise of mHealth apps for depression to be realized, significant future research and app development 
efforts are needed. Specifically, there is a need to support consumers in appraising the quality of commercially 
available apps. Moreover, building on the early positive results of RCTs of depression apps, implementation science 
studies on the integration of these apps into clinical workflows as a complement to in-person clinical care are needed. 
Moreover, more multilingual apps and inclusion of telehealth features would expand access and use by a greater 
segment of the population, particularly disadvantaged individuals. Furthermore, future research on depression mobile 
app quality could classify the apps into categories based on their intended functionality. The various therapeutic 
approaches should not be evaluated as equal, given that their features and goals differ significantly ranging from 
chatbots to social support networks. A challenge to such a sub-analysis is that many of the apps reviewed incorporated 
a variety of approaches to self-management. For instance, an app might include a combination of video-based therapy, 
mood tracking, and education on therapeutic concepts. Meta-analyses to evaluate improvements in depressive 
symptoms and other health outcomes based on different app features, or combinations of features, could be valuable 
in understanding which features are most beneficial.   
 
Limitations 
A challenge to this study is the subjective nature and risk of bias when reviewing mHealth apps designed for mental 
health. The standardized methodology of the MARS and the usage of IRR to ensure agreement helps mitigate 
subjectivity. The authors were limited in the scope of apps that were available to evaluate, since a few promising apps 
were only accessible for institutional users, and non-English apps were excluded. Another limitation of this study is 
the lack of validated guidelines for mHealth interventions specifically for depression self-management. The 
depression-management app features were based on a previous literature review16 and the authors’ judgment of which 
features would be incorporated into a comprehensive set of approaches for depressive symptom management. Ideally, 
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an authoritative body of mental health and mHealth experts would establish standard, evidence-based criteria for 
beneficial self-management features for depression.  
 
Conclusion 
Apps designed to help manage depressive symptoms hold great potential for individuals living with depression. 
However existing tradeoffs in app quality and functionality, and lack of guidelines for incorporating evidence-based 
behavior change for depression management into mHealth, limit the full potential of these apps from being realized. 
As such, there is an urgent need for peer-reviewed research on mHealth interventions for depression to strengthen our 
understanding of what features and approaches are efficacious in reducing symptoms and improving quality of life 
and long-term patient outcomes.  
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Abstract  

Acute lymphoblastic leukemia affects both children and adults. Rising costs of cancer care and patient burden 
contribute to the need to study factors influencing outcomes. This study explored the quality of datasets generated 
from a clinical research institution. The ‘fit-for-use’ of data prior to examining survival/complications was determined 
through a systematic approach guided by the Weiskopf et al. 3x3 Data Quality Assessment Framework. Constructs of 
completeness, correctness, and currency were explored for the data dimensions of patient, variables, and time. There 
were 11 types of data retrieved. Sufficient data points were found for patient and variable data in each dataset (>70% 
of its cells filled with patient level data). Although there was concordance between variables, we found the distribution 
of lab values and death data to be incorrect. There were missing values for labs ordered and death dates. Our study 
showed that datasets retrieved can vary, even from the same institution.  
 

Introduction 

Acute lymphoblastic leukemia (ALL) is a blood malignancy noted for its quick progression and poor prognosis upon 
relapse1. Despite the improved therapeutic options for ALL in recent decades, only 20-40% of adults achieve long-
term remission2, 3. Treatment of ALL is expensive. On average, treatment costs for a newly diagnosed patient can be 
approximately $1 million (from diagnosis to relapse and from relapse until death)4. Due to the high cost of care, high 
resource utilization in health systems, and the burden on patients and their families, there is a need to better understand 
factors that may influence outcomes. 
 
Most studies focused on adult ALL survival rely on clinical trial data of only a few hundred patients, or registry data 
from public health reporting mandates. Registries are often limited in offering robust clinical details of treatment and 
information on other health conditions. Real-world data—data collected about a person’s health status or the 
delivery of care, which may include data generated from the electronic health record (EHR), insurance claims, and 
the patient themselves—can be obtained from multiple sources beyond typical clinical research settings5. Utilizing 
EHR data has the potential to improve research generalizability because study subjects may be more representative 
of real-world populations compared to those who enroll in prospective clinical trials6.  
 
Suitability of data for reuse is defined as “the fitness of a clinical dataset for the intended purpose, specifically the 
extent to which the dataset can meet research needs for observational studies.”7 Many studies reusing observational 
clinical data have identified issues with data quality8-10, because EHR data quality is considered highly variable10-13, 
and its “fitness for use” is dependent on the context of each research study14, 15. Poor EHR data quality negatively 
affects the validity and reproducibility of research results16. Data correctness, for example, can range anywhere from 
44-100%12. Completeness and sensitivity of different types of data can also vary depending on what research question 
is being pursued11-13. Hence, there is a need for systematic methods for EHR data quality assessment in the context of 
reuse7-9, 14, 16, 17. Data quality assessment explores the dimensionality18 of data available, as well as the data 
requirements to perform an intended study.  
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Datasets populated from multiple data sites can be assessed by a two-stage approach9 where: (1) a within-site and 
across-site data quality assessment is established using consensus standards through comparisons of cross-tabulations 
and descriptive statistics; (2) an analysis on datasets is conducted, usually focused on the independent and dependent 
variables directly related to the research question. Typically, researchers will retrieve a dataset and concentrate efforts 
on the data cleaning19 necessary to test a hypothesis of interest within an already-assembled dataset (stage 2)9. 
Amongst the few data quality frameworks available10, 17, 20, there currently is no consensus when it comes to defining 
what healthcare data quality is or how the process is characterized21. A ‘fit-for-use’ perspective applied to data quality 
assessments means understanding whether the data is appropriate to be used for its intended purpose to either attain 
knowledge, make decisions, or plan for the future9, 15. The Weiskopf et al. ‘3x3 Data Quality Assessment (DQA)’ 
Framework16 is one approach that offers a set of guidelines to systematically and transparently assess the quality of 
the data. However, few have attempted to fully operationalize the processes recommended in the DQA in the real-
world setting16. 
 
Being able to perform a survival analysis from high-quality, real-world data can pave way to a better understanding 
of ALL because much of the current research on survival is based on limited clinical trial and registry data. This paper 
explores stage 1 of the data quality assessment applied to the use case of examining the survival/complications of ALL 
patients comparing two clinical repositories from one academic medical center. The objective of this study is to 
operationalize the DQA guidelines by demonstrating the processes in a real-world dataset. This study aims to 
determine the quality of data generated from a clinical research institution, as part of a clinical data research network 
(CDRN).  
 

Methods 

The University of California (UC) Davis Comprehensive Cancer Center is a National Cancer Institute-designated 
comprehensive cancer center serving the California Central Valley and inland Northern California. This research study 
obtained approval from the Institutional Review Board at the University of California Davis (IRB# 228708).  
 
We requested EHR data from adult patients (age >18 years) diagnosed with ALL from a 17-year date period (January 
1, 2000 to December 31, 2017), identified using ALL diagnosis codes (ICD-9: 204, 204.0, 204.00, 204.01, 204.02, 
204.2, 204.21, 204.22, 204.8, 204.80, 204.81, 204.82, 204.9, 204.91, 204.92, 200.1, 200.3, 200.4, 200.5, 200.6, 200.7, 
200.8, 202, 202.0, 202.4, 202.7, 202.8, 202.9; ICD-10: C91, C91.0, C91.00, C91.01, C91.02, C91.3, C91.30, C91.31, 
C91.32, C91.4, C91.40, C91.41, C91.42, C91.5, C91.50, C91.51, C91.52, C91.6, C91.60, C91.61, C91.62, C91.Z, 
C91.Z0, C91.Z1, C91.Z2, C91.9, C91.90, C91.91, C91.92, C83.5, C83.50, C83.51, C83.52, C83.53, C83.54, C83.55, 
C83.56, C83.57, C83.58, C83.59).  
 
Patient data was accessed from the health institution’s two local clinical data repositories: (1) a repository developed 
as a result of participation in the federated Patient-centered SCAlable National Network for Effectiveness Research 
(pSCANNER)22, and (2) an institutional clinical data warehouse. The data which populated these clinical data 
repositories came from the Clarity database (Epic EHR). Since this study had no intention to compare the overall level 
of superiority and advantages amongst the two databases, these clinical data repositories were referenced as either, 
‘Data Repository 1 (DR1)’ or ‘Data Repository 2 (DR2)’, in this paper to mask the identities. Additionally, data sites 
within the clinical data research network (CDRN) were masked in this manuscript—aptly named, ‘Site 1’ through 
‘Site 10’—to protect the identity of each site. 
 
pSCANNER is a national, stakeholder-governed federated network that utilizes a distributed architecture  that 
constitutes a highly diverse patient population with respect to insurance coverage, socioeconomic status, 
demographics, and health conditions—ideal for observational studies22. It utilizes a distributed, service-oriented 
architecture to allow access to clinical data in a standard form (i.e., Observational Medical Outcomes Partnership 
(OMOP)). The institutional clinical data warehouse, on the other hand, is a tethered meta-registry derived from the 
University of California Research eXchange (UC-ReX) using the Informatics for Integrating Biology and the Bedside 
(i2b2)23 data model. It is an EHR data warehouse that has more than five years of patient data.  
 
The data request included any adult patient with a diagnosis of ALL. For each patient record, we requested the date 
of ALL diagnosis, date of ALL relapse, comorbidities at the time of ALL diagnosis, any previous cancer diagnosis, 
death date, treatments, discharge dispositions, and laboratory values associated with ALL. To determine whether the 
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cohort discovery process returned enough of a sample for study feasibility, the number of patient records retrieved 
were compared with the results from a similar ALL study conducted by Master, et. al.24. 
 
Data Analysis  
This study piloted the feasibility of accomplishing the task of conducting a survival/complications analysis using real-
world data, with the goal to identify areas for improvement to inform future research. Therefore, analysis was 
conducted on one site out of the ten sites within the CDRN. Version 1.0 of the Weiskopf et al. ‘3x3 Data Quality 
Assessment (DQA)’16 was utilized as a guideline to assess the quality of the data and determine fit-for-use. 
 
1. Identifying scope 
We answered 14 questions of the 3x3 DQA guideline. Level 1 (Questions 1-3) specified whether more than one 
patient, variable, or time point were involved in the study. Level 2 (Questions 4-11) focused on the variables of the 
study and the time points associated with the research. Level 3 (Questions 12-14) explored the data and quality needs 
of the data, such as, what time and order do the variables need to be in order to conduct research.  
 
2. Operationalizing the three fundamental constructs of data quality across the three primary dimensions of data 
Although the 3x3 DQA provided guidance on how to assess for completeness, correctness and currency for the patient, 
variable, and time data, the final operationalization of the assessment for ‘fit-for-purpose’ was left to the discretion of 
the informaticians.  
 
Completeness of data gives insight to whether a truth about a patient exists14, 16. The assessment of completeness 
means there is sufficient data for each patient, each variable, and each time. We assessed completeness by first 
determining an overall level of data missingness: we calculated the total number of possible data points by multiplying 
the variables, data characteristics, and patients. Then, we calculated the percentage of the actual number of data points 
available for every variable element. Since rates of completeness were subjective, contextual, and ungeneralizable 
from the literature or the DQA14, we defined a minimum percentage deemed sufficient for continued analysis to be 
70%.  
 
Correctness of data is when the value is true, whether there is agreement between the elements of data, and whether 
the value is plausible based on external knowledge16. We explored the construct of correctness for the data dimensions 
of patient, variable, and time by determining the plausibility of values. At the patient level, this meant determining if 
the data was considered within a plausible range for the patient population. We reviewed laboratory values of patients 
and determined if the lab values were acceptable based on a reliable external source. For example, we consulted with 
a hematologist to not only define plausible ranges, but ensure individual outlier lab values were plausible despite being 
out of range. Since we wanted to conduct a survival analysis, we compared the percentage of deaths found in the 
dataset to a national registry, such as Surveillance, Epidemilogy, and End Results (SEER).  
 
Because we expected to retrieve different types of data (e.g., patient, labs, visits, treatment), it was important to see if 
there was agreement between the values as a proxy of data correctness. To determine concordance between variables, 
we identified variables where the value of one implies the value of another. For example, there should not be data 
present for patients after their death date because the patient is deceased. We determined concordance between 
variables by reviewing the dates of the retrieved files. We calculated the percentage of records that had data beyond 
the death date and set a limit of 99% correct in order to continue analysis, because the purpose of using our dataset 
was to conduct a survival analysis—more than 1% of its data beyond the death date may indicate incorrect death date 
values. Similar approaches were used for other variables such presence of a “platelet count” and “ALL diagnosis,” 
because treated ALL patients should have at least one lab value specific to their disease. We also calculated the average 
number of days there is data in the system (i.e., earliest ALL diagnosis date to most recent encounter date) to determine 
the percentage of patients with usable data. This helped us infer whether or not the person is considered an actual 
patient receiving regular care in the system.  
 
Currency of data is when the data value is representative of the clinically relevant time16. We assessed if the variables 
were recorded in the desired order. We intended to observe the presence of comorbidities when conducting the survival 
analysis for this patient population. We defined a comorbidity as any Elixhauser25 categorized diagnosis that occurred 
on or before the earliest date of ALL diagnosis. To assess the currency of the data, we calculated the percentage of 
‘no data prior to ALL diagnosis’, ‘presence of comorbidity’, and ‘absence of comorbidity.’ These values were 
compared with comorbidity incidence reported for adult ALL with another database26. 
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Results 

There were 13,150 records identified in the preliminary search of patients in the CDRN from ten data sites. This cohort 
discovery returned enough of a sample to make this study feasible. This determination was done by comparing a 
recent, similar study on ALL24, where the dataset consisted of 17,504 total patients who either received chemotherapy 
or chemotherapy and stem cell transplantation. The adequate number of available records allowed for completeness 
of the data could be explored. We acquired a total of 11 file types for analysis from each of the datasites: de-identified 
list of patients with ALL, demographics, other cancer diagnoses, comorbidities, complications, death, labs, 
medications, relapse, treatment, and visit data.  
 
Scope Determination of Data Quality Assessment  
We defined the scope of our data quality assessment by answering the 14 questions in the DQA. To achieve the 
intended purpose of conducting a time-to-event analysis, we determined our study involved: (1) more than one patient, 
(2) more than one variable, and (3) more than one point in time for each patient. Our proposed survival analysis did 
not require the data to be recorded with a certain regularity over time because we presumed death happened only once. 
Based on our answers, the DQA recommended that we assess: (1) the completeness of patient, variable, and time data; 
(2) the correctness of patient, variable, and time data; (3) the currency of patient and variable data (Figure 1). 
 
We did not assess the currency of time data because the data we requested was not recorded with a set regularity. 
However, the DQA did recommend the assessments for completeness of time data, correctness of time data, and 
currency of patient data (Figure 1). We did not conduct these assessments due to the limitations of our dataset, as 
described below. 
 

 

 A: COMPLETE B: CORRECT C: CURRENT 

1:
 

PA
TI

EN
TS

 1A 
Yes, should be assessing if 
there are sufficient data 
points for each patient 

1B 
Yes, should be assessing 
whether the distribution of 
values is plausible across 
patients 

1C 
Yes, should be assessing 
whether all data were 
recorded during the 
timeframe of interest* 

2:
 

V
A

R
IA

B
LE

S 2A 

Yes, should be assessing if 
there are sufficient data 
points for each variable 

2B 

Yes, should be assessing if 
there is concordance 
between variables 

2C 

Yes, should be assessing if 
variables were recorded in 
the desired order 

3:
  

TI
M

E 

3A 
Yes, should be assessing if 
there are sufficient data 
points for each time* 

3B 
Yes, should be assessing if 
the progression of data over 
time is plausible* 

3C 
No, should not be assessing 
if data were recorded with 
the desired regularity of 
time 

* = Although the 3x3 DQA recommended the assessment of completeness for time data, correctness of time data, and currency of patient 
data, these items were not assessed because temporal data was not available for analysis. 
 

Figure 1. Recommendations of what to assess for data quality based on Weiskopf et al. 3x3 DQA Framework. 
 
Assessing completeness of time data (Figure 1, Cell 3A) meant determining the sufficiency of data points at each 
measurement time (e.g., before and after an intervention). We could not evaluate this for our study. For example, labs 
ordered at the time of diagnosis could not be determined because we could not get a confirmed diagnosis date in the 
EHR. In this system, the first date of ALL diagnosis meant the first date the ALL diagnosis appeared in the facility’s 
EHR. The initial diagnosis from the clinician may or may not have been diagnosed at that particular institution. 
 
Assessing correctness of time data (Figure 1, Cell 3B) meant determining whether the progression of data over time 
was plausible. For example, if height and weight were recorded for a patient, then one would assume that a growing 
person (up to age 21) would not decrease in height significantly. We did not explore this construct because the we did 
not request any particular sequential variables that were recorded with regularity over time (i.e., vitals, height, blood 
pressure, etc.).  
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Assessing the currency of patient data (Figure 1, Cell 1C) meant determining whether data were recorded during the 
timeframe of interest. The DQA suggested reviewing timestamp log information associated with each data point to 
ensure that the data were recorded within the desired range. We did not attempt this assessment because we did not 
request for timestamp log information for when data were recorded. Therefore, the construct of currency of patient 
data was not assessed.  
 
Assessment for Completeness of Data 
1A: Is there sufficient data for each patient?  
We discovered that the term ‘patient records’ did not necessarily indicate individual patients. A higher number of 
patient records were reported in the cohort discovery process compared to actual unique patients found in the 
repositories due to multiple encounters recorded for each patient in the EHR. For example, this clinical site estimated 
attaining 500 records out of the 13,150 found in cohort discovery. Data retrieved from two repositories in one site 
using the same criteria resulted in slight differences in all eleven data types requested. DR1 (n=41 unique patients) 
produced data on three types—death, meds, and relapse—that were not present in DR2 (n=42 unique patients). To 
conduct a survival analysis, death data must be present. There was information on death for DR1, but no death recorded 
in DR2.   
 
The two repositories yielded patient level data with an overall average of more than 70% of its cells filled across the 
11 file types. However, DR1 produced 8.5 times more data than DR2 (DR1: 10,628,552 cells filled with data; DR2: 
1,239,187 cells), with a higher overall mean ratio of cells filled with data (DR1: 78.4% of cells with data; DR2: 
71.8%). Based on the volume of data produced and the availability of death data for survival analysis, DR1 was 
sufficient to continue with the quality assessment. Although DR1 had more data, the ‘complications’ file type of DR1 
was only 68.2% complete compared to 98.2% in DR2. Because our time-to-event analysis requires a sufficient amount 
of ‘complications’ data (i.e. data relating to a diagnosis of an adverse effect from ALL treatment or care), it prompted 
further assessment of the values present at the variable level. 
 
There were a total of 71 variables identified in the retrieved datasets. Results in the first part of our completeness 
analysis showed that despite DR1 possessing a sufficient amount of patient data cumulatively, two files types, 
‘complications’ and ‘meds’, were below the established sufficiency minimum of 70%. Because one of intended 
purposes of retrieving this data was to conduct a time-to-complications analysis, we needed to assess the sufficiency 
at the sufficient variable level. Although the ‘complications’ and ‘meds’ files revealed missing data, it was important 
to identify which values among these variables were actually missing (Table 1). In Table 1, insight is given on how 
much data there is for each variable, as well as how many of the identified patients in each file type had data for that 
particular variable.  
 
Table 1. Presence of variable data in data repository 1 for ‘complications’ and ‘meds’ files 

 

% cells w/data 
present for this 
file type

DATA FILE TYPE VARIABLE
% of records 
with this 
variable present

% of patients 
with this 
variable present

68.2% CONDITION_END_DATE 2% 19%
CONDITION_SOURCE_VALUE 100% 100%
CONDITION_START_DATE 100% 100%
PERSON_ID 100% 100%
VISIT_OCCURRENCE_ID 39% 100%

66.5% Meds DAYS_SUPPLY 0% 0%
DRUG_CONCEPT_ID 88% 100%
DRUG_EXPOSURE_END_DATE 3% 69%
DRUG_EXPOSURE_ID 100% 100%
DRUG_EXPOSURE_START_DATE 100% 100%
DRUG_SOURCE_CONCEPT_ID 88% 100%
DRUG_SOURCE_VALUE 100% 100%
DRUG_TYPE_CONCEPT_ID 100% 100%
LOT_NUMBER 0% 0%
PERSON_ID 100% 100%
QUANTITY 100% 100%
REFILLS 3% 69%
ROUTE_CONCEPT_ID 90% 96%
ROUTE_SOURCE_VALUE 99% 100%
SIG 3% 69%
STOP_REASON 24% 62%
VISIT_OCCURRENCE_ID 100% 100%

Complications 
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For the ‘complications’ file, we were interested in the variable data to characterize a unique person (i.e. 
‘PERSON_ID’), the diagnoses of their complications (i.e., ‘CONDITION_SOURCE_VALUE’), and the start dates 
associated with each identified complication (i.e. ‘CONDITION_START_DATE’). In our findings, we saw that 26 
out of the 41 patients had ‘complications’ data. In Table 1, we were able to discern what constitutes the ‘complications’ 
dataset: how much of the dataset had values for a particular variable and what percentage of the identified patients 
possessed data for that variable. Examining the data at the variable level showed that the missingness of values were 
attributed to limited amount of data present for the variables, ‘CONDITION_END_DATE’ and 
‘VISIT_OCCURRENCE_ID’—two variables unnecessary for our particular study. The percentages of the key data 
elements available to conduct analysis were 100% (Table 1).  
 
For the ‘meds’ file, we were interested in the variable data to characterize a unique person (i.e. ‘PERSON_ID’), the 
type of medication (i.e. ‘DRUG_TYPE_CONCEPT_ID’), and the start date of the medication (i.e. 
‘DRUG_EXPOSURE_START_DATE’). We found that 100% of the records in the ‘meds’ file had a value for those 
variables, and 100% of the 26 patients with medication information had data for the variables we wanted. 
Our analysis showed that there was sufficient data for each relevant variable to continue assessing the quality of DR1.  
 
Assessment for Correctness of Data 
1B: Is the distribution of values across patients plausible?  
The distribution of 6,727 patient lab tests was assessed for plausibility in DR1. Results showed that the majority of 
the lab tests (i.e. 18 out of 21 lab tests) possessed values that were out of range to varying degrees (Table 2). For 
example, chloride values deviated from the normal range 15% of the time, while platelet counts were out of range 
63% of the time. An interdisciplinary team with qualifications in hematology/oncology, epidemiology, and informatics 
reviewed these lab test value ranges together. Clinical expertise and evaluation from the team’s physician, as a reliable 
external source, verified that although most of results were considered abnormal lab values, these values were 
plausible for someone diagnosed with this condition.  
 
Despite a large number of records, for some lab tests ordered [e.g. leukocytes, 503 records, platelet count, 506 records, 
potassium, 513 records)], only 18 of 41 patients had lab data (Table 2). A clinical expert confirmed these labs were 
typically ordered for all patients with ALL. In this assessment, the expected number of patients with records should 
be 41 in DR1. It was not plausible that only 56% of the patients were missing lab values. In a contrary example, we 
would not expect ALL patients to have test such as labs HbA1c or cholesterol as these labs would be ordered for a 
patient who also has diabetes. Not all patients with ALL have diabetes. Another way we assessed plausibility for this 
table was to group certain tests together because they are usually ordered simultaneously. The expected numbers of 
patients with lab data should match. Table 2 showed creatine kinases and cardiac troponin were ordered together so 
the number of records and patients with this data should match, but they did not.  
 
Table 2. Review of plausibility of lab test data retrieved from data repository 1 

 

MEASUREMENT DESCRIPTION

# of records 
in file with 

any data

# of patients 
with any 

data in file

# of lab 
values in 

range

# of lab 
values out 

of range

% lab 
values out 

of range Clinician Review for Plausibility 
Creatine kinase [Enzymatic activity/volume] in Serum or Plasma 3 3 3 0 0%
Creatine kinase.MB [Mass/volume] in Serum or Plasma 1 1 1 0 0%
Troponin I.cardiac [Mass/volume] in Serum or Plasma 3 3 3 0 0%
Hemoglobin A1c (Glycated) 1 1 0 1 100%
Cholesterol in LDL [Mass/volume] in Serum or Plasma by Direct assay 4 3 3 1 25%
aPTT in Platelet poor plasma by Coagulation assay 17 6 14 3 18%
PT panel - Platelet poor plasma by Coagulation assay 101 11 82 19 19%
Leukocytes [#/volume] in Blood by Automated count 503 18 160 343 68%
Platelet count 506 18 188 318 63%
Potassium [Moles/volume] in Blood 513 18 421 92 18%
Sodium [Moles/volume] in Blood 509 18 406 103 20%
Urea nitrogen [Mass/volume] in Blood 509 18 242 267 52%
Calcium [Mass/volume] in Blood 509 18 327 182 36%
Carbon dioxide serum/plasma 509 18 285 224 44%
Chloride [Moles/volume] in Urine 509 18 432 77 15%
Creatinine [Mass/volume] in Blood 509 18 389 120 24%
Creatinine serum/plasma 3 1 0 3 100%
Erythrocytes [#/volume] in Blood by Automated count 503 18 36 467 93%
Glucose [Mass/volume] in Blood 509 18 150 359 71%
Hematocrit [Volume Fraction] of Blood by Automated count 503 18 47 456 91%
Hemoglobin 503 18 38 465 92%

# of records should match since these labs 
are ordered simultaneously

Considered plausible lab value despite 
being out of range

# of records should match since these labs 
are ordered simultaneously

The number of patients with data shoud be 
higher because these labs are ordered for 
all patients with ALL (e.g., 41 patients in 
DR1 should have all these lab tests present 

if they have ALL)
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The number of deaths prompted the team to investigate how much data was actually retrieved. Despite the criteria in 
the data request including 17 years, DR1 produced data spanning 9 years (2009-2018) and DR2 produced data 
spanning 6 years (2012-2018). In assessing the plausibility of the population and death data, we found 6 recorded 
death dates among 41 patients in DR1. The mean follow-up time was 273.17 days among those deceased. The 
percentage of deaths in the dataset accounted for 15% of the cohort, compared to American Cancer Society’s 
estimation of annual deaths related to ALL of 2% (N=97,765)27. We found two issues related to the population and 
death data that affected the plausibility of the data elements. First, upon validating the number of patients in our dataset 
(N=41), we found it be substantially smaller than the physician’s own list of ALL patients at the same datasite (N=89). 
Secondly, the physician list confirmed more than 6 deaths in the last 2 years alone, which did not match our dataset’s 
finding of only 6 deaths total. Assessing the values associated with labs and death showed that the distribution of data 
across patients was not plausible.  
 
2B: Is there concordance between variables? 
Dates within the files were scrutinized to determine concordance between the variables in DR1. We determined the 
correctness of the death date by assessing whether the data were in agreement with the death date. Among the 11 data 
file types, we found one record (which accounted for 0.02% of the dataset) that had data on medications dated 2 days 
after the date of death. The research team reviewed this data and agreed as a group that the death date was most likely 
correct despite having medication data after the death date. The justification to keep this death date for analysis came 
from the possibility that the medications were ordered before the patient died. Another justification came from the 
review of the administrative billing (i.e., claims) data indicating that medication may have been dated 2 days post 
death as opposed to the medication being prescribed at that time. There could have been a  disconnect where a family 
member or patient may have requested a refill, and the physician fills the refill request a few days later, but the patient 
is deceased. Despite concordance between variables, reviewing plausibility of the distribution of values across the 
patient data revealed that the dataset we had was not very correct. 
 
Assessment for Currency of Data 
2C: Were the variables recorded in the desired order? 
Data were assessed to determine if the elements were recorded in the desired order. Data repository 1 produced 
‘comorbidity’ data with 17 associated variables. We focused on the variables ‘PERSON_ID’, 
‘CONDITION_CONCEPT_ID’, and ‘CONDITION_START_DATETIME’. Our definitions of what parameters fit 
the presence of comorbidity (Methods) gave us the following results: 88% of patients in DR1 had a comorbidity 
present compared to 50% in DR2. Approximately 7% of the patients in DR2 did not have a comorbidity diagnosis 
present DR1 had compared with 5% in DR1. The values were also very different among the data repositories. DR2 
had more than four times the amount of missing comorbidity data. When compared to values with comorbidity 
incidence reported for adult ALL in an external study using another database26, comorbidity presence was at 21% and 
absence was at 79% (based on the Charlson Comorbidity Index rather than Elixhauser). We deemed the variables for 
analysis to be recorded in the desired order, but the inconsistency of the comorbidity data also pushed the team to 
question how much data was actually retrieved. DR1 produced 3 more years’ worth of data. 

Discussion 

Understanding the characteristics and usefulness of a derived dataset is important because erroneous data with accurate 
analysis will produce erroneous results. Our study shows that datasets retrieved can vary, even from the same 
institution. In this data quality assessment, the documentation of steps around retrieval, assessment, and profiling 
confirmed whether or not data was high quality.  
 
Data profiling techniques were utilized to assess the quality of data generated from two clinical data repositories for 
determining survival and complications of patients with ALL at a single clinical datasite. Understanding the 
characteristics and usefulness of an EHR-derived dataset prior to conducting a survival analysis for adult ALL is 
important because erroneous data despite accurate analysis will produce erroneous results. Healthcare decisions are 
made every day based on the information available. Without understanding the quality of the data, we may be missing 
critical factors that may affect the trajectory of treatment and care.  
 
Summary of Findings 
The first data repository (DR1) had 41 patients (years 2009-2018), and the second data repository (DR2) had 42 
patients (years 2012-2018). There were 11 types of data retrieved: unique patients diagnosed with ALL, other cancer 
diagnoses, treatment, medication, comorbidity, labs, visits, complications, demographic, relapse, and death data. We 
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found sufficient data points for each patient and variable in each dataset (>70% of its cells filled with patient level 
data). However, DR1 produced data on 3 types—death, medication, relapse—that were not present in DR2. DR1 
produced 8.5 times more data points with a higher mean ratio of cells filled with data (DR1: 78.4%; DR2: 71.8%). 
Variables were recorded in the desired order for comorbidity data: DR1 showed 88% of patients with a comorbidity, 
while DR2 had 50%. Although there was concordance between variables, we found the distribution of lab values and 
death data to be incorrect. There were missing values for labs ordered and death dates.  
 
Our study showed that data retrieved from the two data repositories were considered complete, current, but not correct. 
The absence of data may mean: (1) there is no data for that patient, or (2) there is data present for that patient, but it 
was not retrieved or captured as structured data. In a data quality assessment, an informatician may need to decide 
whether or not to keep certain data in or take it out for analysis. This step can change results, and without 
documentation, people cannot confirm whether the analysis is of high quality. 
 
To conduct a survival analysis, we needed confirmation the date of when a person was diagnosed with ALL, death 
date, and last encounter date. In the EHR, it was difficult to confirm date of diagnosis since the earliest date of ALL 
diagnosis meant the first time the diagnosis appeared and may or may not mean the person was diagnosed prior to 
enrolling in this particular institution. It is important to note that the institutional EHR, and thus the secondary use of 
clinical data warehouses, may or may not reflect the patient’s entire medical record, as patients enter and leave the 
clinical institution for different reasons. These reasons may include changes in health plan, being referred by their 
community oncologist for super-specialty care, or requiring emergency care despite receiving medical care elsewhere, 
to name a few. Clinical data fragmentation is a reality of real-world data28. For our datasets, the California Department 
of Public Health has recently began providing a monthly non-comprehensive death file to healthcare organizations for 
the purpose of adjudicating EHR record vital status, but this was not yet incorporated into our EHR at the time of our 
data request. Some of these missing values were attributed to the fact that a number of lab results and death information 
were in unstructured format in the clinical notes. We did not specifically ask for vital status in our data request, but 
we instead used “most recent” date as the date of last encounter. This study depended upon availability of data from 
the clinical data repositories of sufficient quality and completeness to conduct the proposed analyses. Although not 
fully assured of data quality until obtaining it, we had some measure of confidence because pSCANNER had 
previously collected OMOP-standard data to deliver results for queries from the Patient Centered Outcomes Research 
Institute as part of the national PCORnet project for the past three years. The UC-wide data warehouse also 
standardizes on the OMOP data model.  
 
A significant finding for this study is being able to understand why there is a discrepancy with the data outputs from 
the two repositories of the same clinical site. There are different underlying relational data models despite presumably 
containing the same data. There may be systematic process issues happening that may serve as learning opportunities. 
The data was retrieved from a site’s two local data repositories, one of which was retired April 2019. The query logic 
was not developed by the same person who developed the data request. To retrieve data from two data repositories, 
the analyst converted it from TSQL to Oracle, and populated all metadata tables as filters. The data for validating and 
comparing our patient numbers was done through another database which generates the patient list through the 
physician’s panel by Clarity (EHR). Multiple sources of data can give different results depending on how, what, when 
and where you retrieve it. A clinical repository is at least one-step away from the actual real-world-data that was 
originally stored at the point of care or as part of a healthcare transaction. What happens with the data in subsequent 
exporting from the transactional database to a reporting database (e.g., Clarity),  and beyond is often a source of 
introduced errors of omission and semantic differences from mappings of EHR data to standardized codes. The lack 
of data from 2009-2014 in DR1 and DR2 showed that much of the data could not be analyzed due to missingness.  
 
Strengths and Limitations 
Although data quality analysis is not new, this study is the first to systematically assess and report the quality of the 
adult ALL patient data retrieved from two repositories within one clinical data research network prior to conducting 
a time-to-event analysis. The authors have operationalized the Weiskopf et al. 3x3 Data Quality Assessment and 
documented the process to improve future work in bringing more clarity on the execution with this use case. In the 
field of informatics, it takes a team to work with data. Collaboration is important especially when it comes to 
understanding information. Each discipline brings in a viewpoint that may help you see data differently. Our team 
consisted of a graduate student, data scientist, epidemiologist, hematologist, and computer scientist to help look at the 
data and give input on how to view data from each of their lens.  
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There were some limitations to our study. First, the small sample size to conduct our analysis made the work less 
generalizable. This was a pilot study to operationalize data quality guidelines. Although the input query was the same, 
the dataset retrieved from the datasite varied which made comparing and validating the data challenging. We also did 
not look at temporality of the data, an important factor in clinical informatics. We plan to investigate this in a future 
study. An interesting future exploration can also consider why datasets using database standards meant to harmonize 
medical data would produce varying results. As this was the first attempt to retrieve high volume, high variety, and 
high velocity cancer data across multiple departments within a clinical site, the researchers learned a lot about 
developing a data request, creating a query, and investigating the barriers to high quality clinical data for analysis. 
Future work in this area would be to refine the query and explore fitness of the data with more data repositories. 
 

Conclusion 

The validation of data repositories does not always happen when they are automatically created from the EHR through 
a process of exporting and mapping that may introduce problems/errors. It is critical to propose a standardized set of 
query pseudo-logic to test specific characteristics of a clinical data warehouse, showing an advantage of using a 
standardized widely used common data model. This study explored the quality of data generated from two clinical 
data repositories prior to determining survival and complications of patients with cancer. Conducting a data quality 
analysis as a way to understand the usefulness of EHR data prior to conducting a survival analysis for adult ALL is 
important. It shows that we should review how variability in data can affect results when utilizing EHR as a secondary 
dataset for research. The completeness, correctness, and timeliness of the data cannot be assumed. Before using a 
dataset to examine survival or complications, researchers should first comprehensively assess it with a ‘fit-for-
purpose’ perspective.  
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Abstract 

Machine Learning research applied to the medical field is increasing. However, few of the proposed approaches are 
actually deployed in clinical settings. One reason is that current methods may not be able to generalize on new unseen 
instances which differ from the training population, thus providing unreliable classifications. Approaches to measure 
classification reliability could be useful to assess whether to trust prediction on new cases. Here, we propose a new 
reliability measure based on the similarity of a new instance to the training set. In particular, we evaluate whether 
this example would be selected as informative by an instance selection method, in comparison with the available 
training set. We show that this method distinguishes reliable examples, for which we can trust the classifier’s 
prediction, from unreliable ones, both on simulated data and in a real-case scenario,  to distinguish tumor and normal 
cells in Acute Myeloid Leukemia patients.  

 

Introduction 

In recent years, Machine Learning (ML) approaches have shown promising results in different fields, including 
medicine1. Technological advances have made available huge amount of data, such as those produced from genome 
and transcriptome sequencing. If properly analyzed, these data can reveal useful information to support patients care2.  

However, several challenges still hamper a broad application of ML in clinical settings, and the majority of ML studies 
are still restricted to the research stage3. Along with logistical and regulatory difficulties in clinical deployment, ML 
systems inherently suffer from dataset shifts and poor generalization ability across different populations3,4. Therefore, 
approaches and metrics to assess the trustfulness, or reliability, of a ML model on a new unseen example could help 
in the actual application of ML in routine clinical practice.  

Reliability in ML systems could be ensured a priori, by preventing failure, and/or by monitoring and identifying 
failures when they occur5. While the first case deals with dataset preprocessing and model selection, the identification 
of failure is a monitoring procedure that takes place over time, and it is mainly focused in assessing whether the current 
trained model is adequate to classify a specific new instance. 

Algorithms applying Bayesian inference naturally provide a measure of uncertainty from the posterior distribution, 
while more recently a new method computes the reliability of a trained model, provided that we have access to the 
gradient of its loss function6.  

A model-free method to measure reliability of a new instance explicitly compares the class probability distributions 
predicted from (1) an available trained model and (2) a second model trained on the union between the training set 
and the new example7. The idea is that if these distributions are different, then the new instance is adding information 
to the training set. Therefore, its prediction made by the first model will not be considered to be reliable. This method 
requires the re-training of the model for the comparison, and therefore it could be computationally expensive, 
depending on the amount of the training data and the selected ML algorithm.  

Here, we propose a methodology to identify failures of a trained model which is independent from the ML algorithm 
applied and does not require the re-training of the model. Our framework is based on a previously published approach 
for training instance selection. Instance selection methods are exploited to remove from the training set the non-useful 
instances, thus speeding runtime training while not affecting classification performance8. In particular, we exploited 
concepts introduced by the “patterns by ordered projections” algorithm (POP)9, such as the concept of “border” 
example, i.e. the instance that is the nearest to an example of the opposite class for a given attribute. In POP instance 
selection, border examples are those retained in the training set. We do not exploit POP to select training examples, 
but rather to assess whether a new unseen example would be selected as “border” in comparison with the training set: 
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if so, the new element may not come from the training set population distribution, and therefore we cannot trust the 
model prediction.  

We show that this approach can be used to identify reliable and unreliable examples on simulated data and we apply 
it to distinguish tumor from normal cells in Acute Myeloid Leukemia (AML) patients, based on their single cell gene 
expression profile.  

Single-Cell RNA sequencing is providing unprecedented opportunity to dissect tumor heterogeneity at single cell 
resolution10. Recently, the atlas of single-cell hematopoiesis in AML, a highly aggressive blood cancer, have been 
made available11. Authors distinguished normal from tumor cells in several AML patients showing that AML 
hematopoiesis is similar to normal development of blood cells, and the composition of normal vs malignant cells 
varies before and after treatment. In this scenario, ML could help to automatically detect malignant cells from gene 
expression data. Assuming that the sequenced cells are representative of patient’s tumor population, this information 
can help clinicians to understand if treatment is working, based on the decreasing or increasing number of tumor cells 
detected. 

We made available our Python implementation, along with Notebook to reproduce results, on github 
(https://github.com/GiovannaNicora/reliability) 

 

Methods 

In order to distinguish reliable from unreliable test instances, we applied POP instance selection9, an intuitive approach 
that identify the most informative examples in a training set. Instance selection methods are often applied before the 
training phase to identify informative training instances and disregard non useful examples. These disregarded 
instances been included in the training set, but do not have peculiar characteristics that can help a machine learning 
algorithm to better learn an accurate representation of the domain of interest. The main aim of instance selection 
methods is to speed up training time while maintaining a high level of accuracy8. In our approach, instead, we applied 
the instance selection method a posteriori, by comparing new instances to be labeled with training instances. First, 
training “border” examples are found for each attribute. Given a two class problem, an instance 𝒙	is border for its 
class for the attribute 𝒙𝒊 if 𝒙 is the nearest (inner border) or the farthest (outer border) to an instance of the opposite 
class (Figure 1A). 

Figure 1. a) Examples of inner and outer border training instances on two attributes. A1-A4 belongs to class A, B1-
B3 to class B. For attribute 𝑥", A3 and B1 are inner borders, A2 and B2 outer borders. For attribute 𝑥#, A3 and B3 are 
inner borders, while A4 and B1 are outer borders. b) The test example T1would be inner border for attribute 𝑥", while 
the T2 example would be outer border for both for 𝑥" and 𝑥# attribute. The comparison between test instance’s 
attributes and the previously detected borders will be exploited to assess whether the test instance is “close” or not to 
the training set, and therefore whether we can trust the prediction of a classifier trained on that training set. 
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Once training border examples are detected, a ML algorithm, such as Support Vector Machine, Logistic Regression 
or Random Forest, is trained on the entire training set. As in a typical ML pipeline, performance metrics such as 
accuracy, sensitivity and specificity are computed on test set predictions from the trained model. At this point, we 
calculate the reliability for test examples by comparing each test instance to training borders: for a test instance 𝑥, we 
record the number of times (i.e. attributes) for which 𝑥 would become a border instance. In Figure 1B, T1 and T2 
instances are compared with inner and outer borders. The number of times T1 would be a border is 𝑚" = 1, while for 
T2 𝑚# = 2.  

The reliability is computed as: 

𝑟𝑒𝑙(𝑥) = 	1 −	
𝑚$

𝑚  (eq. 1) 

 

with 𝑚 is the total number of attributes and 𝑚$ is the number of attributes for which 𝑥 would be a border instance. In 
Fig. 1b, 𝑟𝑒𝑙(𝑇1) = 0.5, while 𝑟𝑒𝑙(𝑇2) = 0. Intuitively, if a test instance “falls” in an attribute region where no training 
examples are detected, then we cannot trust the model prediction on it. This is translated in the reliability score by 
computing the fraction between the number of attributes for which the test instance falls outside the known borders 
and the total number of attributes.  

As a benchmark, we also tested whether an approach based on borders in a multidimensional space could be accurate 
in identifying unreliable examples. We defined multidimensional training borders as those training instances which 
are nearest or more distant to opposite class examples, with distances computed not on each single attribute, but on 
the entire features set. Therefore, a proper distance metric must be chosen. For instance, if we compute the Euclidean 
distance on the examples of Fig.1, outer borders will be A2 and B2, while A3 and B3 are inner borders. In this situation, 
the reliability is a dichotomic variable: a new unseen example is unreliable if it falls outside the borders, otherwise it 
is reliable.  

To summarize, the pipeline is the following: 

1. Given a training set, border instances are detected for each attribute independently. 

2. A ML algorithm is trained on the training set 

3. When a new unseen example must be classified, it is compared to the training borders, and its reliability is 
computed. 

4. We trust the new instance prediction based on its reliability. 

 

 

In order to evaluate this method, we generated a binary unbalanced dataset of 6000 samples, with 2 attributes. For 
each class, samples can be drawn from two different clusters of normally distributed points. We then “hide” the left 
red cluster in class 1, and we selected a balanced dataset of about 600 samples, which is then splitted in training and 
test set. In this way, we are simulating the scenario where the real population distribution is not known, and the ML 
model (in this case, we exploited a Support Vector Machine) is trained on a subset which is only in part representative. 
Examples excluded from the training and test set are included in a validation set, where we evaluate classification 
reliability (Figure 3, Results section), in comparison with training borders. We chose the number of samples (6,000) 
empirically to have well-populated datasets for training and testing. The complete parameters used to generate the  
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simulated dataset can be found in the notebook 
(https://github.com/GiovannaNicora/reliability/blob/master/SimulationReliability.ipynb).  

 

 

As real case scenario, we applied this methodology to a Single-Cell classification problem. The aim is to distinguish 
normal from tumor cells based on their gene expression profiles.  

A recent study performed Single-Cell RNA sequencing on several healthy and AML donors, and made available the 
landscape of normal and tumor haematopoiesis11. We downloaded raw data from Gene Expression Omnibus 
(GSE116256). We included in our analysis only tumor and normal myeloid cells, since the study shows that AML 
cells follow the myeloid hematopoietic lineage. 

For simplicity, we select a single sequencing experiment (intended here a single patient sequenced in a precise day) 
as “reference” for training the tumor/normal classification problem. We selected AML329 patient at day 20 after 
treatment as training set, since she/he has a good percentage of both benign and tumor cells (455 benign and 250 
tumor), while patients at day 0 report a much higher percentage of  tumor cells and benign cells are under-represented. 
Preprocessing of the raw signal is performed with Scanpy (see notebook on github repository), a well-known Python 
package that provides functions to analyze gene expression data12. We retained genes that were expressed in at least 
50 cells, we normalized counts per cells and we log-transformed the data. Then we trained two different models: a 
Support Vector Machine and a Logistic Regression (LR). We evaluated performances on the training set with a 5-fold 
cross validation. Training borders are then selected for each feature (in this case, gene). We then selected patient 
AML328 at days 0 of therapy and AML329 at day 37 of therapy, and we exploited the trained SVM and LR to predict 
the classes of their cells. In total, the true number of malignant cells in the validation set is 709, while 237 are benign.  

 

Results 

Simulated data 

First, we compared results obtained on the validation set from the simulated dataset with the proposed (1) attribute-
by-attribute border selection approach (equation 1), with those obtained with the benchmark (2) multidimensional-
borders approach (see Methods section). In this latter case, distance between objects is calculated with different 

Figure 2. Simulated dataset with two attributes (𝒙 and 𝒚) and two classes. The left panel shows the total population 
of 6000 samples, 80% of which in the red class. In the right panel, a cluster of red instances is removed. By removing 
cluster instances coming from the simulated dataset, we reproduce the (common) case of a Machine Learning 
approach trained on a subset of an underlying population. By using the removed instance as validation set we 
simulate the fact that, during the deployment of the Machine Learning tool, new instances from the population that 
were not observed before (i.e. the removed instances), need to be classified, but classification could be unreliable 
since these instances may differ from the training set.  
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metrics, such Euclidean distance or Mahalanobis. Here we report results obtained with the Minkowski distance (r=1), 
since it showed better performances on this simulated dataset. The unbalanced validation dataset contains 905 red 
samples and 4475 blue samples. We compute the reliabilities for each validation instance with the two methods. For 
(1) approach, we consider to be reliable all those samples with reliability equal to 1.  

The attribute-by-attribute border selection approach identified 377 unreliable instances out of 5380 validation 
examples, while the second approach identified 470 unreliable instances. We computed performance metrics on each 
reliable/unreliable set. We found that accuracy on unreliable instances from method (2) is about 76%, while on 
unreliable instances from method (1) is 55%.  We concluded that our proposed approach (the attribute-by-attribute 
reliability measure) was able to find more instances for which classification was wrong and therefore unreliable. The 
following results refer to the attribute-by-attribute border selection method. 

As we can see in Table 1, the percentage of correctly classified examples in the reliable subset of the validation set is 
much greater than the same percentage in the unreliable set (88.5% against 55%). Therefore, we are able to select a 
group of instances from an unseen population (the validation set), where we are more confident to perform a correct 
classification with the available trained SVM. 

 

Table 1. Number and percentage of correctly classified examples (true positive and true negative) and number of 
incorrectly classified examples (false negative and false positive) in the validation set of simulated data. The first 
column (“Validation”) shows results on the entire set, while the other two columns refer to the reliable and unreliable 
subsets detected in the validation set. 

 

 

 

 

 

 

 

 

 

Fig. 3 shows results in terms of accuracy, precision and Matthews Correlation Coefficient (MCC)13 on the simulated 
dataset. On the balanced test set (186 examples) the SVM has 80% of accuracy, 86% of precision in identifying red 
examples and 60% of MCC. In Fig. 3, we compare results on the test set (in blue), on the entire (unbalanced) validation 
set (in orange), on the reliable validation samples (in green) and on the unreliable validation instances (red bar). As 
we can see, performances in terms of accuracy, precision and MCC drop for unreliable examples. We compute the 

 Validation Reliable  

Validation 

Unreliable 

Validation 

Correctly 
classified 

86 % 

(4636/5380) 

88.5 % 

(4429/5003) 

55 % 

(207/377) 

Incorrectly 

classified 

14 %  

(744/5380) 

11.5 % 

(574/5003) 

45 % 

(170/377) 
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95% confidence interval for precision, using the entire validation set. The precision mean falls with 95% of confidence 
in the interval between 0.55 and 0.57. The precision on unreliable instances falls outside this interval.  

 

Single-Cell classification.  

As the Single-Cell classification problem in concerned, the SVM with kernel RBF shows on cross-validation a mean 
classification accuracy of 88%, 79% of precision, and MCC of 76%. The 95% confidence intervals of the score 
estimates are 84%-92% for the accuracy and 68%-84% for the MCC. The Logistic Regression with Lasso penalty has 
a mean accuracy of 87%, mean precision of 80% and mean MCC of 71%, computed on the cross-validation folds. 
The 95% confidence intervals of the score estimates are 82%-92% for the accuracy, 72%-88% for the precision and 
61%-81% for the MCC. 

On the validation set, we consider as reliable those examples showing a reliability greater than 0. This means that only 
examples that are outliers in all the dimensions have been considered unreliable. We set this threshold empirically, 
after evaluating the distribution of reliability values across the validation set.109 cells out of 946 can be considered as 
reliable. Table 2 reports correctly and incorrectly classified examples for the entire single-cell validation set, for 
reliable and unreliable cells, both for the SVM and the Lasso Regression.  

Table 2. Number and percentages of correctly classified examples (true positive and true negative) and number of 
incorrectly classified examples (false negative and false positive) in the validation set of the Single-Cell tumor/normal 
problem. The first column (“Validation”) shows results on the entire set, while the other two columns refer to the 
reliable and unreliable subsets detected in the validation set. 

 Validation Reliable Validation Unreliable Validation 

SVM Correctly classified 64 % 

(607/946) 

80 % 

(87/109) 

62 % 

(520/837) 

SVM Incorrectly classified 36 %  

(339/946) 

20 % 

(22/109) 

38 % 

(317/837) 

Figure 3. Results of a Support Vector Machine on the simulated dataset in terms of accuracy, precision and MCC.  

930



  

 

 

 

 

 

 

Also in the real-case scenario, our methodology detects two groups of examples for which classification ability of the 
available trained model differs: in particular, we are able to select a subset of cells where the probability to find 
correctly classified cells is high (80% for the SVM and 76% for the LR) compared to the unreliable set (which in this 
case represents most of the cells in our set). On the validation set, the two ML algorithms show very similar 
performances. 

 

 

 

Figure 4 compares performance metrics  on the training set computed as mean metrics over cross-validation folds 
(blue bars), with those computed  on the (1) entire Single-Cell validation set, (2) the reliable validation instances 
(about 109 cells) and (3) the unreliable instances (837) for the SVM model (Fig. 4a) and for the LR (Fig. 4b) . As we 
can see, performances on the validation set are much lower than mean performances in the training set, with decreasing 
accuracy and MCC, both for SVM and LR. However, if we focus only on reliable examples, we can see an 
improvement compared to the results computed on the entire validation set. 

Conclusion 

Machine Learning approaches applied to the medical settings are required not only to show good accuracy during the 
development phase, but also to be reliable in long term. Dataset shifts and poor generalization performances could be 
common, as we show in Figure 3. In medicine, where results from Artificial Intelligence systems are supposed to 
support clinicians in the decision-making process over time, ML research should put strong attention to methodologies 
that can suggest possible failures. Here we present a first attempt to detect failures in ML predictions that occurred 
when the new unseen data are “distant” from the known training set. To do so, we exploited some concepts previously 
introduced for training instance selection. In particular, we characterized each training set with its set of “border” 
examples. Borders are detected for each attributes of the dataset, and when a new unseen example need to be classified, 
it is also compared to the training borders: if this example falls inside the known borders, intuitively we trust the 
prediction made by the model. On the contrary, the more the example falls outside the attribute borders, the more we 
consider its prediction unreliable. We translate the concept of reliability in a score between 0 and 1, and future direction 
will study a proper way to define a reliability threshold for a given dataset. We show both on a simulated dataset and 

LR Correctly classified 63.8%  

(604/946) 

76% 

(83/109) 

62% 

(521/837) 

LR Incorrectly classified 36.2% 

(342/946) 

24%  

(26/109) 

38% 

(316/837) 

Figure 4. a) Results of a Support Vector Machine on the Single-Cell Tumor/Normal classification dataset in terms of accuracy, 
precision and MCC. Results of a Logistic Regression with Lasso penalty on the Single-Cell Tumor/Normal classification dataset 
in terms of accuracy, precision and MCC. 95% confidence intervals on cross validation scores are reported. 
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on a Single-Cell dataset that this simple but effective methodology is able to partition the validation in different sets, 
with reliable instances that have higher performances. Moreover, this approach is completely independent from the 
ML algorithm exploited. A limitation of our work is that we consider attributes to be independent from each other: 
future directions could be further investigating the introduction of “multidimensional” border examples of correlated 
features, in order to take into account possible non-linear relationships between attributes. Reliability assessment 
approaches could support the application of Machine Learning in the clinical practice, by increasing their trustfulness 
and by helping users to understand possible prediction failures. As an example of a real case clinical scenario, we 
focused on the tumor/benign classification of Single-Cells, but it will be important to test the effectiveness of our 
methodology in other clinical contexts. In oncology, ML could support not only the diagnostic phase, but also the 
selection of the best treatment based on patient’s clinical and genomics profiles. Genomic mutations associated with 
different types of diseases, such as cancer or Cardiovascular diseases, are interpreted by clinicians with the support of 
ML and data-driven methods. In medicine, when the results of a computational approach could guide, in some case 
strongly, clinician’s decision on patient’s care, it is imperative that these approaches are accurate and reliable. Along 
with research pointing towards more accurate prediction, research should also focus on the development of approaches 
to determine whether a deployed model can be trust for a particular prediction and/or it must be updated or applied to 
a different scenario.  
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Abstract

The aim of our study was to create a graph model for the description of LOINC R© concepts. The main objective of the
constructed structure is to facilitate the alignment of French local terminologies to LOINC. The process consisted of
automatically incorporating the naming rules of LOINC labels, based on punctuation. We implemented these rules and
applied them to the French variants of LOINC and then created attributes and concepts described with synonymous
labels. When comparing the created attributes to the stated ones, the multiple mappings led to the identification of
errors that must be corrected for improving the translation quality. These mappings are consecutive to semantic errors
generated during the translation process. They mainly corresponded to misinterpretations of LOINC concepts and/or
LOINC attributes.

Introduction

Reference terminologies are controlled vocabularies whose terms and structures have been validated by the scientific
community1, 2. LOINC R© (Logical Observation Identifiers Names and Codes) is an example of such reference termi-
nology that is used in many countries for recording laboratory observations3, 4. Indeed, LOINC R© imposed itself as a
reference through the quality and the novelty of its content. Consequently, many works have been focused on aligning
local terminologies to LOINC5–8, positioning it as an international support terminology for sharing information across
different health systems.

Like other international reference terminologies, such as MeSHa and MedDRAb, LOINC labels have to be translated9.
LOINC provides guidelines and recommendations for the translation process of its labels, as it does not directly
supply translations. The translation is realized by other institutions (e.g., Canada Health Infoway Inc. (Canada),
Consiglio Nazionale delle Ricerche (Italy), LOINC Turkish Translation Group and the Turkish Ministry of Health
(Turkey)). When the translation is performed by different institutions for a given language, LOINC provides different
storage formats (i.e., comma-separated value tables in the release) as linguistic variants (e.g., the Canadian and Belgian
variants of the French language). This particularity makes it possible to acquire synonyms in each specific language9.

Despite the richness of its content, the LOINC release does not contain a formal representation combining the different
languages (and related variants). Moreover, to our knowledge, the LOINC release provides translations of the main
core of LOINC but not of each definitional element. In order to facilitate the alignment of French local terminologies
to LOINC, this work describes the construction of a graph structure of LOINC combining all its French variants. In
addition to its practical usability, such a graph structure of LOINC may indirectly help to assess the quality of different
(French) translations. Indeed, previous work clearly stated that the translation process of concepts from a terminology
must not be limited to the translation of their terms10. This translation must associate a term in a specific language with
a concept while maintaining its relations with the other concepts (and their terms) consistent through this language.
The constructed structure may help verify the compliance of each translation to this requirement.

First, we present the LOINC structure and the translation principles of its labels that are stated in the literature.
Secondly, we describe the method applied to construct and analyze the graph representation of LOINC. Finally, we
expose and discuss our main results.

∗These authors contributed equally
ahttp://www.nlm.nih.gov/mesh/
bhttps://www.meddra.org/
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Background: the LOINC structure and translation principles

The LOINC structure. LOINC is a clinical terminology created and maintained by the Regenstrief Institute. It
contains concepts for the description of laboratory tests, clinical observations, and radiology3. Each laboratory ob-
servation defined in LOINC corresponds to a unique identifier called “LOINC concept”. The LOINC concepts are
defined using six major attributes and four minor attributes. In addition to these attributes, each LOINC concept is
attached to a specific class that mainly corresponds to the analysis type of a lab test. In the LOINC users’ guide11, it is
indicated that classes are not definitional for LOINC concepts but that they are used for sorting purposes.

The major attributes are the following: (1) the Component that corresponds to the observed analyte, (2) the measured
Property of this analyte, (3) the Time of the measurement that represents its frequency, (4) the System corresponding to
the biological nature of the analyte or its origins, (5) the Scale that provides a precision of the measurement observation,
and (6) the Method that corresponds to the technique used to obtain the observation results.

The minor attributes are composed of: (i) the Challenge that corresponds to the preliminary action carried out before
the test, (ii) the Adjustment that describes the closing action after the test, (iii) the Super system that specifies the
origin of the sample when it is not a patient, and (iv) the Time modifier that defines a threshold or step of the time
measurements.

These characteristics of LOINC concepts can be accessed through their labels. Punctuation plays an important role in
the structure conveyed by the labels of LOINC concepts11. The label containing all the required punctuation is called
the fully specified name, which consists in the concatenation of the attributes of a given LOINC concept.
In practice, the major attributes are separated using the “:” character in the following order:
<component>:<property>:<time>:<system>:<scale>:<method>.
The caret character “∧” is used to introduce a minor attribute (e.g., for the description of components, this character is
used in the following order <analyte>∧<challenge>∧<adjustment>).
Other special characters are used to structure labels of LOINC concepts. These characters are listed in the Methods
section along with the explanation about how they have been processed.

The LOINC translation principles. LOINC labels were originally available in English. In the literature, it is said
that LOINC uses a “part-based translation principle” to automatically generate the fully specified name of LOINC
concepts in other languages. “The atomic elements that make up each LOINC term name are called Parts”3.

LOINC parts thus mainly correspond to LOINC attributes to which an identifier has been assigned. For example, in the
fully specified name of the LOINC concept 3665-7-Gentamicin∧trough:MCnc:Pt:Ser/Plas:Qn, the atomic elements
“Gentamicin” and “trough” are LOINC parts that are identified by the codes LP15747-6 and LP20176-1, respectively.
Like Gentamicin and trough, all the delimited elements of the fully specified name (i.e., MCnc, Pt, Ser, Plas and Qn)
are LOINC parts. Thus, LOINC editors recommend translating LOINC parts first and then using these translations to
reconstruct the fully specified name of LOINC concepts12.

Materials: the LOINC release

Our work is based on the LOINC 2.65 versionc. The release contains:

• the LOINC core table (LCT) which is the full version of LOINC containing labels in English,

• the French variant tables (FVT) which describe the main core of LOINC in French,

• the LOINC part table (LPT) which contains the relations of LOINC concepts to their attributes (called “LOINC
Parts” in the release).

The 2.65 release contains four French language variants (French, Belgian, Canadian, and Swiss variants). Like in LCT,
each line of FVT is composed of a LOINC concept identifier, the labels of the six major attributes (each attribute and

chttps://loinc.org/
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the LOINC concept identifier being separated in distinct columns), and the class. The French variant contains 49,437
LOINC concepts, the Belgian variant 45,779 LOINC concepts, the Canadian variant 45,411 LOINC concepts and the
Swiss variant 4,940 LOINC concepts. The Swiss variant has not been used in our process because only short names
(i.e., labels without the punctuation structure) of LOINC concepts were available. By pooling the French, Belgian, and
Canadian variants, the French version of LOINC finally contains 54,480 LOINC concepts, for which multiple labels
may exist (Figure 1).

Figure 1: Description of the LOINC concept 13505-3-Herpes simplex virus 1+2 Ab pattern [Interpretation] in serum
in the pooled FVT. The three rows correspond respectively to the labels provided in the Belgian variant, the Canadian
variant and the French variant.

LPT is only provided in the English language. More precisely, LPT contains LOINC concept identifiers and labels
(short-form labels in English), the identifiers and labels of the related LOINC attributes, as well as the type of link
existing between LOINC concepts and their attributes (e.g., COMPONENT when the relation holds between a LOINC
concept and a component attribute). Each LOINC concept may be related to multiple LOINC attributes of the same
type. The additional tags “primary” and “search” further specify the link between LOINC concepts and attributes. The
explanatory note accompanying LPT gives the following two definitions for these tags:

• “Primary-the primary parts associated with a given LOINC term, including the six major parts”,

• “Search-parts that are only linked to a given term in order to facilitate efficient searching and location of that
term”.

Thus, the “search” tag is mainly navigational whereas the “primary” tag is definitional. It is noteworthy that this does
not exclude that a “primary” tag can be found between a LOINC concept and more than one LOINC attribute of the
same type, as illustrated in Figure 2.

Figure 2: Description of the LOINC concept 13505-3-Herpes simplex virus 1+2 Ab pattern [Interpretation] in serum
in LPT.

Methods

Three steps have been followed to construct and analyze the French structure of LOINC: (i) the definition of the
LOINC model, (ii) the instantiation of the model according to the structure of LOINC labels, and (iii) the comparison
of the obtained structure with the LPT content.

The construction has been performed according to rules based on the punctuation present in the labels of LOINC
concepts. The Simple Knowledge Organization System (SKOSd) format has been chosen to describe LOINC because
it allows the representation of multiple labels for a given identifier (concepts and attributes). In addition, we considered
that the generalization hierarchy defined in SKOS was appropriate for representing the LOINC hierarchy that is based

dhttps://www.w3.org/TR/skos-reference/
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on the compositional structure of its labels. Indeed, SKOS has been proven to be well adapted for the description
of the hierarchical structure of terminologies13, and the English version of LOINC has already been described using
SKOS14.

Description of the proposed LOINC model. Figure 3 displays the proposed model for the description of LOINC
concepts.

Figure 3: Proposed model used for the construction of the LOINC graph structure

It consists in:

• The description of LOINC attributes: in the literature, LOINC attributes are described as major attributes
or minor attributes. When used, minor attributes are parts of the description of major attributes. Thus, they
correspond to optional sub-parts of major attributes. The sub-attributes designate the sub-parts of LOINC major
attributes. The sub-attributes used for the description of major attributes that are not minor attributes are called
main attributes in our model and in the rest of this article. For example, in the component (major attribute)
“leukocytes∧∧corrected for nucleated erythrocytes”, “corrected for nucleated erythrocytes” is an adjustment
(i.e., a minor attribute), while the other part of this component (i.e., “leukocytes”) is the main attribute. Because
this component does not involve any challenge, nothing is described between the two caret characters. We also
added class as attribute in our model.

• The description of relations in the model: for each major attribute, a semantic link has been created between
the LOINC concept and the attribute. The relation has been labelled using the prefix “has ” followed by the
name of the major attribute (e.g., an has method relationship has been defined to associate LOINC concepts to
their method attribute(s)). Between major attributes and minor attributes, the same strategy has been used (e.g.,
an has adjustment relationship has been defined to associate component attributes to their related adjustment
attribute). As main attributes correspond to the attributes’ description without the refinement of minor attributes,
a hierarchical relation (skos:broader) has been created between major attributes and main attributes.

Each LOINC attribute and concept have been described as a skos:Concept.
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Instantiation of the model. The instantiation has been realized by using data from FVT. The process started with the
creation of a set of labels of each attribute followed by the generation of an identifier for each of them.

• The creation of sets of labels: from each fully specified name, sets of labels (by type of attributes) have been
created from all the French variants using a tokenization process based on the punctuation of LOINC labels. The
sets of labels corresponding to main attributes have been included in the sets of labels of major attributes. For
example, a unique set of labels for components and analytes has been constituted. According to the punctuation
character, the process was as follows:

– the caret character “∧” delimits the minor attributes and the main attributes in the description of major
attributes. Using this punctuation, the set of major attributes and the set of minor attributes have been cre-
ated. For example, from the LOINC label of the component Insulin∧1.5H post dose tolbutamide, “insulin”
has been integrated in the set of components and “1.5h post dose tolbutamide” has been integrated in the
set of challenges.

– the dot character “.” describes hierarchical relations between attributes. For each dot character in a label,
an additional attribute corresponding to the left side of the dot character has been created. For example,
from the component label “epithelial cells.renal”, the label “epithelial cells” has been created and included
in the set of components like the original label.

– the slash character “/” describes quotient relations in the components. Like for the dot character, the left
side of the slash character has also been extracted and included in the set of components.

– the “+” and “&” signs may be used to create combined measurements or combined results. The labels
containing the “+” and/or “&” signs can thus be decomposed. The left side of the related characters has
been identified as a prefix (an identifier has been created for that prefix) and the right side as a suffix. The
attributes have thus been reconstituted by combining the prefix, each related character and the suffix. For
example, from the component label human papilloma virus 16+18 Ag, the related elements are “16” and
“18”, the prefix is “human papilloma virus” and the suffix is “Ag”. The following labels have thus been
created and included in the set of components (in addition to the suffix and the component label): “human
papilloma virus 16 ag” and “human papilloma virus 18 ag”.

– the “+” and “-” signs may be used to describe the cluster of differentiation (CD) of cells when they appear
at the end of a label. In such cases, the “+” sign indicates the presence of a specific CD and “-” indicates
its absence. Thus, the same rule as for the “+” and “&” signs has been applied to identify the composed
attributes. For example, from the component label Cells.CD3+CD4+CD27-CD45RO+CD62L-, the fol-
lowing labels have been created and included in the set of components: “cells”, “cells cd3”, “cells cd4”,
“cells cd27-”, “cells cd45ro” and “cells cd62l-”.

• The creation of a unique identifier for synonymous labels: as previously stated, the set of French labels
cannot be related to a LOINC identifier because LOINC parts are not described in French. Thus, a unique
code of attribute has been generated for each label. When a code was assigned to a label related to a LOINC
concept, this code was also assigned to all the other labels that have the same relation with this LOINC concept
in the different French variants. Indeed, for each LOINC concept related to an attribute, this attribute has been
considered as equivalent across the different linguistic variants.

For example, in FVT, the term “hémostase” is used in the French variant to designate the class attribute of the
LOINC concept 3245-8-Clot Retraction [Time] in Blood by Coagulation assay while the term “coagulation”
is used in the Canadian variant. Thus, the unique code (CLAS1508) created for “hémostase” has also been
assigned to “coagulation”.

Comparison of the constructed structure with the stated structure of LOINC. To highlight the advantages of the
constructed structure, we compared it to the stated structure of LOINC, which is commonly computed from LPT.
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For the construction of the stated LOINC structure, we described each relation between LOINC concepts and attributes
as a simple Resource Description Framework (RDFe) triple. To avoid the ambiguity in LPT, we decided to integrate the
relations between a LOINC concept and its LOINC attributes in the stated structure only if, for each type of attribute,
these relations are the unique ones being tagged as “primary”.

For example, we added an has class relation between the LOINC concept 13505-3-Herpes simplex virus 1+2 Ab
pattern [interpretation] in serum and the class LP7819-8-Micro. However, we did not relate this LOINC concept
to the two components LP14822-8-Herpes simplex virus 1+2 and LP40415-9-Herpes simplex virus 1+2 Ab pattern
because they are both tagged as “primary”. Thus, the relation with the class has been added, whereas no relation has
been created for the components (the relation with components being ambiguous in LPT).

The attributes created by our process and those from LPT were considered as equivalent if they shared the same
LOINC concept identifier. Thus, we computed the cardinality of these mappings as follows:

• 1-0 mappings corresponded to one created attribute for which no stated attribute existed,

• 1-1 mappings associated one created attribute to one stated attribute,

• 1-N mappings associated one created attribute to more than one stated attribute.

Results

The constructed LOINC structure for the French language. LPT contains the description of 89,271 LOINC con-
cepts corresponding to 44,313 component, 1,791 challenge, 35 adjustment, 205 property, 59 time, 8 time modifier,
2,682 system, 62 super system, 10 scale, 1,907 method, and 389 class attributes.

From the labels of the 54,480 concepts obtained by pooling the French, Belgian, and Canadian LOINC variants, the
attributes for which French labels have been generated by our process corresponded to 22,819 component, 28,807
analyte, 819 challenge, 15 adjustment, 140 property, 31 time, 26 time aspect, 3 time modifier, 394 system, 368 main
system, 16 super system, 6 scale, 754 method, and 103 class attributes.

The stated structure contained much more component, challenge, system, scale, method, and class attributes than the
French version because it covers more concepts and it contains attributes that are not definitional. For example, the
LOINC attribute LP7747-1-- (the dash being the label) used as a scale in the stated structure has been ignored during
our construction process because the dash indicates the absence of any attribute.

Among the attributes our process defined in French, 3,140 components have been described with a challenge and/or an
adjustment. From the hierarchy computed for components, the process created 28,807 analytes. An example of such
created analytes from the component label of the LOINC concept 90229-6-Herpes simplex virus 1 and 2 Ab.IgG and
IgM panel - Serum or Plasma is illustrated in Figure 4.

Comparison of the constructed structure with the stated structure of LOINC. Table 1 describes the cardinality of
mappings between the constructed and the stated LOINC structures.

Many 1-0 mappings have been found for the component attributes and a few mappings for the system and challenge
attributes. This result is due to the disambiguation step applied when a LOINC concept was related to multiple
attributes of the same type through a “primary” tag in LPT. For example, the LOINC concept 63309-9-Proteinase 3 Ab
[Presence] in Body fluid by Immunoassay was described with the following two components (both through “primary”
tags): LP17259-0-Proteinase 3 and LP39491-3-Proteinase 3 Ab. Thus, no mapping could be found because these
relations have not been computed in the stated structure. On the contrary, our process described the concept with the
component attribute COMP2120-Protéinase 3 anticorps, this component being itself related to the analyte AN61492-
Protéinase 3 through a skos:broader relation. Regarding the main attributes (i.e., Analyte, Time aspect, and Main
system), only 1-0 mappings were found because these entities are specific to the implemented model.

ehttps://www.w3.org/TR/rdf-schema/
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Figure 4: The constructed hierarchy of analytes according to the punctuation in the LOINC component label
COMP24270-herpes simplex virus 1 & 2 ab.igg & igm panel
Table 1: Distribution of the constructed LOINC attributes according to the cardinality of their mappings to the stated
attributes

LOINC attributes 1-0 mappings 1-1 mappings 1-N mappings Total
Component (major) 9,710 13,018 91 22,819
Analyte (main) 28,807 0 0 28,807
Challenge (minor) 3 804 12 819
Adjustment (minor) 0 15 0 15
Property (major) 0 136 4 140
Time (major) 0 31 0 31
Time aspect (main) 26 0 0 26
Time modifier (minor) 0 3 0 3
System (major) 43 344 7 394
Main system (main) 368 0 0 368
Super system (minor) 0 15 1 16
Scale (major) 0 5 1 6
Method (major) 0 744 10 754
Class 0 100 3 103

Predominantly, the created attributes have 1-1 mappings with the stated attributes. The 1-1 mappings corresponded to
the non-ambiguous correspondences identified between our constructed structure and the stated one.

The mapping process generated a few 1-N mappings. For example, the scale attribute SCALE1503-quantitatif has
been mapped to LP7753-9-Qn and to LP7751-3-Ord because the LOINC concept 3245-8-Clot Retraction [Time] in
Blood by Coagulation assay was described with the scale attribute “qualitatif” in the French variant while the other
variants used the scale “quantitatif”. This led to erroneously consider that “quantitatif” and “qualitatif” are synony-
mous labels and to the creation of a unique identifier for them. Another example is the mapping between the com-
ponent attribute COMP4206-Sulopenem and the LOINC attributes LP94456-8-Linopristin+Flopristin and LP94455-
0-Sulopenem because the LOINC concept 55289-3-Sulopenem [Susceptibility] has been erroneously described in the
Belgian variant using “linopristin+flopristin” as a component while the other variants used appropriately “sulopenem”.
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Discussion

Our work consisted of constructing a graph representation of LOINC to facilitate the alignment of local terminologies
to LOINC. Local terminologies are characterized by the low expressiveness of their labels and structures. They mainly
contain user-friendly terms that facilitate their usability1 but limit the application of morphosyntactic approaches to
map these local terms to the complex terms of LOINC. Thanks to the proposed graph structure containing synonymous
labels in French for concepts and attributes, the creation of mappings between LOINC and French local terminologies
will be more efficient. Indeed, a mapping to a LOINC attribute (having a simpler label) can be performed first, and
then more complex mappings can be inferred to find the appropriate LOINC concept. For example, a named-entity
recognition strategy may be applied to the labels of local terminologies by looking for the component/analyte terms,
method terms, class terms, etc. Then, according to the attribute terms found in the labels, a query (e.g., SPARQL
query) may be made on the structure of LOINC to recover the LOINC concepts containing these characteristics.

We made this construction based on the labels of LOINC rather than on the structure described in the LOINC multi-
axial hierarchies (available in the release) and LPT (used only for comparison) for four reasons. First, the multi-axial
table of LOINC concepts is manually maintained and the hierarchy is not meant to describe LOINC as a pure ontology
but according to the different domains of laboratory analyses. Secondly, the description of parts is ambiguous. As
illustrated in Figure 2, multiple LOINC attributes of the same type may be used to describe a LOINC concept. In this
example and for a formal description, LP40415-9-Herpes simplex virus 1+2 Ab pattern is the appropriate component
but LOINC does not prioritize it in the description of the LOINC concept 13505-3-Herpes simplex virus 1+2 Ab pat-
tern [interpretation] in Serum. Thirdly, in the multi-axial table, hierarchies are not available for each attribute. Again
in the example of Figure 2, no hierarchical link exists between LP40415-9 and the other components. Especially
between LP40415-9 and LP14822-8-Herpes simplex virus 1+2, a hierarchical relation would clearly be expected (not
to say that the “antibodies of herpes virus” are a kind of “herpes virus” but rather to highlight that an analysis on
“antibodies of herpes virus” is an analysis on the “herpes virus”). Finally, the identifiers of LOINC attributes were
not related to their French labels in the release. The proposed process illustrates that a French version of LOINC can
be automatically built with attributes containing synonymous labels from different variants. More interestingly, this
process may be used to create a multilingual graph structure of LOINC including all the languages (with their variants)
contained in the release.

Terminology translation is an important task allowing the usability of reference terminologies through different coun-
tries. The accuracy of the used terms must be maintained across different languages10, 15. Whether the translation is
realized manually or automatically, it must be curated16, 17. When comparing the obtained structure with the stated
structure of LOINC (only for LOINC concepts related to a unique attribute of each type), we noticed some inconsis-
tencies due to translation errors. The highlighted limitations do not question the quality of the constructed structure
but give the possibility to indirectly audit LOINC translations. Indeed, when comparing the created attributes to the
stated ones, we found that many 1-N mappings were consecutive to semantic errors in the translation process, mainly
due to misinterpretations of LOINC concepts and/or LOINC attributes. For example, in the description of the LOINC
concept 3245-8-Clot Retraction [Time] in Blood by Coagulation assay, if the test of “coagulum retraction” consists
in measuring the bleeding time, the result is sometimes given in practice according to the interpretation of this time
(e.g., normal, prolonged) which is more clinically relevant. However, the LOINC concept does not describe this type
of results. Using the “qualitatif” attribute to describe the scale attribute of this LOINC concept changes the purpose
of this concept, which runs counter to the translation principles. Indeed, changing the purpose of LOINC concepts
according to local requirements defeats the goal of LOINC to share the same knowledge through different health sys-
tems. These translation errors are not specific to a given variant. Indeed, the French, Canadian, and Belgian variants
all contain errors. For example, the Canadian variant erroneously uses the term “Agglutinine froide” to describe “Cold
agglutinin panel” as a component of the LOINC concept 79160-8-Cold agglutinin panel - Serum, while the French
variant confusedly uses the plural “Agglutinines froides” to describe the component “cold agglutinin”. For now, these
1-N mappings have to be manually explored for determining which variant(s) contain the error(s). A perspective of
this work is to automate this step by adding English labels. Indeed, the following simple steps may be computed
for identifying the erroneous translation: 1) for each variant, collecting the set of LOINC concepts whose label con-
tains the specific term corresponding to the attribute’s label, 2) calculating the similarity between the resulting sets of
LOINC concepts, and 3) identifying the variant whose set of LOINC concepts is declared different from that of the
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English version (being a priori the one that contains the error).

Some limitations were highlighted within the proposed process, such as the misinterpretation of characters in labels.
Indeed, for some components, the slash “/” character describes a quotient in the challenge or the adjustment but for
other components, it describes something else. When splitting the labels, the expected result can be found by deter-
mining a priority between the slash “/” and the caret ∧ characters. For example, the caret character must be prioritized
when processing the label of the component “streptococcus pneumoniae Danish serotype 9N Ab∧1st specimen/2nd
specimen” of the LOINC concept 86181-5-Streptococcus pneumoniae Danish serotype 9N Ab [Ratio] in Serum by
Immunoassay – 1st specimen/2nd specimen. In this case, the slash delineates the quotient of the challenge and not
that of the component. Conversely, the slash character must be prioritized when processing the label of the component
“volume∧at 1.0 s post forced inspiration/Volume.forced inspiration.total” of the LOINC concept 43264-1-FIV1/FIV
Predicted because it delineates the quotient of the component and not the quotient of the challenge. On the other hand,
the dot character “.” is sometimes a part of the analytes’ names and not an indication of a hierarchical relation. For
example, in the label “t(X;11)(q13.1;q23)(FOXO4,MLL) fusion transcript”, the dot character is actually part of the
genes’ names. These limitations were also emphasized by the multiple mappings found between the created attributes
and the stated LOINC parts. However, it should be noted that they corresponded to a few number of attributes and
could be manually corrected.

The constructed French structure was limited to the construction of RDF triples for describing LOINC concepts.
A collaboration between the Regenstrief and SNOMED International aimed at providing mappings between the
LOINC parts and LOINC concepts to concepts of the Systematized Nomenclature of Medicine and Clinical Terms
(SNOMED CT R©f )18. If the mapping allowed to have a projection of the SNOMED CT structure on LOINC so that
a formal structure of LOINC could be defined, it did not propose a disambiguation of LOINC attributes. A perspec-
tive of our work could be to use a formal definition and a more formal language like the Web Ontology Language
(OWLg) for expressing LOINC based on the disambiguation of its concepts that can be identified in our process. In
this way, other characteristics of LOINC labels could be used (e.g., the structure of challenges) and the LOINC parts
corresponding to a combination of attributes from different types (e.g., time and system, system and method) could
be easily computed. Indeed, Mary et al. previously showed that a formal structure enhances the classification of
laboratory tests19. As shown in Figure 2, it is certainly the absence of such a formal structure that led the Regenstrief
to describe LOINC concepts with multiple attributes of the same type. Admittedly, LOINC concepts can be retrieved
from general queries in a limited way. Nevertheless, these queries are more limited than those carried out on a formal
structure. Furthermore, this representation introduces ambiguity in the description of concepts.

Conclusion

To facilitate the alignment to local French terminologies, our process aimed at constructing a graph representation of
LOINC through the structure of its labels. We computed a structure of LOINC with attributes and concepts having
multiple synonymous in French. We found that the majority of LOINC parts’ translation met the requirement that, in
a translation, terms used for a given concept must be in accordance with the relation of this concept to other concepts.
However, our process highlighted some semantic errors in the translation process that change the purpose of LOINC
concepts and thus require to be corrected.
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Abstract

Physicians collect data in patient encounters that they use to diagnose patients. This process can fail if the needed
data is not collected or if physicians fail to interpret the data. Previous work in orofacial pain (OFP) has automated
diagnosis from encounter notes and pre-encounter diagnoses questionnaires, however they do not address how vari-
ables are selected and how to scale the number of diagnoses. With a domain expert we extract a dataset of 451 cases
from patient notes. We examine the performance of various machine learning (ML) approaches and compare with a
simplified model that captures the diagnostic process followed by the expert. Our experiments show that the methods
are adequate to making data-driven diagnoses predictions for 5 diagnoses and we discuss the lessons learned to scale
the number of diagnoses and cases as to allow for an actual implementation in an OFP clinic.

1 Introduction

Diagnoses are one of the decisions physicians routinely make when encountering patients. Prior to an encounter
with the physician, patients complete pre-encounter questionnaires with information on their medical history and
a review of systems. To make decisions, physicians examine the answers provided in the questionnaires and any
other available ancillary information, e.g., radiographic images or notes from a previous encounter as depicted in
Figure 1. Physicians then make hypotheses on possible diagnoses and collect additional information asking questions
or examining the patient, or prescribing tests to corroborate their hypothesis. This process requires both domain
knowledge and expertise to avoid misdiagnosis. Expert physicians are more likely to carry out the process efficiently,
e.g., without prescribing unnecessary tests, and they will converge quickly to make the correct decisions. To diagnose
correctly, expert clinicians learn and retain a relatively large list of variables that define a wide variety of diagnoses.
This is an imperfect process and failure to collect the needed data or failure to recognize the meaning of the collected
data is not uncommon. In addition, novice physicians, e.g., physicians in training and non specialists, are at greater
risk of making inefficient and/or incorrect decisions and these risks increase with uncommon diseases1. Moreover,
novice physicians either lack the necessary diagnostic and note taking skills, or generic interview practice fails to
capture the discriminative features for specific diagnoses. The notes taken by novices may not contain the information
needed for making the correct diagnoses or if the information is present it is not understood.

One practical application of the predictions is to present clinicians with a set of diagnosis that they can validate or reject
during a patient encounter. This could be achieved creating a patient facing questionnaire that will become a useful
diagnostic adjunct. This would allow faster diagnosis times with potentially fewer misdiagnoses as long as the system
performs equally or better than a typical clinician. In particular we believe that for clinicians in training automated
diagnoses would be extremely valuable and that is our primary driving motivation with this work, since the system
uses features (signs and symptoms) to narrow the number of possible conditions or diagnoses under consideration.
A secondary clinical end point of the system would be to allow triaging incoming patients which would increase
efficiency at a clinic and lower the burden on clinical resources, as long as the accuracy is sufficient compared to
the information gathering process and decision making that would be needed. Furthermore ML approaches in these
applications will allow us to select the most relevant features to use making the predictions, e.g., as a pedagogical tool
for clinicians in training or as a set of features to focus the patient encounter on.

In this paper we are interested in the feasibility of automating the diagnosis of patients attending an orofacial pain
(OFP) clinic who present with a variety of pain, headache and temporomandibular disorders. For this we want to
augment the patient information of Figure 1 with a pre-encounter diagnoses questionnaire that is scored automatically.
Most related work aimed at making OFP diagnostic prediction is on relatively small datasets and considers few diag-
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Figure 1: Clinical decision making process following patient encounters, and diagnoses automation using a patient
filled pre-encounter diagnoses questionnaire (shown in blue).

noses. These works either rely on patient notes which may fail because the discriminative variables are not recorded,
or validated questionnaires that are prototyped based on expert opinion and which may omit other important variables
and do not scale to the set of diagnoses that are needed for practical use in an OFP clinic. Therefore, our focus is on
the process of generating data-driven patient questionnaires built on existing questionnaires and interview notes and
that can be used to automate the diagnoses of orofacial pain disorders. For this we worked with an OFP expert at
an OFP specialty clinic to build a suitable dataset and identify the relevant variables from recorded case notes. Our
immediate goal is to examine the feasibility of automating and scaling the diagnosis process using supervised learning.
While building the dataset we captured the expert thought process into a simplified expert model that we formalized
and dubbed the High Frequency Value (HFV) model. We report on the performance of machine learning (ML) ap-
proaches and the simplified expert model and discuss the lessons learned on how to scale the number of diagnoses.
While this work focuses on the automated diagnoses for OFP it is also of interest to other medical applications where
pre-encounter questionnaires can be administered. The model predictions have in fact the potential to help physicians
improve clinical outcomes by minimizing misdiagnoses through more efficient patient interviews with improved note
taking.

The remainder of the paper is organized as follows: in Section 2 we discuss the related work. The dataset is presented
in Section 3, Section 4 presents the methods used to create and validate the dataset. Results are presented in Section 5.
Finally, in Section 6 we conclude the paper.

2 Related Work

Patient questionnaires are a prime source of information to physicians and this is especially so in a pain clinic. Some
medical questionnaires are statistically validated for a target population. The PROMIS R©Patient-Reported Outcomes
Measurement Information System2 and consists of a set of person-centered measures that evaluates and monitors
physical, mental, and social health in adults and children, can be used with the general population and with individuals
living with chronic conditions. While PROMIS R©scores have been used to improve performance status assessment in
cancer medicine3 and to predict postoperative outcomes4 their use to achieve an automated diagnosis remains limited.
PROMIS short forms5 is an example of statistical questionnaires approach to select a small set of questions that
are best understood and most predictive and remain a clinical standard. Statistically validated questionnaires such
as PROMIS R©quantify the severity of a given outcome and cannot be applied to making multiple decisions such as
diverging diagnoses.

With the increased use and availability of electronic health record (EHR) data, machine learning (ML) approaches have
been used extensively for making data-driven clinical predictions6, 7. EHR data may include, patient interview notes,
medical history, physical examination findings, imaging and laboratory test results. Several studies have used ML for
clinical predictions, e.g., for symptom severity in mental care8, to diagnose common headaches9 and predict fertility10.
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This work relies on traditional ML approaches (e.g., logistic regression, decision trees, support vector machine) that
are known to perform well on smaller datasets.

Specifically, in the area of orofacial pain, narrative notes where used to diagnose four types of headaches9 from a set
of 190 patients achieving accuracy levels greater than 90% concluding that if the data is sufficiently robust and the
classification targets are sufficiently distinct, ML methods can provide a level of accuracy acceptable for use in clinical
applications.

Several studies developed models to diagnose OFP from patient pre-interview questionnaires. McCartney et al. de-
veloped used a Neural Network (NN) to diagnose facial pain syndromes from patient’s self-assessment responses11.
Limonadi et al. used NN on a set of 143 patients to diagnose facial pain syndromes from a questionnaire with 18 bi-
nomial (yes/no) questions, obtaining good results on some of the 7 diagnoses that were considered12. In other clinical
applications, where large datasets are available, NN approaches have been shown to be successful, e.g., to predict op-
timal treatment strategies13. While these works realize the potential for pre-encounter diagnostic questionnaires they
do not explore the process of selecting discriminative variables and how to scale beyond a limited set of diagnoses.

In this paper we specifically focus on using traditional supervised machine learning approaches as we build an OFP
dataset for evaluation. The dataset we create is described in Section 3. Section 4 provides details on how we used a
high frequency variable (HFV) algorithm to build the dataset and Section 5 presents the evaluation setup and results.

3 Dataset

The diagram of Figure 2 shows the process our OFP expert used to generate the OFP dataset that was ultimately used
in the experiments of Section 5. To create the dataset, experts reviewed existing electronic patient notes, and for each
case, extracted a set of features considered pertinent to the diagnoses based on domain knowledge and experience with
the relevant diagnoses. Specifically, the expert, co-author Clark, initially bootstrapped the dataset process with 50
cases by identifying based on experience important variables and attempting to classify with a simple heuristic based
on the features present. In parallel, to validate these 50 cases we have applied ML algorithms by training and testing on
the same full set. This in turn has lead to identifying errors (such as missed relevant variables) and variables not present
in the dataset which is typical in cases that get misclassified. We then iterated over this process expanding the dataset
while formalizing the clinician expertise into the HFV model. A second expert, co-author Vistoso, independently
extracted the features from the narrative notes and patient questionnaires and re-conciliated the feature set values
over the entire dataset development process. Finally, we applied ML on the complete 451 cases dataset generating
performance results including confusion matrices and examined cases that were misclassified leading to finding and
correcting few more errors in the dataset, the majority of which resulted from typos in the spreadsheet that was used
to create the dataset.

Figure 2: Conceptual model used to generate and model the OFP dataset. Blue segments show how existing note
taking protocols can be extended to include features used to improve the model performance. Ultimately, we aim at
building models using information gathered through dynamic questionnaires.
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The resulting dataset is formatted in the form of a dataframe14 as a table of rows, where each row corresponds to a
case with features and labeled diagnoses. Variables were extracted from the patient interview encounter notes as filled
by the physician and from the Medical History and Review of Systems questionnaires as filled by the patient. Notes
taken by the physician include patient interview notes and selected examination variables. For our dataset this work
was carried out manually, however applying natural language processing techniques to notes, that are usually captured
as unstructured text, might allow us to automate this step. Throughout, we have tried to capture the expert thought
process and found it to include the following steps for each case: (1) identify and reconfigure relevant diagnoses that
could be achieved from patient input, (2) identify based on experience, the relevant variables that can be extracted
from the notes, (3) wherever possible, make the extracted variables dichotomous (e.g., 1 if present and 0 if absent),
(4) verify which variables are most prevalent (e.g., highest frequency) in all the cases where a given diagnosis occurs
and (5) when a sufficient number of cases is available, classify the cases based on a similarity metric relating to the
relative frequency of variables and diagnoses. To better capture this process and validate that it is sufficient for creating
a robust dataset, we have implemented a simplified algorithm that proceeds according to steps 1-5 above. We have
named the resulting algorithm the high frequency variable (HFV) algorithm and describe it in details in Section 4. The
expert incrementally and iteratively built the final dataset by working in a spreadsheet and using the HFV algorithm
for validation using the HFV computations described in Section 4. Our final dataset consisted of 451 cases: age range
from 8 to 93, mean age is 43.4 years and age standard deviation is 21.4, with 320 females (71%) and 131 males (29%).
We have considered 141 variables of which 138 are dichotomous, and 3 are continuous: age, pain severity on a discrete
scale [0, 10], and max mouth opening in millimeters. The features include 6 variables that were used to quantize the
continuous variables: age under 35, age over 59, pain severity lower or equal to 6, pain severity greater or equal to 8,
and opening less or equal to 35 mm. We have limited our experiments in Section 5 to the 5 diagnoses presented in
Table 1 for which the dataset has a sufficient number of positive samples. In the remainder of the paper we will refer
to these 5 diagnoses as d1, d3, d4, d5 and d7 as show in Table 1. Each case in the dataset can have any or all of the
diagnoses considered. Figure 2 shows the case counts for all possible combinations of the diagnoses considered, with
the other category corresponding to cases that have other diagnoses than the 5 considered.

Table 1: OFP diagnoses included in the experiment

Diagnosis description Freq. % Rel. Freq.
d1 Internal derangement (DDWR) / Internal derangement (eDDNR) 169 37.47
d3 Masticatory or Cervical Myalgia/ Myofascial Pain 282 62.53
d4 Arthromyalgia Combo / Capsulitis 198 43.90
d5 TMJ Osteoarthritis / Rheumatoid Arthritis 83 18.40
d7 Chronic Trigeminal Neuropathy / Neuritis (not BMS) 63 13.97

4 Methods

We represent the set of questionnaire answers as a data vector of features X = [X1, . . . , XN ] of size N , and formalize
the diagnostic problem as a classification task that takes as input a vector X and outputs a label y for each possible
diagnosis with y = [y1, . . . , yM ] of size M . In the formulation of the HFV algorithm we restrict vectors X and y to
contain binary values encoded as 0 and 1, i.e., Xi , yi ∈ 0, 1 where 0 and 1 correspond to a value that is absent or
present respectively. We assume K samples are available for training. In the following we describe the procedure for
scoring a set of M diagnoses y with our HFV approach.

HFV Algorithm. Let fij be the relative frequency of feature i and label (i.e., diagnosis) j. We compute fij over theK
training samples by counting the number of times the value of the feature corresponds to a positive label, i.e., feature
value and diagnosis have a value of 1, and normalize by the count of samples with a positive label:

fij =

∑K
k=1Xikyjk∑K
k=1 yjkyjk

We defined matrix of high frequency variables h of size M ×N where hij is 1 if the relative frequency fij of feature
i and label j is above a fixed threshold THF and 0 otherwise, i.e. hij = δT (fij), where the function δT = 1 if
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Figure 3: Dataset case counts by diagnoses combinations. “other” refers to diagnoses not considered in this study.

fij ≥ THF and δT = 0 otherwise. We then define the vector ri of size N as the count of HFV for feature i:

ri =

M∑
j=1

hij

, and a weight vector w = [w1, . . . , wN ] of size N with components wi = M
ri

if ri 6= 0 and wi = 0 otherwise.
With W the diagonal matrix of w, we define the weighted matrix H of size M × N as H = hW . For a given input
sample vector X = [x1, . . . , xN ] the score vector s = [s1, . . . , sM ] is given by s = HX . The ROC curve15 is used to
determine the optimal score threshold to classify. Finally, we can estimate the confidence of label j as:

cj =
sj∑N
i=1 wi

5 Experiments

For developing the dataset, we initially implemented the HFV method of Section 4 in a spreadsheet and subsequently
in python16 in order to compare with other ML approaches. We used Scikit-learn17 to implement and evaluate HFV,
Random Forest, SVM, Logit and k-NN classifiers. Due to the relatively small size we only use ML approaches.

Classification Methods. Several classification algorithms were used to categorize the diagnoses. Extracted dichoto-
mous features were labeled using a binary value (1 or 0 depending on whether the feature is present or absent) and used
for training. We evaluate using HFV, Random Forest, SVM, Logit (Logistic Regression), and k-NN classifiers using
scikit-learn17. Random Forest can be trained to classify labels one at the time or to classify all labels at once, i.e.,
multilabel classification, hence we examined both modalities. Combining classifiers was shown to improve perfor-
mance18. We therefore report performance measurements for different combinations of classifiers using two ensemble
methods: Average of Probabilities19 and Majority Voting20. The Average of Probabilities fusion method returns the
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Table 2: Classification performance for diagnoses d1, d3, d4, d5 and d7. RF: random forest, ml: multilabel, A:
accuracy, P: precision, R: recall, and F1: F1-score. Best performance is shown in bold.

A (%) P (%) R (%) F1

d1

HFV ml 95.56 94.15 93.18 0.94
RF ml 96.89 96.24 94.47 0.95
RF 96.22 95.02 93.83 0.94
Logit 96.00 95.93 92.76 0.94
SVM 96.89 97.38 93.83 0.95
k-NN 92.23 86.21 93.62 0.89

d3

HFV ml 84.03 91.17 82.24 0.85
RF ml 93.79 93.36 97.14 0.95
RF 93.57 93.80 96.32 0.95
Logit 93.34 93.83 96.04 0.95
SVM 95.34 94.95 98.21 0.96
k-NN 83.82 87.40 86.49 0.86

d4

HFV ml 82.02 77.58 86.52 0.81
RF ml 88.90 86.32 92.03 0.88
RF 87.79 85.95 90.65 0.87
Logit 88.91 86.31 91.52 0.88
SVM 89.56 85.20 96.22 0.89
k-NN 75.60 69.56 82.32 0.75

d5

HFV ml 95.78 89.32 89.42 0.89
RF ml 95.78 93.44 85.14 0.89
RF 96.22 93.57 87.43 0.90
Logit 88.91 86.31 91.52 0.88
SVM 95.34 92.46 83.32 0.87
k-NN 92.46 90.18 65.65 0.76

d7

HFV ml 86.05 52.40 81.96 0.62
RF ml 90.24 73.00 49.46 0.58
RF 90.90 75.05 52.99 0.60
Logit 90.02 67.50 54.99 0.60
SVM 90.24 73.10 46.27 0.56
k-NN 91.57 77.22 53.56 0.63

mean value of probabilities of multiple classifiers. The Majority Voting returns the class which gets the most votes
among multiple classifiers.

Parameter Tuning. Classification parameters were adjusted for best results. The HFV method used THF = 0.67,
i.e., we consider that a feature is a high value feature if it is positive for a positive diagnosis at least 2/3 of the time.
Random Forest classifiers used 100 estimators (number of trees). SVM classifier used a slack variable cost C = 1
with radial basis function kernel, and continuous variables were scaled using min-max scaling. Logit used a stochastic
average gradient SAG solver21. We used a K-fold cross validation with K = 5 and reported performance averaged
over the folds.

Results. Table 2 presents, for the five diagnoses listed in Table 1, the classification results of seven classifiers: HFV
multilabel, Random Forest multilabel, Random Forest, Logit, SVM, and k-NN. To make a fair comparison with the
HFV method that is not designed to deal with continuous variables, we have replaced the continuous variables with
corresponding quantized features as described in Section 3. Overall the accuracy ranges from 75.60% to 96.89%,
precision ranges from 52.40% to 97.38%, recall ranges from 46.27% to 98.21%, and F-1 score ranges from 0.56 to
0.96. Classification accuracy rates per diagnosis are in decreasing order: d1, d5, d3, d7 and d4. Best accuracy: d1
(RFml / SVM 96.89%), d3 (SVM 93.34%), d4 (SVM 89.56%), d5 (RF 96.22%) and d7 (k-NN 91.57%). Compared to
the best classifiers results, HFV achieves lower accuracy rates: d1 (-1.29%), d3 (-11.31%), d4 (-7.54%), d5 (-0.44%)
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Table 3: Single and combinations of classifiers performance (continuous variables included). RF: random forest,
ml: multilabel, RL: Random Forest and Logit, RS: Random Forest and SVM, Sk: SVM and k-NN, RSL: Random
Forest, SVM and Logit, ap: average of probabilities, mv: majority voting, A: accuracy, P: precision, R: recall, and F1:
F1-score. Best performance is shown in bold.

A (%) P (%) R (%) F1

d1

RF ml 96.45 97.38 92.76 0.95
Logit 95.78 95.93 92.35 0.94
SVM 97.11 98.04 93.83 0.96
RS mv 97.11 98.04 93.83 0.96
Sk mv 95.79 98.46 90.13 0.94
RSL mv 96.89 98.04 93.18 0.95

d3

RF ml 94.01 94.08 96.70 0.95
Logit 93.57 93.83 96.44 0.95
SVM 95.34 94.95 98.21 0.96
RL ap 93.57 93.83 96.44 0.95
RS mv 93.79 94.52 96.02 0.95
Sk mv 93.35 94.45 95.28 0.95

d4

RF ml 89.57 86.88 93.15 0.89
Logit 89.57 86.98 92.65 0.89
SVM 89.78 85.21 96.75 0.90
RL ap 88.68 85.88 93.15 0.88
RS mv 88.91 87.92 89.40 0.88
RSL mv 89.13 87.77 89.72 0.88

d5

RF ml 95.12 93.12 81.10 0.87
Logit 95.34 91.46 84.44 0.87
SVM 95.34 92.46 83.32 0.87
RL ap 95.56 92.63 84.44 0.88
RS mv 95.12 93.29 81.04 0.87
Sk mv 95.34 93.44 82.15 0.87

d7

RF ml 90.23 68.49 49.35 0.56
Logit 90.02 66.61 56.99 0.61
SVM 90.68 75.60 49.52 0.59
RL ap 90.90 72.17 59.10 0.64
RS mv 90.68 79.38 47.46 0.58
Sk mv 90.68 76.78 48.71 0.58

and d7 (-5.52%). Overall HFV accuracy ranges from 82.02% to 95.78%, which seems to indicate that HFV was
capable of capturing the expert decision making thought process and support the database building process. However,
as HFV was used to build and test the dataset we note that the database might be biased towards the HFV method.

We speculate that the lower HFV accuracy (82.02%) for the arthralgia diagnosis d4 was because this diagnosis had
almost the same set of features as diagnosis d3 (myalgia), making it very hard to distinguish. Additional features
are needed in the narrative note to better make this distinction or if they cannot be separated, highly overlapping
diagnoses might need to be combined. Diagnoses d7 (trigeminal neuropathic pain) was also more difficult to predict
and exhibited the lowest precision and accuracy levels. This diagnoses had the smallest relative positive diagnosis
frequency (13.97%). However, for diagnosis d7, we hypothesize that a critical defining variable (e.g., focal allodynia,
which is pain with non-painful stimulation) was not consistently captured in the narrative note but was needed for
this diagnosis. Careful examination of feature data and expertise in the domain, allows speculation regarding which
variables are missing. With this knowledge, we will need to amend the note-taking protocol and once new cases are
collected to assess our hypotheses.

Table 3 presents classification results for top single classifiers of Table 2 and the three top combinations of classifiers
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considering the continuous variables (age, pain severity and max mouth opening) and excluding the related quantized
features that were introduced to support the comparison with HFV in the results of Table 2. Classifier considered:
Random Forest (RF), Random Forest multiclass (RF ml), Logit and SVM, Classifier combinations considered: Ran-
dom Forest and SVM (RS), SVM and k-NN (Sk), Random Forest and SVM and Logit (RSL), Random Forest and
Logit (RL). We label the combinations as mv for majority vote and ap for average of probabilities.

Overall the accuracy ranges from 88.68% to 97.11%, precision ranges from 66.61% to 98.46%, recall ranges from
47.46% to 98.21%, and F-1 score ranges from 0.56 to 0.96. Similar to the results of Table 2, classification accuracy
rates per diagnosis are in decreasing order: d1, d5, d3, d7 and d4. Best accuracy: d1 (RS mv / SVM 96.89%), d3 (RF
ml 93.34%), d4 (SVM 89.56%), d5 (RL ap 95.56%) and d7 (RL ap 90.90%).

Tables 4 and 5 present an example for a combinations of factors intervening in a typical single label Random Forest
prediction ordered by Gini coefficient. For the set of diagnoses considered, the topmost feature are all different,
however some of the secondary and tertiary features appear in several diagnoses, e.g., age. Note that several features
are the result of a physical examination; in a patient facing questionnaires these features could be reported by the
patient as self examination. In general, features interpretability information can be used to assess the dataset and to
inform physicians.
Table 4: Top 3 features for Random Forest single label classifier ordered by Gini coefficient from most important (1)
to least important (3) for diagnoses d1, d3, d4, d5 and d7.

First most important Second most important Third most important
d1 exam tmj click (0.273) tmjd clicking (0.147) age (0.1)
d3 exam muscle tenderness (0.274) extraoral jaw muscle (0.059) age (0.058)
d4 exam tmj tenderness (0.24) age (0.079) exam muscle tenderness (0.062)
d5 exam tmj crunch (0.333) tmjd crunching (0.16) age (0.064)
d7 exam tooth pain problem (0.17) cc tooth (0.09) intraoral gingival (0.044)

Table 5: Descriptions for the labels of Table 4. Labels prefixed with exam were extracted from patient encounter
notes as confirmed by the clinician during the patient examination. TMJ refers to the temporomandibular joint.

Label Description
age subject age
cc tooth chief complaint is problem with teeth or tooth
exam muscle tenderness palpation tenderness in jaw or neck muscles
exam tmj click auscultation shows click sound in TMJ on movement
exam tmj crunch auscultation shows crunching in TMJ on movement
exam tmj tenderness palpation tenderness in jaw joint
exam tooth pain problem pain in the teeth confirmed by examination
extraoral jaw muscle location of symptoms in jaw muscles
intraoral gingival location of symptoms in gingival tissues
tmjd clicking patient reports TMJ clicking
tmjd crunching patient reports TMJ crunching

6 Conclusion

Automating the journey from data collection to diagnoses has the potential to improve standards of care by provid-
ing faster and reliable predictions. In addition predictions can inform physicians in training by relating important
combinations of variables to potential diagnoses. For this end we propose in upcoming work to create and validate a
pre-encounter patient questionnaire that can predict a variety of OFP diagnoses.

In this work, we examine how an OFP dataset can be created and explore the feasibility of automating OFP diagnoses
with pre-encounter questionnaires. Working with an expert we have captured the expert’s thought process to look for
the relevant variables and derived an algorithm to modeled this process, the HFV algorithm, that was implemented and
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used to iteratively and incrementally create an OFP dataset of 451 cases each containing 137 independent features.
We report results of a comparative analysis of the HFV method with other machine learning models as a validation of
the dataset creation process and best classification results obtained by using a combination of classifiers. These results
show that the process used to define variables, forming the dataset is sound and the use of ML models to automate
diagnoses is feasible. We understand that the HFV system was used in building the dataset and therefore has a bias, but
it also validates the conceptual model clinicians use in patient interviews. Furthermore, the quality of the predictions
seem to indicate that the process we use to generate the dataset (which questions are important to ask) is sound.

Any practical application of ML predictions will require addressing differential diagnoses and combination diagnoses.
With this work we have shown that it is feasible to automate specific diagnosis if the needed features are present. In
our future work we will examine how ML approaches and classifier metrics can be used to support both differential
and combinatorial diagnoses by extending the number of cases and considering a wider set of OFP diagnoses. For this
we plan to utilize natural language processing to extract the variables from the electronic patient notes. In addition we
will update our note taking protocols to ensure that the variables that are discovered as important for the performance
of the system are captured. We will seek to improve our algorithms once we scale the dataset to prove feasibility with
additional OFP diagnoses. Finally, we will examine how to best create predictive patient questionnaires, e.g., how to
formulate the questions so they can be best understood and answered easily and how to only ask the questions relevant
to the diagnoses for the case at hand.
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Abstract

High quality patient care through timely, precise and efficacious management depends not only on the clinical presen-
tation of a patient, but the context of the care environment to which they present. Understanding and improving factors
that affect streamlined workflow, such as provider or department busyness or experience, are essential to improving
these care processes, but have been difficult to measure with traditional approaches and clinical data sources. In this
exploratory data analysis, we aim to determine whether such contextual factors can be captured for important clinical
processes by taking advantage of non-traditional data sources like EHR audit logs which passively track the electronic
behavior of clinical teams. Our results illustrate the potential of defining multiple measures of contextual factors and
their correlation with key care processes. We illustrate this using thrombolytic (tPA) treatment for ischemic stroke as
an example process, but the measurement approaches can be generalized to multiple scenarios.

1 Introduction

The context in which medical care is provided can be as important as clinical factors in determining outcomes from
disease1–3. The time of day, busyness of the emergency department, cognitive burden on specialists, their experience
with similar cases or transitions of care can all have a large impact on the ability to provide appropriate care for our
patients4–6. This is especially so for time-sensitive conditions like myocardial infarction or stroke, where the timing
of interventions and ability to work with consultants may acutely affect the delivery of care and thus likelihood of a
positive outcome for the patient. Such contextual factors are typically not well-represented in traditional (electronic)
medical data sources however, limiting our ability to measure, understand, and improve them.

We will focus on emergency treatment of ischemic stroke as an example scenario, as morbidity and mortality highly
depends on the timeliness of diagnosis thrombolytic therapy.7, 8 For patients with stroke conditions, the treatment team
needs to quickly determine the type of stroke (ischemic or hemorrhagic) by means of physical exams and CT or other
head imaging, and whether or not they are a candidate for thrombolytic therapy through history, medication review and
lab studies. If the patient is identified as having an ischemic stroke, tissue plasminogen activator (tPA) is an effective
medication that can break up a blood clot and treat the patient safely in most cases within 4.5 hours after the symptom
onset. Safe and efficacious treatment with tPA is highly time-sensitive and quick treatment not only enhances the
chances of survival but also reduces after-stroke disabilities.7 Thus, management of stroke relies on fast, accurate
diagnosis, coordination, and execution of care processes. However, many factors may affect these processes, such as
the busyness of the emergency department and individual providers or limitations in the lab or imaging facilities.

Healthcare quality organizations like the Agency for Healthcare Research and Quality (AHRQ) have respectively
sought methods to evaluate the effect of complex systems on the delivery of care. They use process measures like
the above stroke “time-to-tPA” to determine how well an institution is hitting benchmarks that connote quality care9.
Process measures measure the specific steps in a process that lead to a particular outcome or metric of interest. Despite
their lack of focus on the specifics of these clinical issues, they are believed to capture the totality of the experience10.
According to the Agency for Healthcare Research and Quality, “While outcome measures may seem to represent the
“gold standard” in measuring quality, an outcome is the result of numerous factors, many beyond providers’ control.”

As we attempt to make targeted improvements and learn from these issues, a more granular approach may be necessary.
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Each process measure may in fact be made up of several other processes or be affected by various elements of the care
environment. We may want to know when clinicians undertook certain tasks, how often they were interrupted or who
they were working with. Traditionally, this requires labor-intensive primary data collection methods such as time-
motion studies, surveys, or interviews. These methods can be limited in scale and do not even always succeed in
capturing the variability in these tasks over time11.

The continued adoption of Electronic Health Records (EHR) progressively increases the amount of clinical data and
documentation that are naturally captured in computer systems. A relatively underutilized data stream captured is the
audit (also known as the event- or access-) log that tracks who is logged in, where they are, and what actions are they
performing in the EHR. The primary purpose of such data is to maintain the security of protected health information as
required by HIPAA, but they also represent a byproduct of users’ granular interactions with the medical record. This
includes, but is not limited to, ordering of medications, acknowledgment of those orders, communications between
providers, scanning of blood products, bed requisitioning and movement of patients as well as the time stamp of all of
these actions.

The audit log has thus been promoted as a new window into clinical care processes which may be utilized for health
services research11, 12 in ways that would previously have been infeasible. Audit log data has been used to study
clinical workflows, transitions of care and provider responses to alerts13–18. Most prior studies have used the access
log data to identify clinical workflow patterns17.

However, this data has not yet been used to measure the effect of contextual factors on clinical processes. Our ex-
ploratory data analysis objective is thus to determine whether audit log data can be used to illuminate contextual factors
that affect clinical processes, using diagnosis and treatment of ischemic stroke as an example. We aimed to develop
measures for “busyness” and “team experience” and assess their relationship with time-to-tPA, a primary process
measure for improving stroke outcomes when presenting to the ED.

2 Methods
2.1 Defining the Cohort

Our cohort consists of Stanford Health Care Hospital patients aged 18 years and older who presented to the ED
from January 1, 2010 through December 31, 2018 and received tPA within 4.5 hours of presentation. 4.5 hours is
the standard window for time from onset of symptoms to safely giving tPA as described by the American Stroke
Association (ASA). Thus, we chose 4.5 hours as our window to allow for abrupt onset of symptoms at time of arrival
to ED through the end of that window. We suspected that if presenting after 4.5 hours, the patient would thus not be
eligible for our outcome of interest (time-to-tPA) or may not have been a presentation to the ED setting.

The outcome of interest for this cohort is the time-to-tPA administration. Given the many audit log actions that may
occur over an entire encounter, which may last days or weeks for a stroke patient, we might consider restricting our
analysis to those events that occurred within the diagnostic window (presentation through tPA administration). How-
ever, we recognize that the events before patient presentation may have an affect on the context of the care environment.
Furthermore, we understand that not all actions that occur during the diagnostic window are recorded in real-time at
the terminal, and some may be recorded after the fact (i.e. note-writing or logging medication administration). Thus,
in our study, we included those audit log events that occurred within a window 60 minutes before and after the tPA
administration time.

2.2 Defining Contextual Features

We define various types of “busyness” and “team experience” features based on the audit log data for our patient
cohort and investigate their association with time-to-tPA administration. Audit log data captures many different types
of activities regarding patients’ clinical information, demographics, workflow, reporting, billing, etc. The top 8 most
frequent audit log activities are represented in Figure 1. Note that these activities include both clinical and non-clinical
activities.

We used these distinctions between types of audit log events to define our sub-types of busyness and experience. For
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Figure 1: Audit log data captures any actions such as chart review, edit, reporting, etc related to the patients. These
actions can be grouped into one the 8 activity groups shown in this figure.

example, we define the department-level busyness in terms of several audit log action categories; e.g. all clinical and
non-clinical actions, only clinical actions or only imaging actions. Below, we define several terms which are the bases
of our contextual features.

Time-to-tPA: The time from a patient’s presentation until their tPA administration time.

Diagnostic window: The window 60 minutes before and after the tPA administration time.

Clinical action: Any action (event) recorded in the audit log data which is directly related to clinical care processes
such as editing or reviewing the patient’s encounter information, flowchart, reports and notes, orders, medications,
labs or imaging results.

Active patient: An active patients is one with an associated clinical action in the audit log data recorded within a
fixed time-window.

Treatment team: The treatment team for a patient consists of all of the providers who access the patient’s clinical
information or perform any clinical action.

2.3 Provider/Department Busyness

Busyness can take many forms. Cognitive load, movement throughout a department, new patients coming in the
door or number of patients who are critically ill in the department might all be considered elements of busyness
for a provider or department in general. But individual providers may not be affected by the total department or
team busyness in the same way, and each subsequent encounter they manage may be reflected in department, team
or individual busyness. In this section, we introduce and analyze the general department-level and provider-level
busyness in two separate categories. We analyzed the association of each of the extracted factors with respect to
time-to-tPA using a simple linear regression model.

2.3.1 Department-Level Busyness

The department-level busyness attempts to capture the total work-load of a department at a given point in time. This can
be thought of as the relative amount of work by all providers on all the patients in the same department (normalized by
the number of providers). In general this implies how busy the treatment department is during the diagnostic window.
In the following we introduce several department-level busyness features.

Total number of actions: This factor measures the total number of actions recorded in the audit log data during
the patient’s diagnostic window, normalized by the total number of providers. This measure is agnostic to the type of
action and rather reflects the total amount of activity at a terminal at a given time. We recognize that work at a terminal
can be a cognitive burden and so here attempt to be inclusive of all actions performed.
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Total number of clinical actions: Some actions at a terminal are more directly related to clinical care than others.
For example, writing an order for a medication or imaging study is likely more indicative of clinical busyness than,
say, logging in or simply opening a chart. This factor measures the total number of clinical actions recorded in the
access log data during the patient’s diagnostic window, normalized by the total number of providers. These actions
include editing or reviewing the patient’s encounter information, flowchart, reports and notes, orders, medications, lab
and imaging results, etc.

Total number of imaging actions: In cases like stroke, the ability to order, complete and review imaging is a time-
sensitive condition. The ability to perform an imaging modality is dependent on how busy the radiology technician,
transporter or radiologist is. This factor measures the total number of imaging actions recorded in the access log data
during the patient’s diagnostic process, normalized by the total number of staff and clinicians involved in imaging
actions. These actions include ordering, uploading or reviewing an imaging procedure for all patients.

Total number of active patients: At any given time in a department, some patients require more acute interventions,
actions, orders or reviews. Some patients may be undergoing acute workups while others may be boarding for hours
while awaiting transfer or discharge. This factor aims to measures the total number of active patients by including
those with any audit log activities during the stroke patient’s diagnostic window, normalized by the total number of
providers.

2.3.2 Provider-Level Busyness

While the busyness of a department as a whole likely affects an individual provider’s busyness therein, the two are
not necessarily proportional. Some providers may have more patients undergoing active workup than others. The
provider-level busyness metrics attempt to assess the work-load of each individual provider in the treatment team
during the stroke patient diagnostic window. In the following we introduce several provider-level busyness features.

Number of clinical actions: As above, we capture the total number of any clinical actions each of the providers in
the treatment team perform during the patient’s diagnostic window. These actions include adding or reviewing the
patient’s encounter information, flowchart, reports and notes, orders, medications, lab and imaging results, etc. The
final measure for a patient is the average of all of the individual provider busyness scores in the treatment team.

Number of process-specific clinical actions: Some of the clinical actions such as ordering labs, images and medi-
cation as well as reviewing the results are more critical in timeliness of the stroke treatment process. Thus, here we
investigate the impact of the busyness of the providers in terms of these specific clinical actions on the time-to-tPA.
For each provider in the treatment team, we capture the total number of these actions during the patient’s diagnostic
window. The final measure for a patient is the average of all of the individual provider process-specific actions of their
team.

Number of active patients: Some providers may be managing multiple patients at once, while others may have only
the stroke patient to focus on when they arrive. This factor measures the total number of active (as measured above)
patients assigned to a provider during the stroke encounter’s diagnostic window. Again, for each patient, the final
measure is the average of the individual provider scores in that stroke encounter treatment team.

2.4 Treatment Team Experience

Prior experience managing a disease or working with individual treatment team members may affect the efficacy and
timeliness of coordinating and executing care. In this section we define several factors which may reflect different
individual or shared provider experience.

Individual Provider Experience: For each provider, we measure the number of prior tPA-treated ischemic stroke
cases from our cohort on which an individual provider has been a member. The associated score is the average of the
experience scores for all of the providers in the treatment team for the particular stroke encounter.

Time Since Last Experience: We expect that proximity to a recent case may affect how quickly a provider responds
to an acute stroke. Respectively, we measure the time since a provider in the treatment team has last experienced a
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Table 1: Busyness and treatment team experience features and their correlation with time-to-tPA

Feature Type Contextual Measure Correlation
Coefficient

p-value

Department busyness Number of all actions 0.20 0.001
Department busyness Number of clinical actions 0.14 0.028
Department busyness Number of imaging actions -0.03 0.670
Department busyness Number of active patients 0.17 0.006
Provider busyness Number of clinical actions 0.05 0.476
Provider busyness Number of specific actions -0.03 0.656
Provider busyness Number of patients -0.10 0.101
Treatment team experience Individual provider experi-

ence score
-0.25 10−5

Treatment team experience Shared provider experience
score

-0.29 10−6

Treatment team experience Time since the last tPA Case 0.04 0.503

tPA-treated ischemic stroke case from our cohort. The associated score is the average of the recent experience scores
for all of the providers in the treatment team for that encounter.

Treatment Team Shared Experience: Providers do not manage acute strokes in isolation. Each member of the team
has a specific role and responsibility, which may improve with experience. Though providers may share experiences
across types of patients and clinical presentations or across departments, here we focus on the shared experience of
the providers in the treatment team for prior tPA-treated stroke cases from our cohort. Specifically, we measure the
number of times a pair of providers in the treatment team has experienced a tPA-treated ischemic stroke case through
network combination. The associated score is the average of the shared experience scores for all of the provider pairs
in the treatment team for that encounter. Here’s a very simple example for computing the shared experience score:
Assume that the treatment team for a patient consists of three providers P1, P2 and P3. Let the shared experiences
for the provider pairs (P1, P2), (P1, P3), and (P2, P3) are respectively 2, 3 and 1. Then the associated patient score
is the average of the provider pair scores, which is 2.

2.5 Association with Time-to-tPA

With the above contextual factor measurement proposals, an important question that arises is whether any of them
individually or in combination is associated with time-to-tPA as an indicator of diagnostic and execution efficiency.
We assessed the association between each of the proposed contextual factors and time-to-tPA using a linear regression
model with 95% confidence interval, the Pearson correlation coefficient and p-values.

We also explored the multivariate association of the contextual factors and time-to-tPA. For this purpose, we trained a
model (multivariate function) using the contextual features that minimizes the mean square error (MSE). To reduce the
risk of model overfitting, we employed feature selection based on the highest correlation coefficients. Further, we used
support vector regressor (SVR) as a regression model with smaller degrees of freedom (to account for the relatively
small data size). We considered various kernels such as linear, polynomial (several degrees of freedom) and radial
basis function (RBF) kernels. We applied a 5-fold cross-validation technique with mean absolute error (MAE) metric
to evaluate the performance of the regression model. At each cross-validation iteration, we respectively use 70% and
30% for training and validation.

3 Results

There were a total of 269 patients in out cohort, with 140 female and 129 male genders. The majority of the patients
(80%, 214/269) were aged 60 or older.

Context Correlation: Using the audit log of the Stanford University Epic EHR, we were able to extract 10 features
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Figure 2: Association between department busyness in terms of number of imaging actions (normalized per the related
providers) and time-to-tPA. We also fit a linear regression model with 95% confidence interval. Along each axis we
also plot the probability distribution function of the variables. The measured correlation coefficient and associated
p-values are respectively −0.03 and 0.65.

Table 2: Multivariate correlation of the contextual factors and the time-to-tPA using different models

Kernel Linear Polynomial
(df=2)

Polynomial
(df=3)

Polynomial
(df=4)

Polynomial
(df=5)

RBF

Correlation
Coefficient

0.44 0.31 0.29 0.33 0.32 0.09

related to the context of medical care provided in the ED at the department, team and individual provider levels
defined in section 2.2. We investigated the correlation of our proposed busyness and experience features with time-
to-tPA. Time-to-tPA had an average value of 55.0 minutes with min and max values 1 and 218 minutes. Figure 2
represents the association between department busyness in terms of number of imaging actions (normalized per the
related providers) and time-to-tPA. We fit a linear regression model with 95% confidence interval and along each axis
we plotted the probability distribution function of the variables. The measured correlation coefficient and associated
p-values are respectively −0.03 and 0.65, which shows that the busyness in terms of imaging actions is not correlated
with time-to-tPA. The results are summarized for the rest of the features in Table 1 and Figure 3. The measured
correlation coefficient and associated p-values are shown in Table 1.

Multivariate Correlation: Above, we showed that several busyness and experience contextual factors individu-
ally have moderate correlation with time-to-tPA. Here, we selected the three most important features based on the
correlation scores in Table 1. According to this table, the three features with the highest correlation coefficients are
number of all actions, individual provider experience score and shared provider experience score. The correlation re-
sults between the trained multivariate function and time-to-tPA are represented in Table 2. An SVR model with a
linear kernel gives the strongest multivariate correlation compared to polynomial and RBF kernels.
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Provider Busyness Provider ExperienceDepartment Busyness

Figure 3: Summary of the association results between the time-to-tPA and department busyness (left column),
provider busyness (middle column), and treatment team experience (right column).
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4 Discussion

EHR audit logs can be used to define multiple contextual factors around care processes such as busyness and expe-
rience. In our example case of emergency treatment for ischemic stroke, most of our example contextual measures
show some correlation with time-to-tPA. Among the proposed department-level busyness measures, the total number
of actions had the strongest correlation with time-to-tPA. A greater total number of all actions undertaken in the ED
during the treatment window was associated with longer time-to-tPA.

Two other department-level features, the total number of clinical actions and number of active patients, were also
positively correlated with time-to-tPA, though to a lesser degree (Table 1 and Figure 3). This may be due to the fact
that not all clinical activities (like evaluating the patient, talking to family members or discussing the presentation with
other members of the medical team) are captured in the EHR. However, this distinction illuminates that further work
may be necessary to determine which activities contribute most to busyness or distraction from patient care.

Beyond overall department workload, we measured the busyness of individual providers involved in the treatment of
stroke patients. The provider busyness was measured in terms of two subgroups of actions: all clinical actions and
more specific clinical actions. Both showed smaller correlations with time-to-tPA compared to similar measures at the
department-level.

Somewhat counter-intuitively, we found that the greater number of patients at the department or individual level during
the treatment window was correlated with faster time-to-tPA ordering. We presumed that more patients and workload
in a department may make it more to difficult to focus on timely care processes for any particular patient, but this
was not directly supported by our results. An alternative clinical interpretation is that when the ED is busy, providers
have less time to tease out the nuance of a case and ironically become more ”efficient” by resorting to algorithmic
management and immediate imaging. Thus, process measures like time-to-tPA might actually improve in the setting
of a busy treatment team, though it is unclear if this impacts clinical or patient-centered outcomes or possibly medical
errors and physician burnout.

Similarly, some providers had anticipated that a busyness at the radiology department level, in terms of how many
imaging studies were being performed during the diagnostic window, would be an important factor in time-to-tPA. It
was thought that more radiology studies being performed would stress the radiology department, techs and machines
may be busy, meaning that there might be delays to getting stroke patients into the CT scanner. However, our data did
not reflect this (Figure 2). There seemed to be no correlation between the number of radiology events in the audit-log
and the time-to-tPA. However, given that an available CT scanner is recognized to be a critical action for stroke, most
departments have a protocol in place to clear the CT scanner as soon as a possible stroke patient has been identified and
a ”code stroke” called. In fact, given that this occurs for each stroke in our cohort, a lack of correlation with increased
or decreased time-to-tPA implies that the processes utilized by the radiology department are working appropriately.
Whether the radiology department is busy or not, there should be negligible effect on time-to-tPA.

We found that individual and team historical experience was most strongly correlated to the time-to-tPA. With respect
to the individual experience, the more tPA cases a provider had managed, the faster tPA was likely to be ordered as
seen in Figure 3 (right column). There are many possible reasons for this correlation. Perhaps, providers who have
seen more strokes are better able to identify the cardinal features of the conditions and thus faster to make the diagnosis
and place orders. Although it could also be due to practical considerations like the ease of finding an order set, the
ability to review past history or even ability to review imaging results. These skills take time to master, but all of which
are likely to improve with experience.

A stronger correlation was found for the shared tPA experiences of the team. An increase in shared experiences
of team members treating stroke patients with tPA together related to a decreased time-to-tPA in subsequent cases.
The care of stroke patients does not happen in isolation. It requires multiple specialties and team members from the
emergency, neurology and radiology departments and across provider types like physicians, nurses and technicians.
Thus, more shared experiences across providers may help streamline the many forms of communication and task
completion which need to be completed for timely care. This may represent and opportunity to prospectively evaluate
the scheduling of treatment teams. A department may use this information to guide staffing decisions or provide
education or simulation opportunities to members who have not worked together, which may help improve process
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orientation and coordination.

Improved inference about time-to-tPA requires considering the information about a group of the contextual factors
rather than simple individual feature information. Thus, compared to each context correlation result, a multivariate
function of a subset of features shows a stronger correlation with time-to-tPA (Table 2), implying that no single factor
can account for the complete context of care. Further, the results show that the association between the selected
features and time-to-tPA is better modeled by a linear monotonic relation than other types of polynomial and radial
basis functions. Our multi-variable correlation models illustrate the potential predictive power of these contextual
factors, but further studies will be necessary to determine the strength of these correlations when accounting for
additional clinical features.

We believe that there are many similar time-sensitive processes in medicine which may benefit from evaluation of audit
log data. The management of acute coronary syndrome through angioplasty or sepsis via antibiotics are particularly
suited to our methodology. While time to head CT and tPA may be stroke specific, features like department busyness or
provider experience are not. However, our preliminary definitions of busyness and experience likely do not completely
account for these dynamic concepts and differ between departments, specialties or roles. There may be more sensitive
or specific definitions that can be developed in future studies for different care settings, but this study importantly
illustrates this potential to do so with audit log data in a way is largely not possible at all with traditional data sources.

The audit log offers some unique challenges as well. We found that documentation about types of provider may not
be complete or may not account for their state of training (ie. first-year resident versus third-year) meaning that these
features must be inferred from other data. Furthermore, a provider may appear ”new” to an institution but may be
familiar with their particular EHR and may thus adapt more quickly to unique order sets or processes. On the other
hand, adept clinicians may have practiced at an institution for many years but have delays in ordering or providing
care when a new EHR is adopted or a new hospital opened. We did not evaluate these specific subtypes of providers in
this exploratory evaluation, however, which may thus have affected our interpretation of provider experience on time
to tPA.

Furthermore, while audit-log data may be consistent within an institution, that may not be the case between institutions
- even if they use the same EHR vendor. Thus, extraction of variables of interest may represent a barrier given that
audit log data may be recorded uniquely.

While a cohort of 269 cases of stroke treated with tPA does give insight into the nature of stroke management within
one hospital system, generalizations with regard to the context of care will depend on planned future work to replicate
the study across multiple institutions. Additionally, in our study, individual cases were not controlled for clinical
factors that may also have led to differences in care or treatment time.

Conclusion

In an exploratory data analysis of EHR audit logs, we illustrate the potential to measure contextual factors of busyness
and experience in key care processes for the example scenario of thrombolytic treatment for ischemic stroke. Treatment
team and individual experience managing similar stroke cases and the total number of actions undertaken in the ED
during the diagnostic window were found to have the strongest correlations to time-to-tPA. This methodology can
open an important window into the otherwise hidden context of clinical environments that impact the quality of care.
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Abstract

This study aimed at identifying the factors associated with neonatal mortality. We analyzed the Demographic and
Health Survey (DHS) datasets from 10 Sub-Saharan countries. For each survey, we trained machine learning models
to identify women who had experienced a neonatal death within the 5 years prior to the survey being administered.
We then inspected the models by visualizing the features that were important for each model, and how, on average,
changing the values of the features affected the risk of neonatal mortality. We confirmed the known positive correlation
between birth frequency and neonatal mortality and identified an unexpected negative correlation between household
size and neonatal mortality. We further established that mothers living in smaller households have a higher risk of
neonatal mortality compared to mothers living in larger households; and that factors such as the age and gender of
the head of the household may influence the association between household size and neonatal mortality.

Introduction

Improving neonatal outcomes is an important Maternal, Neonatal and Child Health (MNCH) priority for global sus-
tainable development. Despite a global decline in child mortality rates, many countries are not on track to achieving the
global targets of ending preventable deaths among newborns and children under 5 years and reducing neonatal mortal-
ity to as low as 12 per 1000 live births by the year 20301. Furthermore, the progress towards MNCH-specific targets
remains uneven within and across countries1, reflected in disparities in access to healthcare services and inequitable
allocation of resources for MNCH priorities2.

Improved health outcomes rely on interactions of multiple determinants, including socioeconomic factors, health sys-
tem capacity, and quality of individual care. Coverage of health system interventions and inputs are measured in
routine health system data and regular surveys, but they are limited in interpretability for identifying barriers for indi-
vidual and population-level uptake of high-quality services. Furthermore, due to the limitations of traditional statistical
analysis approaches, we are limited to testing identified hypotheses, and it is difficult to generate novel insights from
data without the use of machine learning algorithms. However, whereas machine learning algorithms are good at pre-
diction, they are often considered black box models that are selected based on their predictive performance rather than
their interpretability and ability to generate actionable insights3. Consequently, MNCH stakeholders and policymakers
find it difficult to adopt innovative machine learning models for decision-making and intervention planning.

Overall, our research is centered on building machine learning models to characterize the factors associated with poor
MNCH health outcomes, and importantly, inspecting these “black box” models to generate actionable insights. We
posit that certain subpopulations of mothers and children have an increased risk of shocks (events that impact well-
being) in their environment, which may be biological or socio-economic, and have limited resilience to respond to these
shocks. This combination of risk and lack of resilience may predispose some populations to disproportionately worse
health outcomes such as neonatal and maternal mortality (“vulnerable populations”). In this study, we have focused
on mothers who are vulnerable to poor neonatal outcomes, namely mortality. Vulnerable populations who have not
experienced the same health gains as other groups are the focus of this work, Our overarching goal is to provide
MNCH domain experts and stakeholders with capabilities for data- and model-driven decision-making and targeted
intervention planning for vulnerable subpopulations and helping to improve equity in access and health outcomes.

In this study, we specifically aim to answer the research question, which features are associated with neonatal mortality
as captured in nationally representative cross-sectional data? To do so, we analyze the data from the two most recent
Demographic and Health Surveys (DHS) from 10 sub-Saharan countries. For each survey, we built an ensemble
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classifier4 using gradient boosting decision trees5 to classify the mothers who reported a birth in the 5 years preceding
the survey, into those who reported losing one or more children under the age of 28 days and those who did not
report losing a child. Subsequently, we inspect each model by visualizing the features in the data that were most
important for the model in reaching its conclusion, as well as how changes in the values of the identified features
would have impacted neonatal mortality. The primary contribution of this work is to demonstrate how practical
machine learning may be used to generate insights about vulnerability to poor health outcomes captured in real-world,
nationally representative MNCH survey data. We found that there is significant consistency in MNCH patterns across
time and space. We confirmed birth spacing as one of the most important determinants of neonatal mortality and
discovered a negative correlation between household size and neonatal mortality that warrants further investigation.

Related Work

To date, researchers have primarily traced association of neonatal mortality with determinates or particular causes
using observational research methods such as cohort and cross-sectional studies along with traditional statistical anal-
yses. For example, Kaguthi et al. conducted a cohort study in western Kenya and used Cox proportional Hazard
analysis to identify risk factors neonatal mortality6. Similarly, Mengesha et al. conducted a prospective cohort study
in northern Ethiopia and subsequently used Kaplan-Meier survival analyses, Log rank test, and Cox-proportional haz-
ard regressions to characterize the survival of neonates and identify the predictors of neonatal mortality in northern
Ethiopia7. Mekonnen et al. applied a simple linear regression model to examine trends in neonatal mortality rates and
a multivariate Cox proportional hazards regression model to examine the factors associated with neonatal mortality
in Ethiopian DHS data (2000, 2005, 2011)8. Ozodiegwu et al. used logistic regression to estimate the association
between maternal obesity and neonatal mortality using DHS data from 34 Sub-Saharan African countries9.

Although traditional statistical analyses are well established and effective in addressing certain questions, they are
subject to key limitations. For example, domain-specific knowledge is needed for model specification, yet this may
impede the discovery of unexpected patterns as the ability of the data to “speak for itself” is limited. Additionally,
modeling is often subject to restrictive assumptions such as constraining variables to a linear relationship with the
outcome or, in the case of a binary outcome, a linear relationship with the log odds of the outcome. Furthermore,
particularly in regression models, modelers typically have to explicitly pre-specify interactions among model variables.
Although this makes it easier to identify the relationship between the outcome and individual variables, it limits the
ability to discover new interactions between variables that reveal stronger indicators of the outcomes.

Modern machine learning methods address some of the key limitations of traditional statistical approaches and allow
for investigators to suspend mental models about how inputs shape outcomes. Interestingly, however, only a few stud-
ies have applied such techniques to analyze neonatal mortality. Nesejje and Mwambi compared the performance of
using random survival forests to the Cox proportional hazards model and found that the random survival forests can
better characterize factors associated with under-5 mortality using DHS data in Uganda10. Tesfaye et al. used decision
tree classification and rule induction to predict child mortality rates from Ethiopian DHS data11, while Kraamwinkel
et al. used Bayesian Additive Regression Trees (BART) of conditional average treatment effects to analyze the hetero-
geneous treatment effect of maternal agency (i.e. education) on severe child under-nutrition in Nigeria12.

The gradient boosting classifier applied in this study combines many weak learning models to generate an aggregate
model with better performance and improved machine learning results. It is a tried and tested example of ensemble
approaches that have shown superior flexibility and accuracy in the generation of state-of-the-art results for prediction
and classification tasks5. Ensemble methods are appropriately named for their ability to aggregate the outputs of
potentially thousands of much simpler models together4. This increases their overall accuracy in correctly identifying
which records belong to which of the two prediction classes. Furthermore, ensemble methods can model complex
nonlinear relationships and do not require the investigator to pre-specify interactions among variables. However, such
models provide little knowledge about their internal workings: they are considered to be so-called “black boxes”. To
improve explainability, we inspect the models by visualizing feature importance (ranked list of the most important
features in an ensemble model) and partial dependence plots (illustration of the relationship between a single feature
and an outcome, holding all other features constant). Furthermore, we rely on an interdisciplinary team with content
and domain expertise for sensemaking of the insights generated from inspecting our models.
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Methods

In this work, we used cross-sectional data and trained gradient-boosted decision tree models to determine the associ-
ations between multiple features and neonatal mortality. Figure 1 illustrates the pipeline used in the study. Although
many commonly used machine learning algorithms focus on the ability to predict outcomes, we do not intend to de-
ploy these models for actual prediction purposes. Rather, the training process is to leverage the algorithms’ ability to
automatically select and combine features that best demonstrate a correlation with the health outcome of interest.

Figure 1: Pipeline for generating neonatal mortality insights from nationally-representative cross-sectional data.

Datasets

We analyzed DHS data from 10 countries in sub-Saharan Africa, spanning 1998 to 2018 with a total population of
163,180 mothers. These included Burkina Faso (2010, 2003), Democratic Republic of Congo (2013, 2007), Ethiopia
(2016, 2011), Ghana (2014, 2008), Kenya (2014, 2008), Nigeria (2018, 2013), Senegal (2017, 2015), Tanzania (2015,
2010), South Africa (2016, 1998), and Zambia (2013, 2007) DHS datasets13 . DHS data are generated from a series of
household surveys conducted in over 90 countries every three to five years. These surveys are nationally representative
and are primarily provide data for monitoring and impact assessment of population, health, and nutrition indicators for
individual countries, as well as for cross-country comparative analyses13. DHS surveys use standard data definitions
and data collection procedures across countries and survey phases. In this study, we used household record (HR) files
and individual record (IR) files. The HR file contains household data about each surveyed household, while the IR file
contains questionnaire and birth history data collected from each woman who is eligible for the DHS survey.

For each survey dataset, we only considered women who reported giving birth at least once in the 5 years before the
survey. We defined this unit of analysis as the mother. In our analyses, each mother assumes the feature properties of
her household in addition to her individual features. We extracted 43 household features (e.g. household size, wealth
index, source of water, etc.) and 74 individual features (e.g. age, education level, ethnicity, etc.) giving a total of 117
features. We defined the binary outcomes of interest as neonatal mortality (loss of a newborn ≤ 28 days old) of a child
born in the five years preceding the survey. Mothers who reported the loss of a neonate were assigned to the positive
class (1), while mothers who did not report the loss of a neonate were assigned to the negative class (0).

Mortality Trends

We examined the child mortality trends across DHS surveys in each country categorized as neonatal mortality (death
of a live-born child under 28 completed days of life), infant mortality (death of a child before the first birthday),
under-2 mortality (death of a child before the second birthday), and under-5 mortality death of a child before the fifth
birthday). Note that by definition, these proportions are cumulative. For example, mortality percentages for under-2
represent any child less than 2 years including neonates and infants.
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Modeling and Model Inspection

To investigate the features associated with neonatal mortality, we formulated the problem as a binary classification
task. The goal of the modeling task was to train an ensemble gradient boosting classifier5,14, such that the aggregated
model had the strongest ability to classify individual mothers into one of the two categories of the binary neonatal
mortality outcome. For each ensemble model, we used grid search15 with stratified 5-fold cross-validation to find the
combination of hyperparameter values that maximize the area under the receiver operating characteristic (AUROC)
curve of the resulting ensemble model. The model performance results are shown in Table 1. To enable fast training
of the models, analyses were done in parallel using a server with 32 core processors and 528 gigabyte memory.

Table 1: Percent area under receiver operating characteristic (AUROC) curves of the developed ensemble models

country Burkina Faso Congo DR Ethiopia Ghana Kenya Nigeria Senegal Tanzania South Africa Zimbabwe
Year 2010 2003 2013 2007 2016 2011 2014 2008 2014 2008 2018 2013 2017 2015 2015 2010 2016 1998 2013 2007

AUROC 80.7 77.3 82.6 73.4 80.7 75.8 83.5 68.5 88.4 79.6 84.8 80.8 69.1 63.4 83.4 82.6 66.5 63.0 80.2 74.1

Subsequently, we inspected each model using feature importance and partial dependence plots; and visually compared
how these vary across time (different DHS survey phases) and space (different countries). Feature importance is an
average measure of how important a feature is relative to other features used in the ensemble model to predict the
outcome. Higher feature importance means that that feature was used to separate one outcome versus the other more
often and is a relative measure. Partial dependence plots16 illustrate how, on average, varying the value of a given
feature affects the predicted outcome while holding all other features constant. Such plots can be used to investigate
how changes in the values of a feature impact the outcome of interest at the population level.

Post-Modeling Descriptive Analyses

A majority of our models suggested that number of births in the last 5 years before the analyzed survey and number of
household members (household size) were associated with neonatal mortality (see results section). Whereas it is well-
known that birth spacing is associated with neonatal mortality, the association between household size and neonatal
mortality was a surprise finding. Accordingly, we investigated this phenomenon further using descriptive analyses.
Here, we first binarized the continuous DHS variable for household size (DHS variable hv009) using standard defini-
tions for small (≤ 5 members) vs. large (>5 members) households17. We then compared the odds of neonatal mortality
in small vs. large households. Furthermore, for each analyzed survey, we compared the odds of having a female head
of the household (DHS variable hv219) in small vs. large households. We also evaluated the difference between the
mean number of births in the last 5 years per respondent (DHS variable v208) in large vs. small households. Addition-
ally, we evaluated the difference between the mean age of the head of the household (DHS variable hv220), as well as
the difference between the mean age of the respondent (DHS variable v012) in large vs. small households.

Results
Neonatal Mortality Trends

Figure 2 shows the percentages of mothers who reported the loss of a child (neonate, infant, under-2, or under-5)
in that timeframe across multiple DHS phases in the 10 analyzed countries. As a concrete example, for the Nigeria
2018 DHS survey, a total of 41,821 eligible women were interviewed. Of these survey participants, 21,792 reported
having given birth in the 5 years before the survey. Of these mothers, 1,239 (5.7%) reported the a neonatal death;
2,019 (9.3%) reported an infant death; 2,726 (12.5%) reported the death of a child under 2 years; and 2,846 (13.0%)
reported the death of a child under 5 years. We observe that across all surveys, between 29% and 64% of under-5
deaths are due to neonatal mortality. Interestingly, between 92% and 99% of under-5 deaths occur before the age of
2 years. This is a stratification not usually used in MNCH and provides us with a novel insight into the composition
of under 5 deaths. We show that there was an overall decrease in women reporting under-5 deaths in all countries,
and the biggest declines began around 2000 in all geographies where data were available. The reduction in women
reporting a neonatal death has been much slower, and as a result, neonatal deaths account for the largest proportion of
deaths under 5 in the most recent DHS in 8 of the 10 countries. These findings align with published trends in child
mortality18, and enable MNCH stakeholders to have confidence in the analyses.
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Figure 2: Trends in the proportions women reporting neonatal (blue), infant (orange), under-2 (green) and under-5
(red) deaths in 10 countries. There is an overall decrease in under-5 deaths with smaller decreases in neonatal deaths.

Factors Associated with Neonatal Mortality

As illustrated in Figure 3, the number of births in the last 5 years and the number of household members were the
“most important” features for predicting whether a mother reported the death of a neonate. Out of the 20 models
(10 countries and 2 DHS surveys per country) trained to predict neonatal mortality, the number of births in the last 5
years ranked first in all models except Burkina Faso 2003, Tanzania 2015, and Zambia 2007, where the feature ranked
second. The number of household members ranked first in one model (Zambia 2007), and second in 10 of the 20
models. Together, the two features appeared among the top 5 features in 17 models. Only Ghana 2008, Senegal 2015,
and South Africa 2016 did not have the number of household members among the top 3 most important features.

As shown in Figure 4, the partial dependence plots suggests a positive correlation between the number of births in
the last 5 years and the probability of neonatal mortality while holding all other variables constant. This persisted
across all the DHS surveys analyzed. Figure 5 illustrates a negative nonlinear correlation between household size and
the probability of neonatal mortality, with a large drop between households of size 1 to 4, and a flat line in higher
household sizes. This trend persisted in 19 of the 20 models. The only exception was Ghana 2008 which suggests no
effect on household size on neonatal mortality for that survey. Interestingly, the feature importance rankings of the
neonatal mortality models were also consistent with those of the infant, under-2, and under-5 mortality models.

Table 2 provides the descriptive statistics of selected variables for women residing in small (≤5 members) vs large
(>5 members) households across the two most recent DHS surveys in the 10 countries analyzed. We observe that
the proportions of neonatal death were higher in small households compared to large households. This was suggested
by our machine learning models and confirmed by our descriptive statistics. Furthermore, in both small and large
households, neonatal mortality is high relative to the sustainable development targets for neonatal mortality1, and that
the magnitude of difference in neonatal mortality in each country is different by the DHS survey year.

Figure 6 illustrates the odds of association between household size and neonatal mortality. We observe that the odds
of neonatal death across countries and DHS survey timesteps were generally higher in small households compared to
large households. For example, for the Nigeria 2018 DHS survey, the odds of neonatal deaths in small households
are 1.3 (95% CI: 1.16, 1.46) the odds of neonatal death in large households. Similarly, for the Ethiopia 2016 DHS
survey, the odds of neonatal deaths in small households are 1.4 (95% CI: 1.12, 1.74) the odds of neonatal death in
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Figure 3: Top 3 features in each of the models for the 2 most recent DHS surveys in 10 countries. Number of births
in the last 5 years (v208) was present in all models. Number of household members (hv009) was present in 17 models.
Other frequent features include body mass index (v445), respondent’s current age (v012), births in past year (v209),
and age of head of household (hv220).

Figure 4: Partial Dependence of Neonatal Mortality on Number of Births in Last 5 years. All models suggested a
positive correlation between number of births of the mother and neonatal mortality

large households. Furthermore, given the most recent DHS survey in each analyzed country, only South Africa 2016
(OR = 1.3, 95% CI: 0.82, 2.07), Ghana 2014 1.1 (95% CI: 0.81, 1.5), Burkina Faso 2010 (OR = 1.2, 95% CI: 0.98,
1.47) had odds ratios that were not statistically significant.

Additionally, we can infer from Table 2 that small households have a higher proportion of female heads of households
compared to large households. Furthermore, we established that the crude odds of having a female head of the house-
hold were higher in small households compared to large households. This was true for the DHS surveys conducted in
9 out of 10 countries analyzed. Interestingly, the only notable exception is South Africa where the odds of having a
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Figure 5: Partial Dependence of Neonatal Mortality on Household Size. All models suggested this negative nonlinear
correlation (elbow plot) albeit with varying gradients. The Ghana 2008 model, with a flat line, was the only exception.

Figure 6: Crude odds ratio (and 95% Confidence Interverals (CIs)) of neonatal death in small vs. large households
across survey years in the 10 analyzed countries. Odds ratios with CIs that do not include 1 are statistically significant.

female head of the household were high among large households. It is, however, worth noting that the confounders of
the observed association between female heads of households and household size were not measured in our study.

We also found that mothers from small households reported fewer births in the past 5 years compared to those from
large households for most countries and survey years. These observations are sensible since smaller households may
imply younger families. In fact, it is reflected in the observation that small households tended to have younger heads
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Table 2: Counts (%), proportions (%), and mean and standard deviation (mean (SD)) of selected variables for mothers
living in small (≤5 members) vs large (>5 members) households

DHS Survey Count (%)
Household Size

% Neonatal
Deaths

% Female Head
of Household

Mean (SD) Births
in the last 5 Years

Mean (SD) Age
of Head of Household

Country Year Small Large Small Large Small Large Small Large Small Large
Burkina

Faso
2010 3734 (36) 6630 (64) 4.4 3.8 11.1 4.5 1.4 (0.5) 1.5 (0.6) 33.9 (10.0) 46.5 (11.7)
2003 1850 (25.1) 5517 (74.9) 6.4 4.1 10.8 3.2 1.4 (0.5) 1.5 (0.6) 34.6 (11.0) 49.0 (13.1)

DR Congo 2013 4444 (39.4) 6849 (60.6) 5.5 4.0 27.4 16.7 1.5 (0.6) 1.7 (0.7) 33.0 (10.5) 43.2 (11.4)
2007 2161 (39.4) 3322 (60.6) 7.5 5.1 19.9 14.7 1.6 (0.7) 1.7 (0.7) 33.3 (10.4) 43.5 (11.4)

Ethiopia 2016 3548 (49.3) 3645 (50.7) 5.6 4.0 26.7 17.6 1.3 (0.5) 1.6 (0.7) 33.6 (11.1) 42.7 (11.6)
2011 3699 (47.6) 4065 (52.4) 6.6 4.3 26.0 14.8 1.4 (0.6) 1.6 (0.7) 32.8 (10.5) 42.9 (12.1)

Ghana 2014 2424 (56.5) 1870 (43.5) 4.1 3.8 32.4 15.2 1.3 (0.5) 1.5 (0.6) 36.4 (11.3) 45.6 (12.2)
2008 1172 (54.6) 975 (45.4) 4.3 5.0 35.6 18.1 1.3 (0.5) 1.5 (0.6) 35.9 (11.9) 46.0 (12.6)

Kenya 2014 8167 (54.6) 6782 (45.4) 3.5 2.6 33.9 27.6 1.3 (0.5) 1.5 (0.6) 33.7 (10.4) 44.0 (12.3)
2008 2206 (54) 1876 (46) 4.7 3.8 34.9 24.4 1.4 (0.6) 1.6 (0.7) 33.8 (10.9) 43.9 (12.5)

Nigeria 2018 9620 (44.1) 12172 (55.9) 6.5 5.0 15.7 6.3 1.5 (0.6) 1.6 (0.7) 36.6 (11.1) 45.8 (11.6)
2013 8486 (42) 11706 (58) 7.2 5.2 17.0 7.6 1.5 (0.6) 1.6 (0.7) 36.0 (11.3) 45.9 (11.8)

Senegal 2017 738 (8.7) 7748 (91.3) 5.7 3.8 39.2 22.7 1.3 (0.5) 1.4 (0.6) 41.3 (12.4) 53.8 (14.6)
2015 406 (8.7) 4275 (91.3) 3.2 3.7 39.4 22.2 1.4 (0.5) 1.5 (0.6) 41.1 (12.8) 52.9 (14.6)

Tanzania 2015 2875 (40.8) 4175 (59.2) 4.3 3.2 20.2 16.3 1.3 (0.5) 1.5 (0.7) 35.1 (11.1) 47.2 (13.0)
2010 2182 (40.7) 3176 (59.3) 5.5 3.7 20.0 16.5 1.4 (0.6) 1.6 (0.7) 35.2 (10.9) 46.2 (12.9)

South
Africa

2016 1711 (56.4) 1325 (43.6) 2.8 2.2 50.1 59.8 1.1 (0.4) 1.2 (0.4) 40.2 (14.7) 54.9 (15.4)
1998 1910 (46) 2238 (54) 2.8 2.7 45.6 48.2 1.2 (0.4) 1.3 (0.5) 38.5 (13.3) 51.9 (14.5)

Zambia 2013 3756 (40.2) 5597 (59.8) 4.2 2.9 26.1 17.5 1.4 (0.5) 1.5 (0.6) 33.3 (10.6) 42.7 (10.8)
2007 1864 (44.9) 2284 (55.1) 6.5 3.8 24.5 16.0 1.5 (0.6) 1.6 (0.6) 33.3 (10.8) 42.2 (11.4)

of households. For example, for Nigeria 2018, small households were headed by persons who were 9.2 years (95%
CI: 8.9, 9.6) younger than those in large households on average. Other countries and survey timesteps show similar
findings that female respondents from smaller households were younger, with the exception of South Africa.

Discussion

Our study used machine learning to investigate nationally-representative DHS surveys from 10 sub-Saharan countries.
Our investigations suggest that in most countries, neonatal deaths accounts for the majority of the loss of children
under 5 years and that the percentages of neonatal deaths have historically remained high despite a decrease in under-5
deaths. We found that the number of births in the past 5 years was positively correlated with neonatal mortality, while
household size was negatively correlated with neonatal mortality. Furthermore, we established that mothers living in
smaller households have a higher risk of neonatal mortality compared to mothers living in larger households. Factors
such as the age and gender of the head of the household appear to influence the association between household size
and neonatal mortality. It is worth noting that these findings are not causal relationships and that additional work is
needed to fully characterize household size as a determinant of neonatal mortality.

The positive correlation between the reported number of births and neonatal mortality reflected in our results confirms
the previously known observation about birth spacing as a key determinant of neonatal mortality19. Based on evidence
from several studies, the World Health Organization recommends waiting at least 2 to 3 years between pregnancies
to reduce the likelihood of adverse maternal and neonatal outcomes20. In this study, using machine learning, we
confirmed that birth spacing is plausibly one of the single most important factors associated with neonatal mortality
while accounting for heterogeneity due to other variables. While this finding validates the use of a machine learning
approach, it is worth noting that predictors of neonatal mortality are multifactorial. For example, neonatal mortality
has been associated with several factors such as short birth intervals8, early pregnancy8, maternal obesity9, maternal
education21, maternal empowerment (e.g. through family planning choices)21, and partner controlling behavior and
violence22. Furthermore, neonatal mortality is influenced by variability in antenatal care23, as well as the location of
delivery (e.g. home vs. health facility), skilled attendance at birth, and infections during delivery21,24. Although most
of these factors were picked by our models, they appeared to be less important for predicting neonatal mortality.
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Interestingly, the inverse correlation between household size and neonatal mortality identified in this study was an
unexpected finding. There is a dearth of literature on this subject, but it is plausible that household size is a surrogate
measure of the capacity of a household to support its mothers and their newborns through, for example, receiving
advice from more educated and experienced household members25. However, such interpretations must be taken
with caution since understanding the correlation between household size and neonatal mortality requires further work
to characterize the phenomenon, such as a child’s death moving a household from large to small. Additionally, the
household size is measured at the time of the survey as opposed to the time of the death, and may not necessarily
reflect the household composition at that time.

To the best of our knowledge, our study is one of the first to apply an ensemble machine learning approach across
multiple sub-Saharan DHS surveys. Traditionally, DHS data is primarily designed for generating population-level
aggregated statistics such as maternal mortality rates, and the secondary use of DHS data for insight generation is
associated with several limitations. For example, since the surveys are self-reported, reporting and recall bias is highly
likely for retrospective data relying on the memory of past events by the participants, although less so for events
like mortality than for questions like health access. Furthermore, while DHS collects household and individual data,
they do not sufficiently collect data on healthcare access and healthcare-seeking behaviors beyond basics like facility
delivery and access to antenatal care that would affect outcomes such as neonatal mortality. Additionally, we generated
neonatal mortality data directly from the birth histories within each analyzed DHS survey, and this approach may suffer
from errors in the data due to the omission of information about the deceased neonates.

A subtle limitation of machine learning models is that they will identify and exploit any pattern made available to
them – even if that pattern would be considered ‘cheating’ or ‘obvious’ by a human. This is sometimes referred to as
label leakage. We uncovered one such example of label leakage and we acknowledge that there may be others. In the
uncovered example, label leakage involved two survey questions that the model learned to combine together. These
questions were How many births in the past 5 years? and ‘How many children do you have? If a mother stated that
she has 1 child but reported 2 births in the past 5 years, simple subtraction could conclude that one of her children
has died. Due to the flexibility of the ensemble models, this type of interaction between variables would be found and
used to create a technically more accurate model. However, these are not the type of interactions we wish to discover.
To correct for this ‘leaking’ we removed the How many children do you have? question from the analysis.

Conclusion

Despite an overall decline in under-5 deaths over time, the reduction in neonatal deaths has been much lower, and
as a result, neonatal deaths account for the largest proportion of child mortality in most countries. Importantly, there
is significant consistency in neonatal mortality patterns across time and space. We confirmed birth spacing as one
of the most important determinants of neonatal mortality and discovered the inverse relationship between household
size and the risk of neonatal mortality that warrants further investigation. As avenues for future work, we will apply
other machine learning algorithms to verify findings generated by our ensemble approach. We will use individual
conditional expectation (ICE) plots26 to visualize and investigate the dependence of neonatal mortality predictions
on specific features for individual subjects separately and in comparison to the overall partial dependence plots. Fur-
thermore, we will develop functionalities that enable stakeholders to determine accurate representations of vulnerable
subpopulations by identifying and visualizing the ICE plots of subgroups of individuals that show the highest change
in prediction (risk of outcome) as the values of a given feature increases or decreases. This will involve developing
anomalous pattern detection techniques27 for efficiently scanning the exponential number of subsets in a dataset to
generate insights about specific subpopulations that are anomalous. Our work demonstrates the practical application
of machine learning for generating insights through the inspection of black box models, and the applicability of us-
ing machine learning techniques to generate novel insights and alternative hypotheses about phenomena captured in
population-level health data.
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Abstract

Many patients with gout flares treated in the Emergency Department (ED) often do not receive optimal continuity of
care after an ED visit. Thus, developing methods to identify patients with gout flares in the ED and referring them
to appropriate outpatient gout care is required. While Natural Language Processing (NLP) has been used to detect
gout flares retrospectively, it is much more challenging to identify patients prospectively during an ED visit where
documentation is usually minimal. We annotate a corpus of ED triage nurse chief complaint notes for the presence
of gout flares and implement a simple algorithm for gout flare ED alerts. We show that the chief complaint alone has
strong predictive power for gout flares. We make available a de-identified version of this corpus annotated for gout
mentions, which is to our knowledge the first free text chief complaint clinical corpus available.

Introduction

Gout affects over 9 million Americans1, 2 and is the most common form of inflammatory arthritis in men with a
prevalence rate over 5%1, 3. Gout is associated with poor quality of life4 and the frequency of gout is increasing
worldwide, with prevalence rates estimated to be as high as 7% in older men2, 5, 6. Gout leads to work absenteeism,
loss of productivity, increased healthcare utilization, and premature death7–12. The U.S. National ED Sample (NEDS)
reports over 200,000 visits annually with gout as the primary diagnosis, accounting for 0.2% of ED visits and over
$280 million in annual billable charges13. In addition, NEDS data demonstrate a marked increase in the number of ED
visits for gout in the U.S. from 168,000 in 2006 to 214,000 in 2014, with more than 1.7 million people being seen in
an ED for acute gout14. Gout patients are prescribed opioids in over 50% of ED encounters, potentially attributable to
ED physicians de-prioritizing gout specific management in favor of treatment of more severe conditions15.

The ED at our academic medical center evaluates over 700 patients a year with gout. Older age, male sex, lower
income, and African American race have shown to be associated with increased ED gout visits and greater gout-related
expenses13, 14. In an aging population that is living longer with more serious chronic comorbid conditions, the societal
burden posed by gout is growing exponentially and will substantially burgeon over the coming decades14, 16. Based
on this epidemiology, the ED is a natural place to improve gout care. Most patients seen in an ED will be discharged
home; many with inadequate follow-up to outpatient gout care. Often, at the time of initial gout symptoms, patients
have accumulated significant deposits of urate, leading to life-long intermittent, if not chronic, symptoms without
treatment. Gout is also quite frequently accompanied or preceded by other chronic diseases17–22. Thus, providing
continuity of care after the ED visit for an acute flare is the cornerstone for improving outcomes of patients with gout
and reducing healthcare-related costs23–25. Because gout is a chronic condition which develops in the presence of
hyperuricemia, achieving low serum urate concentrations using long-term urate lowering therapy (ULT) is essential
for improving outcomes26–29.

Identification of Gout Flares using Natural Language Processing

Defining gout flare in clinical notes is challenging. Despite the difficulty, gout flares have been detected in admin-
istrative claims data30, 31 using a combination of diagnosis or billing codes (ICD-9-CM) and prescriptions to identify
patients. More recently, a gout flare detection algorithm combining Natural Language Processing (NLP) with Machine
Learning (ML) has been used to find gout flares in patient notes retrospectively32 and has been applied successfully to
identify risk factors for gout flares33. This algorithm32 identified gout flares in clinical notes using an existing diagno-
sis of gout and a prescription for ULT with a recall (i.e., sensitivity) of 82.1%, precision (i.e., positive predictive value)
of 77.9% and a F-Score of 87%. Using the output of the NLP process as inputs to a ML algorithm the investigators
were able to identify more than twice as many gout flare cases in patients using NLP, 18,869 cases versus 7,861 using

973



only claims data. Clinical notes from 200 patients were annotated and split evenly into a training and testing data
set to develop the algorithm and to our knowledge, this work represents the state of the art in gout flare detection.
Unfortunately, neither the implementation or a de-identified, labelled set of those notes for training is publicly avail-
able for download to facilitate a local implementation. Moreover, retrospective studies are not a feasible strategy to
identify patients while receiving care in the ED since gout billing codes are not reliable and such data is available too
late to allow for patient contact in the ED and prompt referral to outpatient gout care. Additionally, patients without
a previous diagnosis of gout who are experiencing a gout flare or not taking ULT cannot be captured by this method.
Finally, while NLP and ML approaches offer the best approach currently32 to identify gout flares, they generally offer
limited applicability in an Electronic Health Record (EHR) alerting environment. For example the Cerner Command
Language (CCL) used in the alerting environment at our institution does not support the loading or development of
pre-trained deep learning NLP frameworks such as BERT34. This level of support from EHR vendors would be ideal,
given ”the field of natural language processing has been propelled forward by an explosion in the use of deep learning
models” like BERT and other transformer styled derivatives35.

To promote continuity of care for patients with gout and extend others’ work to the ED setting another approach is
needed, one that can allow patient identification in the ED and efficient referral to outpatient gout care without further
burdening the ED clinical care team. Given the delayed nature of billing and the potential lack of available ULT therapy
information on patients who are initially diagnosed with gout in the ED, one potential avenue for identification of acute
gout ED patients is NLP of a patient’s chief complaint (CC). Processing of the CC dates at least as far back as Johnson
and Friedman36, who processed the CC section of discharge summaries in 1996. The use of CC was later investigated
for detection of asthma visits by McLung37 (achieving 37% sensitivity and 97% specificity). At around the same time
the importance of the CC to identify possible bioterrorism attacks also became apparent in the post 9-11 discussion of
the 2001 AMIA Roundtable on Bioterrorism Detection38. The CC in its own right was not a subject of analysis of NLP
studies until 2002, when Travers and Bodenreider39 created a CC ED vocabulary. Subsequent work40 extended the
use of the free-text CC to syndromic surveillance by classifying free-text CC into 7 syndromic categories. However
the primary focus for NLP has been biosurveillance, as reviewed by Chapman41 since emerging diseases will likely
contain biosurveillance information of interest accessible to NLP long before such information had a SNOMED or
ICD-10-CM diagnostic code. Despite the relevance of the CC, a dedicated CC containing de-identified corpus has not
been made publicly available, nor has any previous work been published on the utility of the CC in the detection of
gout flares.

In this study we develop a corpus of ED triage nurse chief complaints that are annotated for the presence of gout flare.
We use them to develop NLP algorithms to identify gout flares in the ED, including a rule-based algorithm deployed
in CernerTM environment and a BERT34-based algorithm to compare the relative effectiveness of a state of the art
deep learning approach versus a rule-based approach. Finally, we assess the utility of ICD-10-CM gout flare codes in
identifying instances of gout flare and make all of our data and implementation details available to the public.

Method: Development of GOUT-CC-2019-CORPUS and CC-2020-CORPUS

Similar to Zheng et al.32 we looked at keywords for the initial (Beta) development of our NLP algorithm and corpus.
In our case, many gout keywords mentioned in their work including ’podagra’, ’tophaceous’, ’tophi’ and ’tophus’
were not found to be in current use in chief complaints (CCs) at our institution. Therefore our gout flare enriched
corpus GOUT-CC-2019-CORPUS was generated using only a single keyword, ”gout”, to identify 300 CCs for the
initial development of the algorithm, including any needed allowance for oversampling of the rare gout flare class.

Each CC was annotated to indicate whether the CC (and only the CC) was indicative of a gout flare, not indicative of
a gout flare, or unknown with respect to gout flare. This data set was double-annotated by a practicing rheumatologist
(MID) and a PhD informatician. Thereafter, a full manual chart review was performed by one rheumatologist (MID)
and a post-doctoral fellow (GR) to determine gout flare status for 197 of the 300 ED encounters. A sample of chief
complaints with consensus annotations is shown in Table 2.

A final held out set of 8042 chief complaints from 2020 (CC-2020-CORPUS) was selected without regard to the
presence of any gout related keywords (thus containing a distribution of alerts representative of that time period). A
total of 5 CCs were removed from the original 8042 CC since 4 of them contained distinguishing information on
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Table 1: Gazeteer Description

GOUT-GAZETEER LOCATION-GAZETEER LOCATION-GAZETEER PMH-GAZETEER
Case Insensitive Case Insensitive Case Sensitive Case Insensitive

gout toe knee LLE pmh
pain ankle wrist RLE hx

tender foot feet LUE pmxh
swelling thumb finger RUE pmx
swollen arm elbow UE

stiff shoulder hip LE
leg hand

suicide attempts, assaults or description of incidents that could allow for identification of the CC patient by those
familiar with the incident. An additional CC was removed because the encounter could no longer be found in the
EHR leaving a corpus of 8037 CCs. Similar to the earlier process, two annotators (JDO and AM) screened for the
presence of gout flares using CC, double annotating a set of 300 mentions to compute annotator agreement. MID and
GR performed an ED clinical note review on all CCs identified as either indicative or unknown, using the criteria for a
gout flare as described by Gaffo et al42 as guide. Additionally, a sample of 100 patients screened as negative for gout
flare by CC alone had their chart reviewed by MID to verify negative gout flare status. The negative cases for review
were selected by the presence of gout related keywords from the GOUT-GAZETEER and LOCATION-GAZETEER to
strengthen our confidence that no gout flares were left unannotated. The gazeteers are shown in Table 1. Annotator
agreement was calculated separately for this corpus and all annotator agreements are presented in Table 3.

Table 2: GOUT-CC-2019-CORPUS Examples

Chief Complaint Text Predicted* Actual**
AMS, lethargy, increasing generalized weakness over 2 weeks.
Hx: ESRD on hemodialysis at home, HTN, DM, gout, neuropathy

No No

”I started breathing hard” hx- htn, gout, anxiety, No No
R knee pain x 8 years. pmh: gout, arthritis Unknown No
Doc N Box DX pt w/ R hip FX on sat. Pt states no falls or injuries.
PMH: gout

Unknown No

out of gout medicine Yes Yes
sent from boarding home for increase BP and bilateral knee pain
for 1 week. Hx of HTN, gout.

Yes Yes

*: Consensus predicted gout flare status determined by annotator examination of CC

**: Gout flare status determined by chart review.

Method: De-identification and Distribution of Corpus

Two authors (JDO and TO) performed an initial manual review for personal information in 2000 CCs from the CC-
2020-CORPUS to gain insight into the dataset. We then used the fine-tuned BERT34 and ALBERT43 models using
Flair44 by training on the i2b2 2014 de-identification dataset45 to identify PHI using IOB sequence tagging. Fine-tuning
was done over 70 epochs with a batch size of 32 with an initial learning rate of 0.1 and hidden size of 256 for both the
BERT base uncased model and ALBERT base v2 model. We created regular expressions for matching date, addresses,
medical locations, and for additional terms specific to the dataset including names/abbreviations of police departments,
ambulance services, local medical care centers. The resulting tagged text was converted into BRAT ”.ann” format and
uploaded as CC documents to a local BRAT server46 for manual verification of PHI removal for the remaining 6142
CC documents. Data for this project was collected under IRB-300004156 and IRB-300001664; Improving Care for
Gout in the Southeast Enhancing Gout Minority Patients Care and Participation in Gout Clinical Research. The data
is approved for distribution per the U-BRITE Deidentified Translational Data Repository for Research and Education
(IRB-300002212) with a data use agreement requiring the recipient to not redistribute or try to re-identify the data. The
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corpus is being made available under the PhysioNet Credentialed Health Data License 1.5.0 Physionet on Physionet
(https://physionet.org/) as the ”Gout Emergency Room Chief Complaint Corpus”.

Method: Development of Gout Alert

The alert was developed in Cerner Command Language (CCL) using Discern Visual Developer and utilized the CC
as its primary data source to identify gout flares in ED patients. The initial algorithm was developed in Jupyter
Notebook (https://jupyter.org/) with data analysis and visualization using Pandas47 and MatPlotLib48 to
develop an algorithm capable of being translated to the CernerTM alert environment at UAB that supports CCL
based alerts only. Gazeteers as shown in Table 1 were developed as part of this analysis on the GOUT-CC-2019-
CORPUS in conjunction with discussion with all authors. The algorithm was developed iteratively using the en-
riched GOUT-CC-2019-CORPUS until an acceptable performance was achieved. The algorithm works on simple
Boolean logic and regular expressions and will identify a gout flare based on the presence of ”gout” to the left of
any of the PMH-GAZETEER words OR if there is both a location from the LOCATION-GAZETEER and the ”gout”
keyword in the past medical history. Other gout related keywords in GOUT-GAZETEER are not used in this algo-
rithm. A python implementation that could be rewritten for vendor software is available for download on Github
(https://github.com/ozborn/gout_chief_complaint_alert). We refer to this regular expression
and list based algorithm for the detection of gout flares as SIMPLE-GF. We also developed a high recall algorithm
termed NAIVE-GF which predicts every mention of gout as a gout flare case.

Method: Development of Chief Complaint BERT-based Gout Flare Detection

We trained both a 2019 and a 2020 BERT34 model to detect gout flares from chief complaints using stratified 10-fold
validation, where 1 fold was held out as the development or validation set and 1 fold as the test set. Test set labels for
the GOUT-CC-2019-CORPUS were derived only from ED encounters that had a full manual chart review performed
by MID and GR in the GOUT-CC-2019-CORPUS, when there was disagreement we chose the label given by the
experienced rheumatologist (MID).

Training labels for GOUT-CC-2019-CORPUS were derived not from chart review, but from the assessment of gout
status using CC only done by MID and JDO where MID’s annotation took precedence.

For training and testing on the CC-2020-CORPUS, we combined the U label and the Y label due to the data class
imbalance which is reflective of the overall low number of ER visits related to gout. Single annotated training data
was derived by gout flare classification using only the chief complaints by JDO and AM. A consensus label for the test
set in CC-2020-CORPUS was derived from chart review by GR and MID, with discrepancies in the double annotated
test data set resolved by discussion. To further increase the gout flare positive class for training purposes we over-
sampled this class by adding the gout flare enriched GOUT-CC-2019-CORPUS to the training data.

For both the 2019 and 2020 models we used ”BERT-base-uncased” word embeddings and a document rnn embedding
with 1 layer with a hidden size of 512, which re-projected words into 256 dimensions, with a batch size of 32 and
initial learning rate of 0.1. All models were trained for 50 epochs. We refer to this BERT based algorithm in the paper
as BERT-GF.

Results: Characteristics of Chief Complaint Gout Corpus

The CC itself for the larger CC-2020-CORPUS is on average 108 characters and is densely packed with extensive use
of abbreviations and acronyms. A total of 7996 negative, 129 unknown and 14 positive annotations were determined
by CC review. The inclusion of prior medial history (PMH) is widespread with approximately 80% of CC having
some mention of PMH appearing at the end of the CC. Cohen’s kappa was calculated on both corpora for gout flare
determination based on CC and based on chart review as shown in Table 3. The number of positive, negative or
unknown gout flares in Table 3 corresponds to the consensus annotation for each data set.

* GF (Gout Flare)

** Review refers to the process that was made to determine gout status. Chart indicates a full chart review, CC
indicates that only the chief complaint was used to predict whether a patient was presenting with a gout flare.
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Table 3: Annotator Agreement in GOUT-CC-2019-CORPUS and CC-2020-CORPUS

Corpus Name GF* POS GF NEG GF UNK Review** Agreement Cohen’s κ
GOUT-CC-2019-CORPUS 93 194 13 CC 0.883 0.825
GOUT-CC-2019-CORPUS 70 118 9 Chart 0.849 0.774
CC-2020-CORPUS 14 7992 129 CC 0.977 0.965
CC-2020-CORPUS 25 232 7 Chart 0.904 0.856

Results: ICD-10-CM Billing Codes for Gout Flare Diverge from Chart Review Determined Gout Flare Status

The use of ICD-9-CM codes to represent the diagnosis of gout flares is presumed to be less reliable32, 49, although
we are unaware of a published quantitative evaluation for ICD-10-CM. We show in Table 4 that ICD-10-CM M10
prefixed gout flare codes poorly predict the underlying gout flares as determined by a rheumatologist chart review in
GOUT-CC-2019-CORPUS. Our results suggest that ICD-10-CM gout billing codes over-represent the ED gout flare
burden.

Table 4: ICD-10-CM M10 Prefixed Codes vs Chart Reviewed Gout Flare Status

Code Types Precision Recall F1 Score
Primary and Secondary Code 0.43 1.00 0.60
Primary Code 0.56 1.00 0.72

The vast majority (over 91%) of gout flare codes used at our academic ED in 2019 are represented by M10.9 (Gout,
unspecified). The remaining codes have a widely distributed range of M10 coding suffixes, with only M10.071 and
M10.072 (Idiopathic gout, left and right foot respectively) and M10.00 (idiopathic gout, site unspecified, used to
indicate a diagnosis for reimbursement purposes) with a frequency higher than 1%.

Results: Chief Complaint is Highly Informative of Gout Flare Status as Determined by Chart Review

We show in Table 5 that CC is highly informative as to gout flare status, providing a high level recall in both data
sets when examined by annotators for the presence of gout flares. The results for precision (positive predictive value),
recall (sensitivity) and F-score are shown for the gout flare positive class only for both GOUT-CC-2019-CORPUS
and CC-2020-CORPUS. Human annotator recall is better estimated on the GOUT-CC-2019-CORPUS since a higher
proportion of the gout flare negative class was subject to chart review as described in the methods.

The NAIVE-GF algorithm (which simply searches for mentions of ”gout”) performs slightly better on CC-2020-
CORPUS due to the relative rarity of gout mentions. However this algorithm fails to distinguish between a patient’s
past medical history (PMH) of gout versus a current flare which is a problem when PMH is found in approximately
80% of gout notes. References to a PMH of gout in the CC may be particularly useful in identifying gout patients.
These references may be relatively more reliable than PMH in other types of clinical notes because the past medical
history field may not always be kept up to date in the EHR. Moreover, the PMH mentioned in the CC can include
elements of PMH discovered in the EHR by the ED triage nurse as well as any current representation of a patient’s
account of their past medical problems.

Table 5: Prediction of Gout Flare by Chief Complaint

GOUT-CC-2019-CORPUS CC-2020-CORPUS
Annotator or Algorithm Precision Recall F1 Score Precision Recall F1 Score
MID 0.88 0.92 0.90 NA NA NA
JDO 0.84 0.97 0.90 0.56 1.0 0.71
AM NA NA NA 0.67 1.0 0.80
Human Average 0.86 0.95 0.90 0.62 1.0 0.76
NAIVE-GF 0.23 1.00 0.38 0.28 0.56 0.37
SIMPLE-GF 0.44 0.84 0.58 0.37 0.40 0.38
BERT-GF 0.71 0.48 0.56 0.79∗ 0.47∗ 0.57∗
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∗ BERT-GF for the CC-2020-Corpus used a combined dataset of both corpi, due to the heavy class-imbalance in CC-2020-Corpus.

A distribution of gout-associated body location mentions from that corpus is shown in Figure 1 using CC from all
patients from CC-2020-CORPUS and chart review identifying gout flare respectively. The SIMPLE-GF uses these
keywords to identify gout flares, privileging recall over precision for mentions like ”arm” even though most such
mentions are not gout-related.

Figure 1: Distribution of LOCATION-GAZETEER Body Locations in CC of GOUT-CC-2019-CORPUS

Discussion

Our results indicate that despite the distinct and numerous M10 prefixed ICD-10-CM codes for gout flare, such codes
are a poor proxy for the presence of a gout flare in the ED. It is unclear whether the high preference for M10.9
prefixed codes represents an incorrect assessment of gout flare occurrence among coders or miss-classification versus
a more specific or appropriate M10 prefixed code such as M10.00. Regardless of assessment accuracy, these codes are
assigned post-visit and therefore no use for alerting.

Our results also indicate it is possible for non-physicians to make reasonable predictions (F1 score of 0.76 to 0.90 for
CC-2020-CORPUS and GOUT-CC-2019-CORPUS respectively) using only information available in the CC. This is
even more notable considering this F1 score is only slightly worse than the F-Scores of a full chart review (0.88 and
0.93)32. One possible interpretation of this performance similarity may be that the ED triage nurse does an informal
review for that patient at time of ED visit, thus already incorporating such information into the CC. An alternative
interpretation may be that EHR notes may be more difficult to process given the amount of information they contain
compared to the terse, free-text represented in a CC. The latter interpretation is in line with the utility of other short
text resources like Twitter, which has been shown to be useful for non-clinical event extraction50. Our results suggest
that the CC captured at our institution show promise for identification of gout flare cases during the ED visit and could
be utilized to activate referral pathways to outpatient gout care or to clinical research studies.

Finally, although the language used to describe gout is ”marked by ambiguity and imprecision”51 in the scientific
literature, in the context of an ED visit, a CC with a mention of gout and an involved body part is highly informative.
Even discounting whitespace, the 4 characters comprising ”gout” are surprisingly specific in the English language and
the only ”gout” mention not referring to gout we found in a CC was the spelling mistake ”througout” or mentions of
pseudogout, a disease that has similar clinical presentation to gout. Body locations referencing common sites of gout
flares included in expressions such as ”knee surgery” and ”drop foot” were more tedious to rule out. Nonetheless, we
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believe this preliminary work could be bolstered with more data, particularly more instances of gout flares that lack
explicit gout mentions. The performance of BERT-GF on CC-2020-CORPUS is a likely result of this lack of training
data that our over-sampling approach could not fully remedy.

Limitations

Our findings should be interpreted in the light of some limitations. Our algorithm was developed and tested at a single
academic ED and due to lack of available public data, we could not systematically compare the composition of our
institutional CC data to the composition of CC for ED visits other institutions. Common practices such as documenting
prior medical history in the CC of patients presenting to ED or other quality or writing standards in place at at our
medical center may not generalize to other institutions. We also lack a comparison of gout flare prediction versus a
retrospective chart review which would better measure the performance of our BERT based algorithm versus previous
published gout flare detection algorithms.

Conclusion

Our results show that ICD-10-CM gout flare codes are a poor indicator for gout flares. We make available via GithubTM

an ED algorithm for the detection of gout flares in the CC with performance similar to modern machine learning
approaches on gout enriched corpora, that can be deployed in CernerTM and should be feasible to implement with other
major EHR vendors. We show that the CC can be strongly informative for gout flares and generate 2 de-identified
CC corpora available for download, GOUT-CC-2019-CORPUS and CC-2020-CORPUS. We also demonstrate that ED
detection of gout flares is possible with CC, but that vendor limitations may make deployment challenging. In the
future, we plan to test the ability of the NLP ED algorithm to activate efficient referral pathways to outpatient care and
to clinical research studies to improve outcomes of patients with gout.
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31. Eric Q Wu, Anna Forsythe, Annie Guérin, P Yu Andrew, Dominick Latremouille-Viau, and Magda Tsaneva.
Comorbidity burden, healthcare resource utilization, and costs in chronic gout patients refractory to conventional
urate-lowering therapy. American journal of therapeutics, 19(6):e157–e166, 2012.

32. Chengyi Zheng, Nazia Rashid, Yi-Lin Wu, River Koblick, Antony T Lin, Gerald D Levy, and T Craig Cheetham.
Using natural language processing and machine learning to identify gout flares from electronic clinical notes.
Arthritis care & research, 66(11):1740–1748, 2014.

33. Nazia Rashid, Gerald D Levy, Yi-Lin Wu, Chengyi Zheng, River Koblick, and T Craig Cheetham. Patient and
clinical characteristics associated with gout flares in an integrated healthcare system. Rheumatology international,
35(11):1799–1807, 2015.

34. Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. Bert: Pre-training of deep bidirectional
transformers for language understanding. arXiv preprint arXiv:1810.04805, 2018.

35. Daniel W Otter, Julian R Medina, and Jugal K Kalita. A survey of the usages of deep learning for natural language
processing. IEEE Transactions on Neural Networks and Learning Systems, 2020.

36. Stephen B Johnson and Carol Friedman. Integrating data from natural language processing into a clinical infor-
mation system. In Proceedings of the AMIA Annual Fall Symposium, page 537. American Medical Informatics
Association, 1996.

37. MW McClung, AJ Davidson, RL Vogt, SV Cantrill, and RH Jones. Evaluating data sources for syndromic
surveillance. In American Public Health Association 129th Annual Meeting, session, volume 3133, 2001.

981



38. William B Lober, Bryant Thomas Karras, Michael M Wagner, J Marc Overhage, Arthur J Davidson, Hamish
Fraser, Lisa J Trigg, Kenneth D Mandl, Jeremy U Espino, and Fu-Chiang Tsui. Roundtable on bioterrorism
detection: information system–based surveillance. Journal of the American Medical Informatics Association,
9(2):105–115, 2002.

39. Debbie A Travers and Olivier Bodenreider. Identifying medical concepts in free text chief complaint data. Aca-
demic Emergency Medicine, 9(5):511, 2002.

40. Wendy W Chapman, Lee M Christensen, Michael M Wagner, Peter J Haug, Oleg Ivanov, John N Dowling, and
Robert T Olszewski. Classifying free-text triage chief complaints into syndromic categories with natural language
processing. Artificial intelligence in medicine, 33(1):31–40, 2005.

41. Wendy W Chapman, Adi V Gundlapalli, Brett R South, and John N Dowling. Natural language processing for
biosurveillance. In Infectious Disease Informatics and Biosurveillance, pages 279–310. Springer, 2011.

42. Angelo L Gaffo, H Ralph Schumacher, Kenneth G Saag, William J Taylor, Janet Dinnella, Ryan Outman, Lang
Chen, Nicola Dalbeth, Francisca Sivera, Janitzia Vázquez-Mellado, et al. Developing a provisional definition of
flare in patients with established gout. Arthritis & Rheumatism, 64(5):1508–1517, 2012.

43. Zhenzhong Lan, Mingda Chen, Sebastian Goodman, Kevin Gimpel, Piyush Sharma, and Radu Soricut. Albert: A
lite bert for self-supervised learning of language representations. arXiv preprint arXiv:1909.11942, 2019.

44. Alan Akbik, Duncan Blythe, and Roland Vollgraf. Contextual string embeddings for sequence labeling. In
COLING 2018, 27th International Conference on Computational Linguistics, pages 1638–1649, 2018.
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Abstract 
 
Multi-center observational studies require recognition and reconciliation of differences in patient representations 
arising from underlying populations, disparate coding practices and specifics of data capture. This leads to different 
granularity or detail of concepts representing the clinical facts. For researchers studying certain populations of 
interest, it is important to ensure that concepts at the right level are used for the definition of these populations. We 
studied the granularity of concepts within 22 data sources in the OHDSI network and calculated a composite 
granularity score for each dataset. Three alternative SNOMED-based approaches for such score showed 
consistency in classifying data sources into three levels of granularity (low, moderate and high), which correlated 
with the provenance of data and country of origin. However, they performed unsatisfactorily in ordering data 
sources within these groups and showed inconsistency for small data sources. Further studies on examining 
approaches to data source granularity are needed. 
 
Introduction 
 
Over the past years, there has been an increasing need for studies on real-world patient scenarios (1). Such 
observational studies use electronic health records (EHR) and reimbursement claims data, but are criticized for 
potential residual confounding and bias (2). To address that, best practices were established to ensure internal 
validity. Some examples include data quality assurance (3), propensity score adjustment (4), negative and positive 
controls (5). External validity and generalization of findings obtained in observational studies can, in turn, be 
ensured by conducting multi-center studies, which also present multiple challenges to study design and execution(6). 
Modern common data models such as Informatics for Integrating Biology & the Bedside (i2b2) (7), Clinical Data 
Interchange Standards Consortium Study Data Tabulation Model (CDISC SDTM) (8) and Observational Health 
Data Sciences and Informatics (OHDSI) (9) combine observational data across different sites into a network, which 
enables research at large scale and improves study validity (10,11). Participating data partners can be from multiple 
countries and institutions, requiring harmonization of their disparate coding schemas and practices (12), different 
disorder definitions and underlying populations (13). Even when formal semantic interoperability is achieved by 
standardizing data formats and applying common terminologies, there can be substantial data heterogeneity across 
sites. Therefore, multi-center studies require familiarity with local patterns of clinical concept use to ensure that all 
concepts of interest are captured. 
 
Researchers define patient cohorts of interest based on the clinical concepts available at their data sources. The 
problem is they cannot assess the availability of these concepts at other sites, and it is unclear to what extent concept 
utilization differs across data sources. There is little knowledge about how granular and heterogeneous concepts are 
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in different data sites. For example, patients with chronic kidney disease can be identified based on presence of 
chronic kidney disorder codes (ICD9-CM 585 or ICD10-CM N18 “Chronic kidney disease”) (14). But codes with 
less explicit content (ICD9-CM 586, ICD10-CM N18.9 ‘Renal failure, unspecified’ or N19 ‘Kidney failure’) are 
also used in the data to represent such patients (15,16). In this case, knowing data source granularity is essential for 
the appropriate disorder definition that can be used across different sites. 
 
To our knowledge, there is no established practice on how to estimate granularity of data sources. This study aims to 
fill this knowledge gap by investigating heterogeneity, diversity, and granularity of clinical concept across different 
data sources within the OHDSI network. 
 
Methods 
 
For the purpose of this study, we focused on representation of Conditions, which are defined as diagnoses, 
symptoms and signs.  

1. Data collection 
 

We conducted a study within the OHDSI network with participating data sites having standardized their data to 
OHDSI’s Observational Medical Outcomes Partnership Common Data Model (OMOP CDM) version 5 (9).Within 
the CDM, OMOP Standardized Vocabularies provide the comprehensive crosswalks from source terminologies to a 
standard terminology, which is then used to populate CDM tables (9). For example, our study included several 
source vocabularies (ICD10, ICD10-CM, ICD9-CM, ICDO3, KCD7) as well as free text entries, all of which were 
mapped to the target vocabulary - SNOMED-CT (17).For each SNOMED-CT concept, we counted the number of 
records in each data source. Hereon, we use the term ‘concept’ to refer to SNOMED-CT concepts and ‘frequency’ to 
refer to the number of records in a data source.  
 

2. Data Analysis 
 

2.1. Data source granularity score 
 

Here, we introduce the term ‘granularity score’, which refers to the overall level of granularity of conditions in a 
data source and can be used as a relative metric to compare different data instances. We calculated the granularity 
score for each data source using three alternative approaches described below. In each approach, we calculated the 
minimal number of steps (‘Is a’ relationships) within the SNOMED-CT hierarchy needed to get from a concept A 
found in the data to a generic anchor concept B. These steps or levels of separation were used as a proxy for 
granularity, assuming that concepts within one level of separation have similar semantic distance. 
First of all, these three approaches (Figure 1, Step 1) differ in the anchor concepts from which to measure the 
granularity score. The reasoning behind using anchors (ancestor terms) was to have a consistent metrics for concepts 
and, therefore, for different concepts to be comparable. 
 
 

 
Figure 1.Overall study design for comparing concept granularity across different data sources. DS – data source. 
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We tested the following anchor concepts: 
 
Approach 1. SNOMED-CT concepts mapped from three-character ICD10CM codes, excluding chapters 18-21 
(signs and symptoms, injuries, external causes of morbidity and factors influencing health status). The purpose of 
this approach is to adjust for the fact that SNOMED-CT may have different levels of granularity in different parts of 
the hierarchy, whereas the ICD10CM three-character codes may be less variable.  
 
Approach 2. Broadest SNOMED-CT term ‘Clinical Finding’. This assumes that in different parts of the hierarchy, 
the same degree of detail is encoded at about the same level down from ‘Clinical Finding’ for different diseases. 
 

Approach 3. A set of 22 hand-selected SNOMED-CT terms that represent groups of conditions central to medicine 
(Table 1). In this way, we could manually ensure that the concepts were at a similar level of granularity. 

Table 1. SNOMED concepts used as ancestors in calculating granularity score 

SNOMED 
code SNOMED category name SNOMED 

code SNOMED category name 

55342001 Neoplastic disease 53619000 Disorder of digestive system 

362971004 Disorder of lymphatic system 80659006 
Disorder of skin and/or subcutaneous 
tissue 

111590001 Disorder of lymphoid system 928000 Disorder of musculoskeletal system 
362970003 Disorder of hemostatic system 42030000 Disorder of the genitourinary system 

299691001 
Finding of blood, lymphatics and 
immune system 362972006 Disorder of labor / delivery 

362969004 Disorder of endocrine system 173300003 Disorder of pregnancy 
74732009 Mental disorder 362973001 Disorder of puerperium 
118940003 Disorder of nervous system 414025005 Disorder of fetus or newborn 
128127008 Visual system disorder 66091009 Congenital disease 
362966006 Disorder of auditory system 49601007 Disorder of cardiovascular system 
271983002 Disorder of cardiac pacemaker system 50043002 Disorder of respiratory system 

 

For each of these anchor concepts, we obtained the frequencies of all the descendant concepts according to the 
SNOMED-CT hierarchy at each level (Figure 1, Step 2) and calculated the distribution of concepts across different 
levels (Figure 1, Step 3). We then calculated the average distribution across all anchors (Figure 1, Step 4) and 
multiplied it with the corresponding levels of separation to arrive at a weighted distribution. Finally, granularity 
score was defined as the sum of weighted distribution obtained at Step 4 (Figure 1, Step 5). 
Full process is described as: 

!

⎝

⎜
⎛
∑ &

∑ "!!∶	$!	%&	'	!()(!*	+,-.	$/	

∑ "!!	∶	$!	%*	0(*1(&0/&2	-+	$/	
'#	∈	&

𝑁&
	× 	𝐿

⎠

⎟
⎞

'	∈	(,…,+#,		-./.-0

 

 
 
where C is the frequency of a concept, level is the level of separation, A is the set of ancestors (anchor terms) and 
NA – number of ancestors.	
 

2.2. Vocabulary granularity 
 

Separately, we examined the granularity of vocabularies used in participating data sources (rather than the data 
sources themselves) to distinguish influence of different source coding schemas driving the granularity score as 
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opposed to preferences in the capture process To achieve that, we calculated the weighted distribution of target 
SNOMED-CT concepts across different levels of separation, where the levels were computed from three separate 
anchor terms described above.   
 

2.3. Granularity applied to the real-world phenotyping tasks 
 

Finally, to illustrate how the idea of granularity can be used to analyze data sources for specific disorders, we 
examined the granularity of databases for chronic kidney disorder. We used the most common definition of chronic 
kidney disorder (all concept in groups ICD9-CM 585 or ICD10-CM N18 ‘Chronic kidney disease’) (14), mapped it 
to SNOMED-CT (709044004 ‘Chronic kidney disease’) and calculated total frequency of concepts within its 
hierarchical tree at each level. 
 
Results 
 
We collected data from seven data partners and twenty-two data sources: 14 US and 8 non-US. Their description, 
total number of condition records and unique condition concept codes per data source can be found on the GitHub 
page of the study (https://github.com/ohdsi-studies/ConceptPrevalence/wiki/Participating-data-sources). 
 
The data originated mainly from administrative claims (8), hospital charge data (3) and electronic health records 
collected in large teaching hospitals (3) or primary and secondary practices (5). The size of the datasets varied 
greatly, with the average number of 644 million (51 million – 3 billion) condition records and 15.8 thousand (6.3– 
16.5 thousand) unique condition concepts per data source. 
 
Data source granularity 
 
We analyzed data source granularity using the three approaches and established 5 empirical granularity levels based 
on the distribution of granularities of the data sources: high, high/moderate, moderate, moderate/low and low. In 
most cases, all three approaches agreed (Table 2). For high/moderate and moderate/low data sources two approaches 
showed moderate granularity and one – high or low respectively. 
 
Table 2.Granularity scores for 22 participating data sources. 
 

Database Approach 1 Approach 2 Approach 3 Empirical level of granularity if 
agreed across approaches 

AU-ePBRN 157 512 344 High granularity 
Ajou 117 516 347 High granularity 
CUMC 114 519 355 High granularity 
MDCR 114 519 357 High granularity 
NHIS/NSC Korea 111 510 336 Moderate/high granularity 
STaRR 113 509 345 Moderate/high granularity 
HCUP 125 498 346 Moderate granularity 
PanTher 107 503 324 Moderate granularity 
PREMIER 110 496 332 Moderate granularity 
MDCD 111 490 333 Moderate granularity 
Hospital CDM 111 503 335 Moderate granularity 
CCAE 110 500 340 Moderate granularity 
OpenClaims 110 505 342 Moderate granularity 
Optum DOD 110 506 342 Moderate granularity 
Optum SES 110 506 342 Moderate granularity 
AmbEMR 114 490 314 Moderate/low granularity 
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Tufts 118 477 331 Moderate/low granularity 
DA France 100 490 304 Low granularity 
DA Germany 100 472 309 Low granularity 
JMDC 102 497 314 Low granularity 
LPD Australia 112 475 311 Low granularity 
MIMIC3 178 474 343 Inconsistent granularity 
 
Regardless of the approach, most of the data sources had moderate granularity (Figure 2). This group included 
mainly administrative claims (MDCD, CCAE, OpenClaims, OptumDOD, and OptumSES) and hospital charge data 
(Hospital, HCUP, and Premier) along with only one EHR source (PanTher). 
 
We identified four data sources with high granularity: AU-ePBRN, MDCR, CUMC and Ajou University database, 
which remained relatively granular regardless of the method used. STaRR and NHIS/NSC Korea appeared to be 
highly granular or moderately granular depending on the approach. 
 
The low granularity group was the most homogeneous group, consisting of international data sources, which were 
primarily EHR-derived (LPD Australia, DA France and DA Germany), accompanied by one claims-derived source 
(JMDC). Another EHR source, AmbEMR, appeared as a low or moderate granularity data source. 
We found one data source with noticeable inconsistency across approaches:MIMIC3, characterized by the limited 
number of unique concepts, was highly granular in approaches 1 and 3 and the least granular compared to other 
sources in approach 2. 
 

 
 
Figure 2. Granularity score for participating data sources, grouped by level of granularity. 
 
We also found some patterns in data granularity related to the provenance of the data. Overall, EHR data sources 
originated from primary and secondary care practices appear to be less granular, while administrative claims data, 
hospital charge data and EHR data originating from large tertiary care hospitals were more granular. International 
data sources were on average less granular with only three out of eight non-US sources being moderately or highly 
granular (Figure 3). 
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Figure 3.Vocabulary granularity for participating data sources, US (blue) and international (green) data sources. 
 
Administrative claims data and hospital charge data showed similar patterns of granularity, but relative granularity 
within this group differed depending on the approach. MDCR had the highest granularity among other claims data, 
Optum DOD, Optum SES and OpenClaims had similarly moderate granularity, and MDCD with Premier had 
consistently low granularity in the group. 
 
Granularity for specific disorders 
 
When analyzing the distribution of concepts for chronic kidney disorder, we found that on average 59% percent of 
records were as granular as the concept ‘Chronic kidney failure stage 3’ (Table 3). Some of sources comprised 
broader terms. For example, less precise concept ‘Renal impairment’ accounted for 23% of all concepts related to 
chronic kidney disorder in LPD Australia. Given its prevalence, this concept should be placed under scrutiny to 
determine if it should be used to find patients with chronic kidney disorder in this data source.  
 
Table 3.Selected datasets for assessing granularity of chronic kidney disorder. 
 

Levels of separation 
DA 

France JMDC 
LPD 

Australia AmbEMR CUMC MDCD Average* 
0;Renal impairment   23% 4% 0.01%  2.2% 
1; Chronic kidney disease 94% 90% 32% 17% 25% 13% 24.7% 
2; Chronic kidney disease stage 3 5% 9% 45% 69% 64% 68% 59.4% 
3;Chronic kidney disease stage 3 
due to hypertension  0.04% 1%  10% 9% 19% 13.1% 
4;Malignant hypertensive chronic 
kidney disease stage 3 0.04% 0.1%  0.2% 1% 1% 0.5% 
5;Malignant hypertensive end 
stage renal disease on dialysis    0.01%   0.0001% 

*Average frequency of concepts at a level across all databases 
 
Discussion 
 
In this study, we explored concept granularity across disparate data sources with different provenance of data, 
country of origin and various coding methods.  
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Acknowledging data source granularity is a necessary step in observational studies run on multiple data sources. As 
similar patients can be coded with various granularity in different data sources, it is important to be aware of the 
overall data source granularity to make informed decisions about phenotyping algorithms. When using data sources 
with low granularity (as LPD Australia in this study), using less precise broad concepts is needed in order not to lose 
patients of interest. For example, when identifying patients with chronic kidney failure, researchers may opt for 
looking at broader concepts such as renal impairment. The latter accounts for nearly a quarter of all kidney disorder-
related records in LPD Australia. Given that such a broad concept is not likely to initially be included in the 
phenotyping algorithm, it is important to recognize the fact that a large fraction of patients has this code.   
 
We will first discuss advantages and disadvantages of scoring approaches, followed by discussing our observations.  
When examining granularity, we have to account for three groups of factors: 

1. Vocabulary  
2. Underlying population 
3. Granularity of the data capture 

 
Vocabulary  
 
SNOMED-CT is the most comprehensive reference terminology available and is a mandatory standard vocabulary 
for conditions in the OHDSI network. SNOMED-CT supports polyhierarchy, where a concept may have multiple 
ancestors and inherits their meaning. Such polyhierarchies coexist in SNOMED-CT equally, so that a single main 
hierarchical path cannot be identified. A concept can appear in multiple hierarchical trees at different levels, which 
obstructs assessing its complexity level when multiple anchoring terms are used. For example, 
51292008‘Hepatorenal syndrome’ appears in two hierarchical trees: 42030000Disorder of the genitourinary system 
(5 levels of separation) and 53619000 ‘Disorder of digestive system’ (2 levels of separation). While it poses 
challenges to establishing hierarchy-based granularity of an individual concept or an individual data source, such 
ambiguity is leveled out when seeking relative comparison. 
 
In this work, we used different approaches that vary in anchoring terms. Using ‘Clinical Finding’ as a single 
ancestor term prevented duplication of terms across different hierarchical trees and allowed us to analyze the whole 
set of condition concepts in the data sources and obtain a more comprehensive picture that in the other approaches. 
A disadvantage of such approach is participation of all concepts, even those that carry insignificant clinical meaning. 
For example, ICD9-CM concept 780.99 ‘Other general symptoms’ frequently occurred in some of the data sources 
and, being mapped to SNOMED-CT 365860008 ‘General clinical state finding’, conveyed little clinical meaning. 
Even if such a concept is present in a data source, it cannot be acted upon: it communicates too little clinical 
meaning to be used to define any disorder of interest. 
 
The ICD10-CM term-based approach was motivated by selecting patients in observational research, which is 
typically performed by selecting appropriate ICD10CM codes to define disease or state. Such study design can be 
inefficient when international data sources or data sources with unstructured data processing are involved. Indeed, 
source vocabularies in non-US data sources were less granular. This was expected as ICD10-CM, used in the US, is 
more granular than ICD10 used internationally. If a feasibility study is performed on a highly granular data source, 
too specific concepts may be selected for phenotyping, which will lead to the patient loss. The ICD10-CM-based 
approach allows exploring data granularity, which will be extremely relevant to studies performed on the US data 
sources or driven by ICD10-CM concept selection. Moreover, the granularity score is computed based on clinically 
meaningful concepts, which potentially have higher practical impact. 
 
On the other hand, this approach neglects concepts broader than the selected ICD10-CM counterparts, which can be 
of a particular interest in low granular data sources. The SNOMED-CT concept set approach (approach 3) 
overcomes this shortcoming by querying broad disorder groups.  
 
In these two approaches duplication of concepts across different trees was offset by averaging those trees. 
Nevertheless, if a concept space within a dataset is limited (like in MIMIC3, which only contains 749 unique 
SNOMED-CT concepts), this approach will be sensitive to concept selection. Although we tried to minimize this 
effect by excluding groups of disorders that have high overlap, duplicates can still be found and can potentially bias 
the granularity score for small data sources. 
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Underlying population  
 
Granularity can reflect the features of the population that had given rise to a data source. Unbalanced data sources 
with a focus on a specific population may be biased towards higher granularity for this population but remain 
otherwise non-granular. For example, 85% of MDCR patients are elderly, who tend to have more co-morbidities 
compared to young healthy patients (18). Co-morbidities, in turn, are coded as granular complex concepts that 
reflect associations between disorders, e.g. 422166005 ‘Peripheral circulatory disorder associated with type 2 
diabetes mellitus’ or 19034001 ‘Hyperparathyroidism due to renal insufficiency’. Such high granularity is 
attributable rather to characteristics of the population (patients) than to characteristics of processes (data collection, 
coding or transformation). If a certain level of granularity belongs only to a specific portion of the data source, we 
need to disentangle this effect to be able to assess the baseline level of granularity. The latter will then reflect the 
granularity for the other groups of patients in a source, which can also be used for research.  
We proposed to offset the influence of a particular patient group on data source granularity by stratifying concepts 
by disorder group (approach 1 and 3). In particular, it resulted in a reduced difference in the granularity of MDCD 
and MDCR, which was more extreme in approach 2. 
 
Granularity of data capture 
 
The data can be generated to address different needs: electronic health records facilitate clinical records storage and 
retrieval and administrative claims data is used in the reimbursement process. Clinical documents within electronic 
health records and administrative claims may capture similar patients differently. Electronic health records may tend 
to be less granular due to the nature of clinical workflow, while claims data can be more granular to maximize 
reimbursement. 
 
It is supported by our observations that administrative claims data and hospital charge data were on average more 
granular than EHR data, especially if a data source originated from primary or specialty practices. Large hospitals 
EHR data appeared to be highly granular, which may suggest similar coding procedures for these sources. 
We previously discussed granularity should be adjusted if a subset of patients influences granularity. Patient 
characteristics can also be viewed as a feature of data source granularity if the patient population is homogeneous. In 
this way, granularity has the potential to remain stable regardless of a selected fraction of patients.  
 
Coding methods applied to unstructured data can also contribute to concept heterogeneity. Extracting data from 
clinical notes is a tedious and complicated process, which may decrease concept granularity as free text, especially if 
in large volume, may be converted to broad and imprecise structured data (19). 
 
Limitations 
 
We did not perform targeted SNOMED-CT auditing to identify hierarchy inconsistencies, incomplete modeling or 
other issues described elsewhere (20,21). As SNOMED-CT is the most comprehensive and continuously updated 
reference terminology, we assumed that such issues will not be detrimental to assessing granularity or will influence 
all data sources equally. In this study, we only analyzed conditions as a comprehensive hierarchy for procedures or 
measurements is lacking; including other domains in granularity score may be included in future work. This work 
does not focus on the implications of different granularity on patient selection, and we did not evaluate performance 
of computable algorithms with different granularity. 
 
Future work 
 
SNOMED-CT defines its concepts not only with hierarchical links, but also with ‘has-a’ relationships, which can 
potentially be used to assess granularity. While attribute-based granularity inference is complicated by 
inconsistencies in assigning attributes and high volume of relationship types (20), future work may include 
comparing hierarchy-based approaches to attribute-based approaches. 
Future work may also include further characterization of factors that contribute to data source granularity, for 
example disentangling coding variances and data transformation aspects. 
 
Conclusion 
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Multi-center observational studies require recognition and reconciliation of differences in patient representations 
arising from underlying populations, disparate coding practices and specifics of data capture. Granularity of data 
sources should be evaluated to ensure comprehensiveness, yet appropriateness of concepts selected to represent a 
condition of interest. When examining granularity, researcher should account for three main components: 
vocabulary, underlying population and granularity of data source itself. Here, we presented three approaches to 
calculating data source granularity based on SNOMED-CT hierarchy. They showed consistency in classifying data 
sources into three levels of granularity (low, moderate and high), which correlated with the provenance of data and 
country of origin. However, they performed unsatisfactorily in ordering data sources within these groups and 
showed inconsistency for small data sources. Further studies on examining approaches to data source granularity are 
needed.  
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Abstract 

Emergency Medical Services (EMS) are an essential component of health systems and are critical to the provision of 
pediatric emergency care. Challenges in this setting include fast pace, need for advanced teamwork, situational 
awareness and limited resources. The purpose of this study was to identify human factors-related obstacles during 
care delivery by EMS teams that could lead to inefficiencies and patient safety issues. We examined video recordings 
of 24 simulations of EMS teams (paramedics and EMTs) who were providing care to pediatric patients. Two reviewers 
documented a total of 262 efficiency and patient safety issues in 4.25 hours of videos. These issues were grouped into 
28 categories. Reviewers also documented 19 decision support opportunities. These issues and decision support 
opportunities can inform the design of clinical decision support systems that can improve EMS related patient 
outcomes.  

Introduction 

Emergency Medical Services (EMS includes ambulance or paramedic services) are critical to the provision of pediatric 
emergency care. During a medical emergency, EMS teams provide initial medical care in the field and transport 
patients to a point of definitive care (e.g. hospital). They also gather patient information and communicate this 
information to the emergency department (ED) team at the receiving facility. Three major challenges to coordination 
between ED and EMS teams have been identified: ineffectiveness of current information and communication 
technologies; lack of common ground; and breakdowns in information flow1. 

Approximately 7% of pediatric patients arrive to EDs by ambulance2. Children presenting by EMS are more likely to 
have serious illness and require hospital admission3. However, these emergencies represent only a small portion of all 
EMS transports. For many EMS agencies, pediatric emergencies (compared to adults) are low frequency, but high-
risk events. Pediatric prehospital care requires unique knowledge, skills and equipment that are distinct from adults. 
Decision making in EMS care is a challenge because of the fast pace, uncertainties and environment. Making and 
executing decisions require teamwork. Errors in pediatric EMS care are common. One study found approximately 
70% of critical transports contained some form of adverse patient safety event; 20% of which were categorized as 
severe4. Little is known about the causes of error in this setting. Lack of computer aided decision support, single 
provider administering medications, challenging environments, and complex teams are theorized as potential 
contributors5. Interventions such as standardized teams, availability of standardized equipment, checklists, and 
implementation of “pit-crew” provider roles, have reduced errors and improved outcomes in the prehospital setting6-

8. Further informatics research in this area is needed to understand the causes of prehospital pediatric management 
errors and identify targets for intervention. 

Teamwork is an essential ingredient of EMS care. The core components of teamwork include five overarching 
constructs: team leadership, team orientation, mutual performance monitoring, backup behavior, and adaptability9. 
Closed-loop communication, shared mental models, and mutual trust are three mechanisms that help coordinate team 
constructs9. Poor teamwork behaviors are associated with negative patient outcomes10, 11. Teams in the EMS 
environment are unique and face challenges not often seen in other healthcare settings. EMS teams work in small 
groups, under conditions that change frequently, and in environments that are often unfamiliar or dangerous. Many 
EMS teammates are not accustomed to working with a steady partner12, many are fatigued and under a great deal of 
stress, and many work in a poor organizational culture13. There is a limited body of research involving EMS teams13, 

14. Decision support technologies along with other interventions such as training and technology have the potential to 
improve teamwork and improve patient outcomes in the EMS setting15, 16.  
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Clinical decision support can be used to ensure patient safety and efficiency in all healthcare settings17, 18. However, 
it is even more important in fast-pace environments such as EMS19, 20. The success of clinical decision support depends 
on its fit with workflow, individual factors and the working context21-23. The use of clinical decision support for EMS 
can decrease “time to definitive care” and improve diagnostic accuracy among EMS personnel24, thus, improving 
diagnostic accuracy and reducing medical errors in the care of children. 

Simulation is a valid and efficient way to recreate high risk events in a low-stakes environment. High-fidelity 
simulation is commonplace in emergency medical training, for all levels of providers25. The observation of pediatric 
emergency simulations allows for the study of a large number of critical events that would otherwise be difficult (or 
impossible in a reasonable timeframe) to obtain in “real world” settings. The ability to use various scenarios improves 
the richness of the collected data. Video recorded simulation can be particularly useful to study care delivery that takes 
place in a small physical space, such as an ambulance, or in dynamic environments where multiple tasks occur 
simultaneously.  

The value of field studies in informatics is essential for contextual inquiry and user centered design26, 27. EMS can 
particularly benefit from these studies given the changing and unpredictable effects of context in their care. High-
fidelity simulations can provide an opportunity to conduct research in this field, where the presence of investigators 
in the field is not practical. This study should also provide insights about simulation studies in informatics research. 

EMS care has been previously examined by informatics, human factors and design researchers who identified 
important themes that inform the design and implementation of safer and more efficient EMS care28-31. However, the 
design principles of services in EMS may still be predominantly based on principles developed in other settings (e.g. 
acute or inpatient)32. The novelty of this study is twofold. First, we collected data through a structured simulation 
study that was video-taped. Observers were able to simultaneously see EMS providers delivering care as well as 
obtaining vital signs and other clinical monitoring. Second, our simulation scenarios were based on pediatric patients. 
This study fills an important gap in care, by identifying decision support needs of a team in a specialized context that 
is otherwise challenging to study.  

The purpose of this study was to identify human factors-related obstacles during care delivery by EMS teams in the 
pediatric setting, that could lead to inefficiencies and patient safety issues. Understanding these obstacles can inform 
the design of various interventions such as health information technologies that can support the teamwork, which is 
both critical and challenging for EMS systems. As the scope of practice of paramedics continues to expand, and the 
sophistication of EMS systems evolves, it is essential to assist their services with methods such as clinical decision 
support33. 

Methods 

This is a secondary exploratory analysis of a collection of videos from simulations performed within a single EMS 
agency. Subjects were licensed EMS providers from one local EMS agency that served a population of 280,000 over 
130 square miles.  All participants (n=112) were trained and licensed with either Pediatric Advanced Life Support 
(PALS) or Pediatric Emergencies for Prehospital Providers (PEPP). Participants were all active EMS and fire 
professionals that routinely respond to emergencies. All participants attended mandatory quarterly education, designed 
to train on updated protocols and new clinical initiatives undertaken by the agency.  

Simulations 

Videotaped simulations conducted as part of an educational study were reviewed for this study. This serial simulation 
training was accomplished in an EMS agency to determine if there was a change in psychomotor and cognition skills 
and team-based care over 6 months. High-fidelity simulation scenarios were of a 15-month and a 1-month old with 
hypoglycemia, both with seizure activity and hypovolemic shock requiring intravenous (IV) fluid and medication 
administration. Both scenarios required airway management and treatment of hypotension. The scenarios were 
constructed with expected actions based on protocols with the actions representative of clinical practice. The content 
was identified to drive recognition and appropriate management of shock and respiratory failure. The “patient” was a 
pediatric manikin with real-time feedback. The simulation attempted to mirror standard paramedic practice. 
Equipment was organized and available to participants in the typical department configuration. The scenario took 
place in a mock ambulance interior. Events and scripts were standardized with changes in patient condition occurring 
at pre-determined intervals. All EMS professionals were oriented to the mannequins and then subsequently debriefed. 
Teams were asked to provide normal care (i.e. follow their protocols), as they would in the field. This included a 
primary assessment with vital signs, oxygen administration, ventilatory support, intravenous or intraosseous access, 
fluid and medication administration.  
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Data Collection 

A total of 24 prerecorded videos (scenarios) were reviewed by two independent reviewers (CD, YD) for task analysis 
and scoring of team cognitive processes. The two reviewers had prior EMS experience and were trained on analysis 
by a study member (MO) with expertise in systems engineering and health informatics. The two reviewers were 
instructed to review the videos one by one, played backward as needed, and noted the following outcomes: time to 
task completion; number of providers involved in each task; scoring of cognitive processes utilizing the 
Anesthesiologists Non-Technical Skills (ANTS) instrument34, 35; identification of actions that did not contribute to the 
care of the patient; and identification of decision support opportunities (e.g. tools, approaches). The ANTS instrument 
is a validated tool that scores aspects of team-based care including task management, teamwork, situational awareness, 
team communication and decision making. Authors met twice to discuss issues during data collection. The scope of 
this paper included only efficiency, patient safety issues and decision support opportunities during EMS care delivery. 
The 24 prerecorded videos contained the activities of 112 EMS providers. Among the 24 videos, 12 were of a 15-
month old with hypotensive shock and seizure requiring intravenous fluid and medication administration and 12 were 
of a 1-month old with hypoglycemia that resulted in a seizure if not treated within 5 minutes of the scenario starting.  
Each scenario was approximately ten minutes in length. A total of 4.25 hours of scenario time was observed. Figure 
1 is an example of a swimlane diagram developed for one of the scenarios.  

 

 
Figure 1. Swimlane diagram for one of the scenarios (X-axis shows time). 

 

Results 

Efficiency and Patient Safety Issues 

The two reviewers created 349 notes in total. Each note was created independently by the reviewers while watching 
the videos to identify issues (e.g. an obstacle for teamwork or an efficiency or safety concern). Each note also was 
time-stamped. Twenty of the 349 notes were excluded from analysis because they were not considered an “issue”. 
Excluded notes included notes on team conversation that did not reveal any issue, or notes that did not describe an 
issue. The remaining 329 notes referred to 262 unique efficiency or safety issues. Multiple notes were created for 
some issues. We identified unique issues by using the time stamp and description provided. A total of 329 notes were 
made, 189 by reviewer 1 and 140 by reviewer 2.  

Of 262 total unique issues (152 by reviewer 1 and 129 by reviewer 2), only 19 were captured by both reviewers. The 
first author reviewed the notes of the two reviewers for efficiency and safety issues and grouped these issues into 28 
broad categories (Table 1). Broader categorization was accomplished by bringing similar issues together such as 
explaining the same suboptimal performance or outcome. Therefore, some of the categories focused on cognitive 
components, workload or physical tasks. The research team then reviewed the categorizations for issues and decision 
support tools to reach a consensus. The issues and decision support categories were not mutually exclusive. 

The most frequent issue was the lack of close-loop, directed communication with 27 observations. Fourteen of the 24 
videos (58%) included this issue. Inappropriate or lack of task sharing and coordination, lack of situational awareness 
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and suboptimal task performance were also observed in 58% of the videos. Unsafe medication administration was 
observed in 54% of the cases. There were no videos in which no issue was observed. Table 2 provides excerpts from 
the reviewers’ notes for some of the relatively implicit issues. 

Situational awareness does not have a universal definition. For our purposes, we defined situational awareness as the 
EMS team’s understanding of patient and environment related factors that affect (or could affect) what the team needs 
to do and that subsequently had an impact on overall performance. 

 

Table 1. Efficiency and patient safety issue categories 

Category Times observed Videos by category (n=24) 

Lack of close-loop, directed communication 27 14 
Inappropriate or lack of task sharing and coordination 24 14 
Lack of situational awareness 22 14 
Suboptimal task performance 19 14 
Unsafe medication administration 19 13 
Cannot locate a tool, equipment or medication 14 8 
Delay in fluid/medication/dextrose administration 12 7 
Idle personnel 11 11 
Inappropriate use of tools 11 6 
Missing details in radio report 10 10 
Missing tasks 10 8 
Miscommunication between team members 10 7 
Incorrect radio communication 8 8 
Leadership Issues 8 6 
Delay in oxygen administration 8 6 
Informal/inappropriate communication 7 6 
Provider confusion 6 5 
Delay in IV/IO access 5 5 
Delay in ventilation 5 5 
Unnecessary/repeat task 5 5 
Delay in recognizing hypoxia/apnea 3 2 
Distraction 3 3 
Delay in obtaining vital signs 3 3 
Disagreement between team members 2 2 
Delay in treatment 2 2 
Lack of documentation 2 2 
Delay in serum/glucose measurement 2 2 
Other 4 4 

 

Decision Support Opportunities  

The two reviewers were also asked to develop a list of decision support opportunities (i.e. tool/approach/needs) based 
on the issues that they identified. We did not provide the reviewers a specific definition for decision support. The 
reviewers identified any mechanism that would allow EMS providers to make better decisions with less cognitive 
resources and could potentially prevent the issues listed in Table 2. The research team grouped these opportunities 
into 19 broad categories (Table 3). The most frequently reported decision support opportunities were delegation 
(Task), vital signs checklist (Artifact), closed loop communication (Task) and orientation for equipment (Training). 
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Table 2. Select quotations for efficiency and safety issues 

Category Quotes from reviewers’ notes 

Idle personnel “Group member 1 not doing anything” 

Inappropriate use of tools “Attempted to inject saline into IO catheter, but could not do 
it because cap was on” 

Informal/inappropriate communication 
“Leader states to crew member ‘you know that right’ 
referring to versed as the treatment and crew member 

seemed to be offended.” 

Lack of situational awareness 

“Failure to recognize sepsis, shock and did not give fluids” 
“Leader asks for someone to listen to breath sounds, but it 
was already done he just doesn't know, person who did it 

earlier doesn't say anything.” 

Leadership issues 

“Team lead does not speak up to resolve team 
dispute/confusion” 

“No clear team leader” 
“Asked the group to start a line and prepare versed, but did 

not indicate who he would like to do that, team had to 
delegate themselves” 

Missing tasks 

“No blood pressure obtained” 
“Did not check respiratory rate at any point” 

“Member 1 stopped giving O2 to see if monitor was broken, 
as opposed to taking [respiratory rate] manually” 

Suboptimal task performance 
“Left tourniquet on for too long” 

“Ventilating 40-50, too fast. Leader confirms this rate with 
ventilator, doesn't catch it's too fast” 

Unsafe medication administration 

“Unsafe fluid admin (bag to IO, blood pressure cuff attached 
to IV bag for increased flow wide open)” 

“Error: protocol says benzos must be 5 min between doses, 
they gave 2 doses in 2.5 minutes” 

 

Table 3. Decision support opportunities 

Decision Support Opportunities Number of Videos that can benefit from 
reported decision support(n=24) 

Delegation 17 
Vital signs checklist 15 
Closed loop communication 12 
Orientation to equipment 11 
Role Clarity 9 
Leadership 6 
More feedback on ventilation 5 
Easier documentation 5 
Radio report checklist 5 
Primary survey checklist 4 
Guideline/support for streamlined dosing 3 
Orientation to procedure 3 
More positive/respectful group dynamic 3 
Use of standardized terminology 2 
Team awareness 2 
Questioning family 2 
Procedure checklist 1 
More feedback on blood pressure and cardiovascular outputs 1 
Clear and specific plan for unexpected situations 1 
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Discussion 

Informatics opportunities in EMS settings are understudied36. Our analysis revealed a wide variety of patient safety 
and efficiency issues but also design opportunities for decision support systems in EMS. We should note that these 
categories may not be mutually exclusive. The most commonly observed issues were lack of closed-loop and directed 
communication, inappropriate task sharing and coordination, lack of situational awareness, suboptimal task 
performance, and unsafe medication administration. Our analysis also revealed various delayed activities. These issues 
can significantly undermine patient outcomes.  

We directly observed several medication errors in the simulations. Medication errors are the most commonly 
documented source of significant error in hospitalized patients5, and are frequent in the out-of-hospital environment 
as well37. Our data support this claim for the prehospital environment. We recorded 19 instances of unsafe medication 
administration in 13 scenarios (Table 1). These represent a high risk for patient safety. Provider confusion (6 
instances), distractions (3 instances), and communication issues (44 instances; 27 lack of closed-loop, directed 
communication, 10 miscommunication instances between team members and 7 Informal/inappropriate 
communication) are possible contributors. These errors occurred even with the use of medication decision support. 
All teams used a smartphone application with medication dosages and many teams used a pediatric length-based 
weight guide. EMS providers had the correct medication dose from the decision support tools, but succumbed to 
challenges in equipment, communication or distraction that led to the errors.  

Both simulations included the need for time sensitive, complex interventions which involve individual and team-based 
decision making. For example, consider the administration of IV fluid in hypovolemic shock. IV fluid is the standard 
of care for pediatric hypovolemic shock and early administration has been shown to reduce mortality38. EMS teams 
that are able to intervene early by delivering IV fluids have a positive impact on patients. However, to perform the 
task of IV fluid administration, EMS providers must a) recognize the patient is in shock, b) collect the correct 
equipment, c) calculate and d) administer the correct volume of IV fluid, and e) in the correct manner. We observed 
team challenges at every step. Recognition of shock is done by assessing vital signs and observing the patient’s 
condition during the primary survey (i.e. initial assessment). We observed 22 instances of teams that lacked situational 
awareness and 3 instances where teams were delayed in obtaining vital signs. Although their equipment was arranged 
and prepared in bags that were identical to their “real world” counterparts, many teams struggled to find and use the 
correct equipment. We observed 14 instances where teams could not find required equipment and 11 instances of 
inappropriate use of equipment (e.g. the use of adult equipment on pediatric patients). Challenges to both the 
recognition of shock and the collection of the correct equipment can accumulate to produce significant delays in 
needed emergency care. 

There was great variation in the way teams collected vital sign information. For example, some teams missed taking 
a blood pressure that would have alerted them the patient was in shock. Other teams checked for respirations first, put 
the patient on the monitor or checked for pulses first. The use of a checklist to standardize the initial approach to a 
patient could reduce missing crucial information in the primary survey that would indicate the patient needs immediate 
care. 

Communication is a critical aspect of EMS care39, and in our study communication represented a large portion of the 
teamworking challenges. Communication training has been used to improve medical teamwork in other settings40. All 
participants were trained in either Pediatric Advanced Life Support (PALS) or Pediatric Emergencies for Prehospital 
Providers (PEPP), which include modules on closed-loop communication. Despite this, we observed many instances 
where closed-loop communication was not used. Further practice and drilling on these principals of closed-loop 
communication would be beneficial. Core concepts of team communication are standard curriculum for hospital-based 
teams. EMS training and should also include the practice of standardized communication. We observed many 
opportunities where closed-loop communication and verbalization would have improved teamwork. EMS managers, 
leaders and educators should continue efforts to train EMS providers in efficient communication. 

An important expectation of EMS teams is to communicate information on the patient’s situation and other relevant 
information to the receiving hospital ED41. This communication can affect the quality of care the patient will receive 
at the ED. Our study revealed 18 incidents (10 missing details in radio report and 8 incorrect radio communication) 
where communication between EMS team and hospital is problematic. Time pressure, memory issues, and lack of 
situational awareness are potential causes for these observed miscommunications.  

Our analysis revealed the following decision support opportunities in more than ten scenarios: delegation, vital sign 
checklist, closed loop communication and orientation to equipment. A direct mapping between some of these 
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opportunities and previously reported issues is possible. For example, providing a “orientation to equipment” may 
directly remedy the issue of “Cannot locate a tool, equipment or medication.” Such intervention would also expect to 
rectify/resolve some of the delays reported in Table 2. The mechanisms of how decision support opportunities 
overcome issues are probably complex and require employing a holistic systems perspective during design and 
implementation to avoid unintended consequences that were reported in many informatics implementations. 

Many of the decision support opportunities can improve teamwork in EMS by providing better situational team 
awareness. Such awareness can allow for mutual performance monitoring, backup behavior, and adaptability. These 
decision support opportunities should also (1) help with providers’ short-term memory; (2) augment team and 
individual cognition; and (3) prepare clinicians about upcoming activities that should be accomplished in a short time. 
These decision support systems would improve communication among team members, support situational awareness, 
inform delegation and prevent delays. The design of these interventions can be accomplished by multidisciplinary 
teams and novel approaches. Any new intervention should be congruent with the unique physical environment, 
individual characteristics of EMS teams and team dynamics.  

This study highlights the need for decision support that is specifically designed for EMS teams. Some of the decision 
support needs can be mainly fulfilled with new or improved tools and technologies (e.g. checklists, documentation 
tools). Augmented reality based on technologies can also provide needed decision support to EMS teams42, 43. Other 
needs mainly require rigorous training (e.g. orientation to equipment and leadership) and policy interventions (e.g. use 
of standardized terminology, role clarity). A combination of these interventions can be even more effective. 

Clinical decision support is essential in health care settings. However, for EMS, their success depends on integration 
into the clinical workflow of a mobile unit with a team that changes composition over the course of a single encounter, 
that often lasts less than one hour36. We suggest the following design guidelines for decision support system for EMS: 

1. Applying User-Centered Approaches: Decision support must be adaptable to both electronic and paper-based 
systems and work across both analog and digital communication systems. It must integrate different protocols and be 
modifiable, i.e., it must be able to adjust to changing medication formularies, EMS provider scope of practice, and 
varied patient age and physiology. User-centered design approaches help understand not only the user’s needs and 
desires but the holistic context of the user’s social, technical, and cultural environments, and, as necessary, engage 
users as designers of the technology they will use. Users of EMS for pediatric services include EMS providers, patient 
families and receiving staff in the EDs. Participatory design approaches can be useful to involve these users to ensure 
that decision support is developed to fully meet needs. 

2. Workflow considerations: EMS related activities at the broad level include dispatch, arrival to scene, assessment, 
loading to an ambulance and changing composition of teams. Some of the activities directly related to patient care are 
illustrated in Figure 1. Although the broad level activities are more sequential, patient care activities are loosely 
coupled temporally and many variations are possible. Decision support systems should be flexible so that they are 
adaptable to all situations. EMS can occur in challenging physical places, and dealing with patients with various 
conditions. Decision support systems should be able to accommodate to a wide range of situations. Decision support 
systems can be adaptive if they are fed with all the relevant information (e.g. EMS technicians’ speech15). 
Organizational routines framework can provide a guideline to examine both codified and tacit workflows44.  

3. Context sensitive systems: EMS may take place in various physical places and surrounded by diverse social context. 
EMS providers may have different training and experience. Moreover, values, preferences and the ability of a patient’s 
family to provide assistance can differ in different cases. Patient confidentiality should be considered. System level 
context such as billing and financial considerations, or policies such as HIPAA may affect care. Decision support 
systems should be sensitive to all these context factors. Contextual inquiry approaches can serve as a starting point 
for designing context sensitive decision support systems for EMS26. 

4. Complementing technology interventions with needed policies and trainings: Any intervention that aims to provide 
decision support in EMS should include all technology, training and policy components. A technology-based decision 
support would be incomplete if it is not complemented with needed policies and providers’ trainings. In this study, 
teams were observed committing errors despite the presence of decision support tools providing information such as 
the medication dosages, medication and fluid volumes based on patient weight. Implementing decision support tools 
could also include training and practice with teams in simulated environments to ensure its best integration to practice. 

Simulations provide unique opportunities for design and informatics research45. Given the infrequent presentation of 
pediatric patients in the out-of-hospital environment, simulations offer an environment to explore workflow in a safe 
and controlled manner, allowing for review of the performance of a high volume of teams over a short period of time. 
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The design of any potentially effective technology, training, staffing, or policy intervention can be more accurately 
evaluated in a simulation environment. Video recordings and analysis of simulations can be superior to direct 
observations of simulation without video recording46.   

An advantage of video recording is the ability to create a permanent record that can be analyzed offline as often as 
necessary and at a pace different than real life. The ability to pause, reflect on the content and then continue with the 
video, is important to study fast paced teamwork such as EMS. 

In this study, capturing a small number of issues that were observed by both reviewers can be a result of different 
perspectives, background and training of the reviewers. However, the qualitative foundations of this study allowed us 
to leverage the different perspectives of the reviewers and revealed further actual or potential patient safety and 
efficiency problems. 

The limitations of this study included reviewer bias, difficulty in observing team work through video monitoring and 
the inability to fully understand the team member’s motivation. Reviewers are biased in their observations and 
definitions of challenges. We attempted to limit this bias by having two reviewers. However, having two reviewers 
reporting different issues and reporting only a small number of common issues deserve further research. Because the 
scenarios were observed via video recordings, that presented some limited challenges as team tasks may have occurred 
outside the visual field of the cameras and audio recordings may not have captured all verbal communication clearly. 
In addition, body language or non-verbal communication was more difficult to detect. Team member motivation is 
difficult to determine without audible cues. Teams and individuals performed tasks on occasion without verbalizing 
their plan of care. In some cases, we made estimates based on our experience of what tasks the teams were performing.  

Despite the great potential of simulations, de-contextualizing collaborative work by performing it in a laboratory 
setting, may affect not only the primary work activities, but also the background work that enable these activities. 
Within healthcare, the importance of, for instance, articulation work has been found to be critical to take into account 
in coordination of medical settings47. This often subtle and highly contingent background work may be difficult to 
recreate in a simulated setting, which introduces the uncertainty that the problems observed may in fact be caused by 
the absence of normal routine. 

Another limitation was the description of the sample in this study. The included a sample of videos (n=24) from a 
broader study (n=135) which included 313 participants, 212 of those included in our study. 179 (%59, 8 missing) of 
the 313 participants were older than 40 years old, 292 (98%, 14 missing) of them were male, 283 (93%, 9 missing) of 
them were white, 235 (77%, 6 missing) of them were parent, 298 (99%, 12 missing) of them were full time employed, 
198 (65%, 6 missing) of them were certificated at EMT-Paramedic level. We believe that the participants in our sample 
videos represent the participants of the broader study. 

Future research includes designing participatory or non-participatory field studies to confirm these findings, gain more 
insights on the reasons of the identified patient safety and efficiency issues and the development and evaluation of 
decision support tools for EMS in light of these findings.  

Conclusion 

The unique contribution that this study makes to informatics research is two-fold. First, we demonstrated the efficacy 
of simulation to identify performance deficiencies in situations that are impractical to observe in the field. Second, we 
revealed design considerations for decision support of EMS teams for the care of pediatric emergencies. We then 
summarized our design recommendations in a four-item guideline (1. Applying User-Centered Approaches; 2. 
Workflow considerations; 3. Context sensitive systems; 4. Complementing technology interventions with needed 
policies and trainings). In studying EMS, a challenging health care delivery setting, our findings can be extended to 
benefit similar health care teamwork scenarios in which the team members are not fully familiar with each other, 
decisions need to be made in quick succession and resources are limited.  
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Abstract Continuous patient monitoring is essential to achieve an effective and optimal patient treatment in the
intensive care unit. In the specific case of epilepsy it is the only way to achieve a correct diagnosis and a subsequent
optimal medication plan if possible. In addition to automatic vital sign monitoring, epilepsy patients need manual
monitoring by trained personnel, a task that is very difficult to be performed continuously for each patient. Moreover,
epileptic manifestations are highly personalized even within the same type of epilepsy. In this work we assess two
machine learning methods, dictionary learning and an autoencoder based on long short-term memory (LSTM) cells,
on the task of personalized epileptic event detection in videos, with a set of features that were specifically developed
with an emphasis on high motion sensitivity. According to the strengths of each method we have selected different types
of epilepsy, one with convulsive behaviour and one with very subtle motion. The results on five clinical patients show
a highly promising ability of both methods to detect the epileptic events as anomalies deviating from the stable/normal
patient status.

Introduction

Epilepsy is one of the most common disorders of the brain with a global number of 45.9 million patients with all-
active epilepsy (both idiopathic and secondary epilepsy) and an age-standardised prevalence of 6.2 per 1000 popu-
lation1. Manifestations of epilepsy are epileptic seizures, recurrent paroxysmal events characterised by stereotypical
behavioural alterations reflecting the neural mechanisms involved in the epileptic process2. Diagnosis of this disorder
is a challenging task, which relies on the experience of the attending physician in assessing both the Electroencephalo-
gram and the clinical image during and in-between seizures. Misdiagnosis of epilepsy reaches a rate of 30%3 and
has tremendous consequences on the quality of life of the wrongly diagnosed patient, experiencing side effects of
medication, unnecessary driving restrictions and serious employment problems4. Moreover, the semiology of epilep-
tic seizures differs from patient to patient, even within the same type of epilepsy. As a result, the motion patterns
associated to an epileptic manifestation are very specific to each individual and creating a generalized model that fits
all epilepsies is highly challenging. A personalized approach in assessing epilepsy is a promising solution towards
effective automated patient monitoring. In this work we assess two machine learning methods, dictionary learning
(well established) and an LSTM autoencoder (SoA), to automatically detect epileptic events in a personalized manner.
We perform this on clinical video recordings of patients in two different settings, during long-term video-EEG mon-
itoring in a specialized epilepsy centre and during clinical monitoring in the neuro-intensive care unit of a university
hospital. Continuous patient monitoring in both cases is essential to detect signs of state deterioration or imminent
complications. We focus on automatic video monitoring to bridge the gap between continuous automatic vital sign
monitoring and manual, costly, monitoring from specially trained and highly experienced personnel.

Realted Work

A systematic review of methods in vision-based analysis of epileptic seizures differentiates between marker-based and
marker-free techniques5. Marker-based systems require visibly distinctive markers (e.g. IR reflective patches) to be
physically attached to the human body. These markers are then tracked with simple image segmentation techniques.
Marker-free methods, initially used techniques such as optical-flow and frame differencing6 for feature extraction
and support vector machines or “shallow” artificial neuronal networks for detection and classification. Marker-based
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systems are usually more precise in capturing human motion but require a costly and space demanding laboratory
setup. Therefore, much attention has been currently set on developing marker-free systems that benefit from the
latest advances in image capturing technologies and machine learning, offering much more flexibility considering
the video acquisition setup and detection capabilities. A 3D video-EEG analysis system based on color and depth
cameras (RGB-D) was recently developed for the quantification of motion in epileptic seizures. A correlation of
84.2% to a marker-based approach was found and this solution has been integrated into an epileptic monitoring unit,
allowing for 24/7 patient monitoring7. Motion quantification is performed with optical flow and further enhanced with
the information form the depth image. Furthermore, deep learning methods have been employed in facial expression
analysis of 2D videos of patients with mesial temporal lobe epilepsy (MTLE) by comparing traditional facial landmark
features with features derived from a pre-trained convolutional neuronal network (CNN) in combination with a long
short-term memory (LSTM) network8. This CNN/LSTM approach was further expanded with a CNN human pose
estimator within a fusion strategy to differentiate between patients with MTLE and patients with extratemporal lobe
epilepsy (ETLE)9. Finally, hand detection was introduced, resulting in a hierarchical multimodal system that to detect
and quantify semiologic signs of MTLE and ETLE10.

Methods

The main idea behind this work is to treat epileptic seizure detection as a personalized data anomaly detection problem.
This is performed by evaluating the reconstruction error of a model that is trained to reconstruct input data that is known
to belong to the normal/stable class only. The higher the reconstruction error of any new test instance, the further away
it is from the normal class. To effectively model the known data we use two different techniques for two different
types of epilepsies.

a) For seizures with distinct convolutional manifestations we employ dictionary learning, a method that is commonly
used in anomaly detection tasks11, 12 and is very efficient in encoding the most important aspects of data without the
need of heavy computational power. The motion patterns in this group cover large distances (10–30 cm) and are
repetitive. This can be effectively modeled by this approach with relatively few training data since differences in the
input data will be high.

b) For the subtle clinical manifestation of status epilepticus we use a much more powerful but also computationally
intensive method, an autoencoder based on LSTM units. Deep autoencoders such as this have been used e.g. in
computer network intruder detection13, a common anomaly detection task. Motion distances in this type of epilepsy
are very small and smooth, therefore data over several minutes of time is needed for a model to be able to learn
the difference. LSTMs have been selected for this work because they are able to learn long-term dependencies by
connecting previous information with the current one, as a result of their chain like architecture14. They have also
been successfully used for action recognition15, 16, speech recognition17 and language translation18, 19.

For both approaches we first extract meaningful features from the video. This step serves first for data anonymization,
and second, for providing a more compact and descriptive representation of the important information in the video to
the machine learning models. An example of the video recording scene for both cases is given in Figures 1 and 2. This
study has been approved by the ethical committee of the University Hospital Zurich under Basec-Nr. 2017-01177.

Feature Extraction and Data Encoding

The most important feature of epileptic seizures is related to body motion. Therefore, we chose to use a method that is
very sensitive to motion. It is based on a modified implementation of the well known space-time interest points (STIPs)
introduced in 2003 by Laptev and Lindberg20, which have been widely used in human activity recognition21. In order
to achieve motion sensitivity, only the temporal dimension of STIPs is taken into account in our work, while the two
spatial dimensions are removed from the calculation. We call these points “time interest points” (TIPs) because they
are located at points where the pixel intensities change in time. For more details on the original STIPs please refer to
Laptev et al.20, 22.

The detection of the TIPs is performed as follows. First the scale-space representation is applied only on the temporal
domain by convolution of the input sequence f with a Gaussian kernel g with temporal variance τ2l as shown in (1).
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Figure 1: Example video recording scene of patient P01,
diagnosed with temporal lobe epilepsy, with focal and
secondary generalizing tonic-clonic seizures, as recorded
at the Swiss Epilepsy Center.

Figure 2: Example video recording scene of patient P04,
diagnosed with status epilepticus, as recorded at the Neu-
rocritical Care Unit, University Hospital Zurich.

L(x, y, t; τ2l ) = g(t; τ2l ) ∗ f(x, y, t) . (1)

Only the temporal component is kept from the spatio-temporal second-moment matrix, which is averaged using a
Gaussian weighting function shown in (2). In (2) τ2i can be seen as a local scale according to τ2i = sτ2l and L2

t is the
second order partial derivative of L as defined in (3).

µ = g(t; τ2i ) ∗ L2
t (2)

L2
t (x, y, t; τ

2
l ) = ∂2tL (3)

Finally, time-interest points are detected by searching for local maxima inL2
t . In contrast to Laptev22 it is not necessary

to compute the Harris matrix. The local maxima are being found within 3 consecutive frames and thresholded (lth >=
0.001) to return the position of the time-interest points.

To describe the image content at each TIP, the histogram-of-oriented-gradients (HOG) descriptors are used. Each local
point is described by 9 HOGs taken from a 3×3 square grid of patches with a predefined size. The number of TIPs
found in one frame can vary a lot. This requires the encoding of the “TIP-HOG” descriptors from each frame into a
feature vector of fixed size. Therefore, the descriptors are encoded using histogram encoding. A maximum number
of 1 million randomly sampled descriptors from each subject is clustered into 1000 clusters using k-Means clustering.
All TIP-HOG descriptors from each frame are then hard encoded into a 1000-bin histogram.

More recently, dense trajectories have been shown to outperform STIPs in activity recognition23. In this work we
chose to use STIPs as a basis for the motion features because they allowed an easy conversion for extracting temporal
information only. Moreover, while trying to set weight on the machine learning aspect, we wanted to use more general
features instead of features engineered for a specific task. Finally, some issues related to trajectory drift have been
reported23.
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In order to make sure that the TIP-HOG features perform well on their own, we compared them to the well established
STIP-HOG features using the KTH dataset24 in the same manner as described by Wang et al.21. The KTH dataset
is one of the first and most often used benchmark video datasets for activity recognition. It was split according to
the original experimental setup24. The average accuracy using STIP-HOG descriptors reported by Wang et al. was
80.9%21. The authors used 4-bin HOG descriptors extracted from a 3D grid of 3 × 3 × 2 cubes, multiple spatial and
temporal dimensions and 4000 clusters for histogram encoding. Our experiments with TIP-HOG features achieved
a higher average accuracy, namely 85.8%, with only one temporal dimension, a 2D 3 × 3 patch grid and 1000-bin
histogram encoding. As in the work of Wang et al.21 we also used an SVM classifier with a χ2 kernel.

Dictionary Learning on Convulsive Epileptic Seizures

In dictionary learning we aim to learn an overcomplete basis D ∈ Rd×K , called a dictionary, made of K atoms being
column vectors of length d. The dictionary D is learned to represent accurately a set of features Y using a linear
combination X of its atoms, where only few coefficients are non-zero. The problem can be formulated as:

{D,X} = min
∥∥Y −DX∥∥2

F
s.t. ∀i,

∥∥xi∥∥0 ≤ s (4)

where
∥∥·∥∥

F
is the Frobenius norm (or L2,2 norm) of a matrix, and s the maximum number of non-zero coefficients

in xi. The dictionary D allows representing each feature vector yi using a sparse combination of its atoms dk (k =
1, . . . ,K) and xi the vector of sparse coefficients, multiplying the dictionary atoms. The overcompleteness of such
dictionary (K >> d) has shown to provide efficient sparse coding specific to the patterns of the features.

Dictionary learning can be used for anomaly detection if a dictionary is trained only on the data of the normal state,
which the dictionary represents very specifically. During testing it will be able to reconstruct a normal state without
any error but the reconstruction error of an anomaly will be high.

Herein we analyzed video data from two patients (P01 and P02) at the Swiss Epilepsy Center, Zurich. One patient
diagnosed with temporal lobe epilepsy, with focal and secondary generalizing tonic-clonic seizures, and one with
partially focal (right arm), sometimes secondary generalizing to tonic-clonic patterns. Both patients were diagnosed
during long-term video-EEG recordings. An individual dictionary was trained for each patient using the period prior
and after one epileptic event (approx. 3 minutes). The dictionary was trained using the code available from Rubinstein
et al.25 who implemented one of the most popular methods for dictionary learning, the K-SVD algorithm, in an
efficient manner. As inputs, we used the encoded TIP-HOG features mentioned above. One sample represents a
window of 2 seconds. Due to the low amount of data for P01 (only one epileptic event in the available video) we used
2/3 of the normal period for training and 1/3 for testing. For P02 we could use 80% for training and 20% for testing.
From the abnormal period 100% was used for testing for all patients. All instances were randomly shuffled before
being split.

Figures 3 and 4 show how the model reacts in terms of its reconstruction error during testing of the normal status
that has been used for training (TRAIN), during testing of the “unseen” normal status (TEST) and testing of “unseen”
epileptic event (EVENT). The high reconstruction error (rLSE) on the latter indicates an epileptic event in the video.
It is evident that a simple threshold (grey horizontal line) on the reconstruction error can distinguish between a seizure
and normal patient status.

LSTM Autoencoder on Subtle Manifestations of Status Epilepticus

An autoencoder is a deep neural network architecture that is trained such that the predicted output is the same as the
input (unity function). It consists of an encoder network and a decoder network (Figure 5). The encoder is trained to
produce an internal representation of the input in a much lower dimensionality than the original data. Based on this
“latent representation”, the decoder is trained to produce its output.

The model used in this work is closely described by Srivastava et al.26 and uses Recurrent Neural Networks (RNNs)
made of LSTM units for both the encoder and decoder (Figure 6). The input to the model is a sequence of feature
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Figure 3: Patient P01, diagnosed with temporal lobe
epilepsy with focal and secondary generalizing tonic-
clonic seizures; Dictionary learning reconstruction error
of normal patient status that has been used for training
(TRAIN), of the “unseen” normal status (TEST) and of
“unseen” epileptic event (EVENT).

Figure 4: Patient P02, diagnosed with partially focal
(right arm), sometimes secondary generalizing to tonic-
clonic patterns; Dictionary learning reconstruction error
of normal patient status that has been used for training
(TRAIN), of the “unseen” normal status (TEST) and of
“unseen” epileptic event (EVENT).

Figure 5: Schematic representation of the autoencoder. Figure 6: The LSTM autoencoder employed in this
study. Image taken from Srivastava et al.26

vectors (TIP-HOG features), which the LSTM encoder reads in. After the last input has been read, the LSTM decoder
takes over and outputs a prediction for the target sequence. The target sequence is equal to the input sequence, but in
reverse order. Reversing the target sequence makes the optimization easier because the model can initiate the learning
process by looking at low range correlations.

The autoencoder was trained individually on three status epilepticus patients (P03, P04 and P05) recorded at the
Neurocritical Care Unit, University Hospital Zurich. Status epilepticus is a condition resulting either from the failure
of the mechanisms responsible for seizure termination or from the initiation of mechanisms, which lead to abnormally,
prolonged seizures. It is a condition, which can have long-term consequences, including neuronal death, neuronal
injury, and alteration of neuronal networks, depending on the type and duration of seizures27.

The annotation was performed based on EEG and video recordings. We selected the periods corresponding to the
label ”status broken” as normal, these are the periods without abnormal, excessive neuronal activity. This also in-
cludes sedation patterns. Periods corresponding to labels ”status epilepticus” and ”epileptic seizure” were selected as
abnormal. The video was encoded using TIP-HOG features as in the dictionary learning approach. For all patients
80% of the normal period was used for training and 20% was used for testing. From the abnormal period 100% was
used for testing.
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Figures 7, 8, 9 show how the autoencoder performed on the three patients. The pink/red line represents the recon-
struction error for the abnormal state, while the blue/green one represents the reconstruction error for the normal state.
Figures 7, 8 for patients P03 and P04 present well the difference between the normal and the abnormal states. The
pink/red graph is clearly above the blue. It is important to notice that for patient P03 the duration of the normal state
was excessively longer than the abnormal, while for patient P04 the opposite holds. Considering patient P05 (Fig-
ure 9, we do not observe a visible difference. In this case the patient suffered from non-convulsive status epilepticus
and didn’t exhibit visible movement patterns during an epileptic seizure.

Figure 7: Patient P03, diagnosed with status epilepticus; LSTM autoencoder reconstruction error (moving average)
of normal (blue) and abnormal states (red).

Figure 8: Patient P04, diagnosed with status epilepticus; LSTM autoencoder reconstruction error (moving average)
of normal (blue) and abnormal states (pink).

Conclusion

In this work we have presented the application of two different machine learning methods on personalized epileptic
event detection in videos. Each method has been applied on a different type of epilepsy according to its suitability.
The results on five clinical patients show a highly promising ability of both methods to detect the epileptic events as
an anomaly deviating from the stable/normal patient status. In one case this was not possible, a case of nonconvulsive
status epilepticus, where almost no motion was visible in the video. This behavior is expected since the input features
were designed with motion sensitivity in mind.

The strengths of dictionary learning lie within its low computational requirements for being trained (less than an hour
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Figure 9: Patient P05, diagnosed with nonconvulsive status epilepticus; LSTM autoencoder reconstruction error
(moving average) of normal (green) and abnormal states (red).

on a CPU), especially if the features used are describing the variability in the data well. Since it does not need much
data to be trained it is suitable for short-term patient monitoring scenarios.

The strengths of the LSTM autoencoder are shown in its ability to process and learn more sublte epileptic manifesta-
tions on the cost of higher computational (multiple hours on a GPU) and data requirements to be trained. Being in the
domain of deep learning it offers to be combined with e.g. a CNN for the extraction of features related to appearance
that will help in nonconvulsive cases, a research area, which still remains open.

Both methods support online learning, this means that the more data of the stable state is becoming available while a
patient is being monitored the more sensitive the model becomes against anomalies. In case an anomaly is detected
it can be further classified as an epileptic seizure or another critical event, e.g. a patient falling out of the bed, with a
much higher specificity. For both methods, annotation of the training data must be free of any abnormal event, since
this will introduce noise in the trained model. In this case dictionary learning shows an advantage by not needing
much data to be trained. This makes it easier and less time-consuming for the clinicians to annotate the video.

In the future we aim to perform the evaluation of the methods presented in this article on more patients and on longer
periods of video for each. This will help us to provide a more quantitative analysis of the detecting capabilities of both
methods.
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Abstract 

The DESIREE project has developed a platform offering several complementary therapeutic decision support 

systems (DSSs) to improve care quality for breast cancer patients. A first assessment of the system was carried out 

in close-to-real tumor boards (TBs). Fourteen TB sessions were organized corresponding to a total of 125 

exploitable decisions previously made without the system and re-played with the system after a washout period in 

three pilot sites. Results show an overestimation of declared compliance with guidelines when not using the system 

as compared to measured compliance with the recommendations issued from the guideline-based DSS of DESIREE. 

After using the system, measured compliance rate of decisions with guidelines was significantly improved from 

74.4% to 89.6%. Most of the changes in decisions when using the guideline-based DSS were associated with non-

compliant decisions that became compliant. Qualitative analysis and interviews showed that despite maturity issues, 

clinicians found DESIREE DSSs innovative and promising. 

1. Introduction 

Breast cancer is one of the most common types of cancer in European countries and the second leading cause of 

cancer death. In the US, an estimated 268,600 new cases of invasive breast cancer will be diagnosed among women 

in 2019, with 41,760 women expected to die from this disease.1 If mortality rates are globally currently declining 

due to both improvements in treatment and earlier detection, not all women benefit equally from these advances and 

disparity are observed likely to reflect a combination of factors that are difficult to parse, including unfavorable 

tumor characteristics (especially triple negative tumors), obesity, and poor access to high-quality prevention, early 

detection, and treatment. A breast cancer diagnosis impacts upon the health, lifestyle, work, and family life of 

affected individuals.2 It carries with it not only a risk of severe morbidity and mortality, but side-effects of 

treatments that may leave physical and psycho-social complications beyond treatment completion.  

Managing breast cancer patients is a complex task that requires collaboration among professionals with 

complementary skills who work together to share the latest evidence and pool their expertise in order to customize 

patient treatment plans. Consequently, over the last decades, numerous countries have recommended the 

implementation of multidisciplinary tumor boards (TBs) to gather clinical expertise involved in the management of 

cancer patients, thus improving the quality of therapeutic decisions.3 TBs are a fundamental part of a complex care 

pathway, during which clinical cases are discussed to collectively achieve a definite cancer staging and elaborate a 

shared patient-centered treatment and follow-up plan in compliance with best available evidence.4 
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Given the medical complexity of breast cancer and the limited clinician time, there is a need for accurate tools to 

support personalized decisions and improve patient prognosis, survival, and quality of life whilst also reducing 

associated healthcare costs.5 A major advance is to use Clinical Decision Support Systems (CDSSs) to assist and 

support TB physicians in clinical decision-making, thus improving the quality of decisions and overall patient care. 

CDSSs have proven to have potential benefits in clinical practice, specifically in oncology6 and for the management 

of breast cancer patients.7 CDSSs can potentially improve patient safety and care quality by promoting the 

application of patient-specific clinical pathways and guidelines,8,9 facilitating the use of up-to-date clinical evidence, 

essential for minimizing errors and maximizing patient satisfaction.10 

DESIREE is a European project funded under the H2020 program. The objective is to develop a web-based software 

ecosystem dedicated to the personalized, collaborative, and multidisciplinary management of primary breast cancer, 

from diagnosis, to therapy, and follow-up. The DESIREE platform offers several functionalities among which three 

decision support (DS) modules developed to enrich decision support proposed to TB clinicians.11 The first decision 

support module is based on the proposition of guideline-based recommendations from patient data (GL-DSS). Since 

clinical practice guidelines (CPGs) have flaws,12 e.g., they may be incomplete, ambiguous, and they do not take into 

account patient preferences or specific contra-indications, it happens that some non-guideline-compliant TB 

decisions are legitimate. Such decisions have a clinical value that should be capitalized as another source of 

knowledge, beyond CPGs. Thus, DESIREE offers a second decision support module based on the clinical 

experience gained from non-compliant TB decisions (EX-DSS).13 Finally, a third decision support module has been 

developed based on the implementation of a case-based (CB) reasoning process where the goal is to reuse past TB 

decisions made for patients similar to a new patient case (CB-DSS).14 After the development and the integration of 

the three DS modules in the whole DESIREE platform, and with the objective of collecting feedback from end users 

at a milestone of the project, a first assessment of the platform was carried out in close-to-real TBs in July 2019, 

taking into account the maturity level of each DS module. This paper presents the preliminary assessment of (i) TB 

decision compliance with CPGs when using and not using the GL-DSS, (ii) the perceived usefulness and benefits of 

the GL-DSS, EX-DSS and CB-DSS, and (iii) the user experience with the whole DESIREE platform. 

2. Description of the DS modules  

If the three DS modules differ in the knowledge resources they use and the reasoning process they implement, all are 

articulated around a common breast cancer knowledge model, formalized as an ontology including both the clinical 

information model used to describe patient data and guideline knowledge and the termino-ontological aspects of the 

domain to describe data semantics and allow for reasoning at different levels of abstraction.15  

2.1 Guideline-based decision support system: the GL-DSS 

The GL-DSS integrates three different CPGs that TB clinicians may choose as the resource for guideline-based 

decision support: the US NCCN (National Comprehensive Cancer Network) Breast Cancer guidelines (NCCN),16 

the French Paris Public Hospital breast cancer guidelines (APHP),17 and local breast cancer guidelines implemented 

by Onkologikoa (ONK), a Spanish oncology hospital, partner of the DESIREE consortium. Guidelines were 

formalized as decision rules. Using patient data recorded in the EHR, the GL-DSS yields patient-specific 

recommendations issued by the CPGs selected through the user interface (NCCN, APHP, or ONK). 

Recommendations are made of care procedures, e.g., surgeries, radiotherapies, chemo- and endocrine therapies, that 

may be grouped in ordered care plans. Once recommendations are returned and displayed, TB clinicians may either 

decide to comply with guidelines by selecting one of the GL-DSS propositions, or to not comply with guidelines by 

entering a different decision. In this later case, the reason why recommendations were not followed has to be given. 

Figure 1 provides an illustration of recommendations displayed in the user interface when the GL-DSS is launched 

on a clinical case with NCCN CPGs. In this example, several different concurrent therapeutic options are provided, 

i.e., two types of surgeries and multiple options of systemic neo-adjuvant therapies, with the recommendation 

evidence level (e.g. “2A”) and the recommendation expected conformance level (e.g. “SHOULD”, “MAY”). 

 

2.2 Experience-based decision support system: the EX-DSS 

The EX-DSS overcomes the limitations of pure guideline-based DSSs adding new experience-based and clinical 

outcome-adjusted rules that model the clinical know-how expressed in TB non-compliant decisions. The principle is 

to analyze patient data profiles for which TB decisions do not comply with guidelines along with the criteria that 

justified the non-compliance. In each case, taking into account these criteria allows for the generation of a new 

experience-based rule. This rule integrates the new knowledge coming from the patient case for whom the TB 

decision was not compliant, and the final decision made. Experience-based rules, generated from a given center 
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local practices and patients, are center-specific. The analysis does not compile patient data from different centers. 

The confidence value of the new rule is computed according to the clinical outcomes observed for the patients 

managed by this rule (e.g., with real-world patient-generated data during follow-up). Experience-based rules are 

stored aside guideline-based rules and are executed by the GL-DSS engine. EX-based recommendations are 

displayed with the same look as GL-DSS recommendations except they are tagged "EX" instead of “NCCN” or 

“ONK” or “APHP” to indicate their origin (Figure 2). 

 

 
Figure 1. Display of guideline-based recommended care plans in the DESIREE user interface. 

 

 

Figure 2. Display of experience-based recommended care plans in the DESIREE user interface. 

 

2.3 Case-based decision support system: the CB-DSS 

The CB-DSS uses previously solved cases stored in the patient cases database to provide a solution to a new query 

case discussed by TB clinicians. Using various similarity functions, the similarity analyzer compares the query case 

with previous patient cases, As for EX-DSS, case-based reasoning only operates on patients from the same center. 

Finally, the retrieval algorithm retrieves the most similar patient cases. The retrieved patient cases are then 

graphically visualized in the user interface using the rainbow boxes visualization technique18 as displayed in Figure 

3. The left part of the visualization shows a Multi-Dimensional Scaling scatter plot. The central white circle 

represents the query case and the other small colored shapes represent the similar cases. Colors indicate the type of 

treatment prescribed to the similar cases: red for surgery, yellow for endocrine therapy, green for chemotherapy, etc. 

The distance between two points corresponds to the similarity between the two clinical cases. The right part of the 

visualization qualitatively compares the two main treatment options provided for the 10 more similar cases (k-

nearest neighbors algorithm with k=10), i.e., surgery and endocrine therapy. Each case is represented by a column 
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and columns are grouped by treatment type. The two more probable treatments are displayed with the query case in 

the middle. Column widths are proportional to the level of similarity with the query. Colored boxes below column 

headers represent the characteristics shared by patient cases. Each box covers the columns corresponding to the 

patients sharing a given characteristic: e.g. patients #1456, #1576, and #1254 have all a “Biggest metastatic focus 

size between 32 and 38 mm”. Boxes are colored to follow the mean value of the colors associated with the columns 

they cover (weighted by column width), except when characteristics do not cover the query patient, boxes are in 

grey. In the example displayed in Figure 3, most characteristics of the query patient (i.e. the colored boxes) are 

associated with red or reddish colors. Therefore, red is predominant in the query case column, and surgery seems to 

be the most appropriate type of treatment.  

 

Figure 3. Rainbow boxes visualizing the cases similar to the query case as issued by the CB-DSS.  

 

3. Material and methods  

The evaluation of the DESIREE platform was based on the evaluation of the three DS modules by three clinical 

partners of the project: Onkologikoa (ONK, a cancer center located in San Sebastian, Spain), ERESA (ERE, 

delivering breast cancer imaging, and radiotherapy in Valencia, Spain), and Assistance Publique – Hôpitaux de Paris 

(APHP, the first cancer care institution in Paris, France, with the Georges Pompidou European Hospital, GPEH as 

the pilot site). Most centers had a weekly TB (two per week for ONK) with about 15 patient cases discussed. During 

TBs, ERE and ONK were already using an EHR but without decision support, whereas GPEH used a paper-based 

form printed from the EHR.  

The evaluation protocol proceeded in three different steps: (i) selection of past TB clinical cases, anonymization and 

recording of the clinical cases in the DESIREE platform, collection of the decisions made without DESIREE and 

denoted Dwithout, (ii) organization of close-to-real (simulated) new TBs to re-discuss the same clinical cases but with 

the support of DESIREE, the decision previously made being hidden, and recording of the new decisions made with 

DESIREE and denoted Dwith, and (iii) a final debriefing including User Experience Questionnaire (UEQ)19 scoring 

and clinician interviews to gather their opinion on the perceived usefulness of each component.  

The three DS modules have been evaluated according to their maturity level at the time of the evaluation. The GL-

DSS was fully operational. Thus, the evaluation of the GL-DSS was centered on the assessment of TB decision 

compliance rate with CPGs when not using and when using the GL-DSS, and the quality of these decisions. Since, 

the EX-DSS was still in development for the integration of EX-based rules, the clinical validation of the generated 

rules could not be performed, and the evaluation was focused on the a priori acceptability of the EX-DSS. In the 

same way, the CB-DSS module was in progress for the similarity analysis, and the evaluation aimed at gathering a 

first feedback on the display of the scatter plot and rainbow boxes to assess whether this visualization was 

understood and accepted by clinicians and what was the perceived usefulness of the CB-DSS. 

3.1. Selection and recording of retrospective clinical cases 

All pilot sites selected a sample of retrospective clinical cases previously discussed in real TBs, i.e., without any 

decision support, and for which TB decisions (Dwithout) were made. Selected clinical cases were representative of the 

cases usually discussed in TBs in each pilot site to cover the different stages of breast cancer and the different 

clinical pathways and management scenarios of breast cancer patients (e.g., patients after diagnosis but treatment not 

yet initiated, patients after neo-adjuvant therapy, patients after surgery, etc.). Clinical cases were then entered in the 

EHR embedded within the DESIREE platform as if they were “new” cases, i.e., the actual decision already made 
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was not entered. Cases with bilateral tumors and mixed multifocal tumors (with different pathological types) were 

excluded because they were not properly handled by the platform at the time of the evaluation. Additionally, for 

each selected case, clinicians were asked whether the decision they made was compliant with their practices / CPGs. 

3.2. Organization of close-to-real TBs 

For evaluation purposes, close-to-real TBs were organized by the three pilot sites with the support of the DESIREE 

platform. Like regular TB meetings, they involved at least the three mandatory clinical specialties for breast cancer 

decisions (a radiotherapist, a medical oncologist, and a surgeon), but unlike regular TBs, they did not run under time 

pressure. Each pilot site worked on its own selection of clinical cases.  

Prior to the beginning of the evaluation, a short user training video was presented to TB clinicians to describe (i) the 

main functionalities of the whole DESIREE platform, with a focus on (ii) how to register a patient to be discussed in 

TB, (iii) how data describing clinical cases is organized in user interfaces, and (iv) how both the GL-DSS and the 

EX-DSS should be used. A short description of the display of the information proposed by the CB-DSS (i.e. rainbow 

boxes and scatter plots) was also provided to the clinicians.  

Then, in each close-to-real TB, the following steps were followed for all discussed clinical cases:  

1. Read the patient clinical case on the DESIREE platform EHR. 

2. Select the guidelines to be used by the GL-DSS (a priori APHP guidelines for GPEH, ONK guidelines for 

ONK, and NCCN guidelines for ERE but they could consult other CPGs when wished), run the GL-DSS, 

and take note of the recommendations provided. 

3. For some of the clinical cases, once the decision was made by TB clinicians but before entering it into the 

system, clinicians were asked to look at the CB-DSS display. They had to comment about scatter plots and 

rainbow boxes used as the proposed visualization of the CB-DSS output.  

4. Enter final decision (Dwith), either selected among the guideline-based recommendations, or as a TB-

specific choice, i.e., a decision considered non-compliant with the selected guidelines. 

5. Assessment of the perceived usefulness and potential barriers and facilitators for using the 

recommendations issued from the EX-DSS on the basis of fake screenshots issued for six clinical cases 

from ONK retrospective cases (Figure 2). 

3.3. Interviews of TB clinicians after using the DESIREE platform 

At the end of all close-to-real TB sessions, TB clinicians were asked to fill out the User Experience Questionnaire 

(UEQ).19 The UEQ is a 26-item questionnaire containing six scales to cover a comprehensive impression of user 

experience: (i) Attractiveness: Overall impression of the system, do TBs clinicians like or dislike the system?, (ii) 

Perspicuity: Is it easy to get familiar with the system? Is it easy to learn how to use the system?, (iii) Efficiency: Can 

clinicians perform their tasks without unnecessary effort?, (iv) Dependability: Do clinicians feel in control with 

interaction modalities? Is it secure and predictable?, (v) Stimulation: Is it “exciting” and motivating to use the 

system?, and (vi) Novelty: Is the system innovative and creative? Does the system catch the interest of clinicians?  

In addition, clinicians were also asked to answer a DS-specific questionnaire for each DS module:  

– What do you think about the overall clinical added value of the module? 

– What did you especially appreciate? Why?  

– What did you especially dislike? Why?  

– What could be the barriers for using the module in the future during TBs?  

– What could be the facilitators for using the module in the future during TBs?  

3.4. Data collection and analysis 

Quantitative analyses aimed at assessing the compliance of TB decisions with guidelines, often considered as a care 

quality indicator to be improved. Management of breast cancer patients may be expressed either as atomic care 

procedures or as care plans made of an ordered sequence of atomic care procedures. Examples of atomic procedures 

are lumpectomy, axillary lymph node dissection, paclitaxel x 12, epirubicin x 6, trastuzumab therapy, chest wall 

irradiation, accelerated partial breast irradiation, tamoxifen, etc. In some situations, care procedures may be 

expressed at a higher level of abstraction, e.g., taxanes, radiation therapy (RT), chemo+RT, or endocrine therapy. 

This was specially the case for decisions made without DESIREE. When comparing two care plans, we have 

distinguished three categories:  
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- Care plans are compliant when both care plans are made of exactly the same therapeutic procedures in the 

same order, e.g. “lumpectomy + whole breast radiation”. 

- Care plans are potentially compliant when at least one element of a care plan is an acceptable abstraction of 

one or several elements of the other care plan, e.g., “Endocrine therapy” and “Tamoxifen for 5 years”, 

“chemotherapy” and “doxorubicin x 6, cyclophosphamide x 6, docetaxel x 6”. 

- Care plans are non-compliant when both care plans are different, i.e., they are neither compliant nor 

potentially compliant, e.g., “mastectomy + SLNB” vs “epirubicine x 4, cyclophosphamide x 4, 

paclitaxel x 12”, or “lumpectomy + SLNB” vs “lumpectomy + ALND”. 

 

These categories were used to compare TB decisions and the GL-DSS recommendations to assess the compliance of 

TB decisions with CPGs, and to compare two TB decisions, i.e., between Dwithout and Dwith decisions, to detect a 

decision change. We recorded: (i) the self-declared compliance with the site guidelines of TB decisions made 

without the system (Dwithout), (ii) the measured compliance with the GL-DSS propositions of decisions made without 

the system (Dwithout), (iii) the measured compliance with the GL-DSS propositions of decisions made with the GL-

DSS (Dwith). We compared Dwithout and Dwith decisions and studied the changes between paired decisions to assess 

how these changes were related to compliance modifications.  

Besides, interviews were performed and questionnaires were distributed. All interactions of TB clinicians with the 

DS modules during each close-to-real TB were recorded using FlashBack® software, e.g., comments on the system, 

time spent on each clinical case, and potential usability problems when using the system. In the special case of both 

EX-DSS and CB-DSS, comments on the proposed displays were collected. 

4. Results  

4.1. Characteristics of retrospective clinical cases and evaluation settings 

A total of 136 retrospective clinical cases from past actual TBs involving 110 different patients were selected by the 

three pilot sites. Within each pilot site, clinical cases were selected to be representative of usual clinical cases 

discussed in TBs. As regards to histological types, there were 79% of invasive ductal breast cancers, 14% of 

invasive lobular breast cancers, and 7% of in situ tumors. The clinical stages ranged from stage 0 to stage IIIC 

corresponding to early breast cancer patients (non-advanced breast cancers). Clinical cases were different from one 

clinical site to the other, but distributions were comparable between the different clinical sites. Most of the different 

clinical pathways of breast cancer management were represented in GPEH and ONK clinical cases.  

A total of 14 close-to-real TBs were organized, six by ONK, five by GPEH, and three by ERE. Each close-to-real 

TB included three clinicians to represent the required specialties. Eleven cases were not considered in the analysis 

(technical problems with the platform, usability issues, etc.) leading a total of 125 fully exploitable clinical cases.  

 

4.2. Declared compliance with guidelines without the GL-DSS 

While collecting the cases retrospectively, clinicians were asked to declare the guideline-compliance of the decisions 

they made during TBs. On the 125 decisions, three were declared as non-compliant, leading to a declared 

compliance rate of 97.6%. Table 1 includes the distribution by site of clinician-declared compliance of Dwithout 

decisions for the 125 cases. 

4.3. Measured compliance with guidelines without the GL-DSS 

Measured compliance without using the GL-DSS was assessed by comparing Dwithout decisions with the 

recommendations issued by the GL-DSS when TB clinicians selected the CPGs used in their site in close-to-real 

TBs. We observed a global compliance rate at 74.4%, gathering compliant and potentially compliant decisions 

(Table 1), a compliance rate significantly lower than the declared compliance of 97.6% (p<105, using McNemar’s 

test for paired data). Agreement between declared and measured compliance reached 73.6% (92 compliant cases and 

one non-compliant case). In 31 cases (24.8%), TB clinicians declared their decision was compliant but it was not 

measured as such. For two cases, they declared their decisions were not compliant while they were measured 

compliant.  

4.4. Measured compliance with guidelines with the GL-DSS 

Measured compliance rate with the GL-DSS was assessed by comparing Dwith decisions with the recommendations 

issued by the GL-DSS. The global compliance rate reached 89.6% (Table 1). We compared this number with the 

measured compliance rate of 74.4% obtained for Dwithout decisions. These measures were significantly different 
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(p<103, McNemar’s test for paired data). Among the 77 compliant Dwithout decisions, only one Dwith was changed to a 

non-compliant decision. Among the 16 potentially compliant Dwithout decisions, 12 Dwith decisions became compliant 

while four became non compliant. As for the 32 non-compliant Dwithout decisions, three quarters (24) had a compliant 

Dwith decision while eight remained non-compliant. 

 

Table 1. Declared and measured compliance rates of Dwithout decisions, along with the measured compliance rate of 

Dwith decisions by pilot site (C = compliant, PC = potentially compliant, NC = non compliant). 

  Without GL-DSS With GL-DSS 

  Declared compliance Measured compliance Measured compliance 

Site # cases C NC Rate C PC NC Rate C NC Rate 

ERE 15 15  100.0% 14  1 93.3% 15  100.0% 

 GPEH  31 31  100.0% 11 14 6 80.6% 24 7 77.4% 

ONK 79 76 3 96.2% 52 2 25 68.4% 73 6 92.4% 

Total 125 122 3 97.6% 77 16 32 74.4% 112 13 89.6% 

 

4.5. Comparison of paired decisions without and with the use of the GL-DSS  

For each of the 125 cases, Dwithout, and Dwith decisions were compared. Seventy-six cases (60.8%) had similar 

decisions, meaning there was no change. Fifteen cases (12.0%) had potentially similar decisions. In these cases, 

Dwithout decisions were not entered in a structured way but specified as free text, describing treatments at different 

levels of abstraction, like the type of therapy (e.g., radiotherapy, endocrine therapy…), the class of the drug (e.g., 

taxanes, antiHer2…), or the drug without specifying the regimens (e.g., paclitaxel). On the contrary, Dwith decisions 

were entered through DESIREE, thus following a structured and controlled entry, and leading to more detailed 

descriptions of care plans (for instance, Breast RT standard fractionation: 50 (Gy) / 50 fr, Boost radiation of the 

tumor bed: 16 (Gy) / 8 fr, Anastrozol). The remaining 34 cases (27.2%) were different, indicating a change of the 

TB decision. We analyzed how the changes from Dwithout decisions to Dwith decisions distributed over guideline 

compliance. Table 2 reports the distribution of compliant and non-compliant decisions, without and with DESIREE 

according to the changes between Dwithout, and Dwith decisions: 

− When both decisions were similar, there was no change in the compliance status of Dwithout, and Dwith 

decisions. 

− When both decisions were potentially similar, the change between Dwithout and Dwith decisions did not 

change the compliance status in 12 out of the 15 cases. In one case, a non-compliant Dwithout decision 

became a compliant Dwith, and in two cases, potentially compliant Dwithout decisions became non-compliant 

Dwith.  

− When both decisions were different, only eight cases on 34 had no change in their compliance status, seven 

remained compliant and one non-compliant. In 26 cases on 34, the change in decisions was associated with 

a change in compliance: 23 decisions initially non-compliant became compliant with DESIREE, and three 

compliant Dwithout decisions became non-compliant.  

 

Table 2. Distribution of cases according to the measured compliance for Dwithout and Dwith decisions depending on 

their similarity category. 

Similar decisions Potentially similar decisions Different decisions 

 Dwith  Dwith  Dwith  

Dwithout C NC Total C NC Total C NC Total 

C + PC 71  71 10 2 12 7 3 10 

NC  5 5 1 2 3 23 1 24 

Total 71 5 76 11 4 15 30 4 34 
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4.6. A priori acceptability of the EX-DSS  

All clinicians acknowledged the recommendations issued from previous non-compliant decisions were interesting 

and they found the EX-DSS promising because EX-based recommendations go beyond the limitations of existing 

guidelines. In all pilot sites, for the same four patient cases over the six proposed from ONK retrospective clinical 

cases, all clinicians found the EX-DSS recommendation was suitable to the patient characteristics. However, only 

two clinicians would have chosen the EX-DSS recommendation whereas all the other clinicians would have chosen 

a guideline-based recommendation: “we have to respect CPGs as much as possible and avoid deviations”, "[EX-

DSS recommendation] the source is unknown". Clinicians could have chosen to follow the EX-based 

recommendation if they had information about its level of confidence. 

4.7.  Assessment of rainbow boxes and scatter plots for the CB-DSS  

Out of the 125 decisions, twenty-four were reviewed with the CB-DSS after a first decision was made (nine ONK 

cases reviewed by ONK clinicians, nine GPEH cases reviewed by GPEH clinicians, and six ERE cases reviewed by 

ERE clinicians). Rainbow boxes and scatter plots were correctly interpreted by all the clinicians and for all cases. 

The predominance of color in the choice of the treatment, the size of boxes, and the link between the scatter plot and 

the rainbow boxes were considered as understandable. 

One of the characteristics of the display, however, has led to confusion: the grey boxes. They represent 

characteristics shared by similar patients, but not shared with the query case. Most doctors have been misled despite 

the grey color. They all thought that all the characteristics displayed were shared with the query case, whatever the 

color of the boxes. Once this had been re-explained, all clinicians emphasized the importance of the similarity 

metrics, because if patients do not share characteristics that are essential, then they should not be considered as 

similar. The non-shared characteristics may make the displayed patients different from the query case. For instance, 

“a stage IIB cancer cannot be compared to a stage IIA”, even if patient share a lot of other characteristics.  

4.8. Qualitative assessment of the DESIREE platform: user experience and debriefing  

Results show a very positive evaluation from the clinicians regarding the attractiveness, ease of learning 

(perspicuity), and control feeling (dependability), and a positive evaluation regarding the motivation to use the 

system (stimulation) and its novelty (values > 0.8, see Figure 4). The efficiency of the system was perceived as 

improvable, mainly due to some response times that were perceived to be too long.  

 

Figure 4. User Experience Questionnaire scales (mean values and variances). 

All along the close-to-real TB sessions, no significant usability issues were observed. Clinicians found the data they 

need; they understood the provided information. The mean time per patient was 3’12’’ (SD=1’45’’) with no 

significant difference between the first and the last close-to-real TBs evidencing the system was easy to learn. Some 

additional specific display features were especially liked, such as a timeline display and a dashboard with all 

patients’ clinical data of a given center. “The system is quite easy to use with a user-friendly interface”, “I 

appreciated the user-friendly interfaces, their intuitiveness, and the provided synthetic views of patient data”.  

The GL-DSS system caught the interest of clinicians who declared it would be a useful support for non-expert 

centers (3 clinicians), “very interesting tool for small hospitals without TBs”. The EX-DSS was perceived as a 

promising tool for expert centers for which it could be a real added value going beyond the limitations of existing 

guidelines (3 clinicians). The a priori acceptability was very good if the generated EX-based rules are correctly 

validated and the information about this validation is available to clinicians. The CB-DSS display was perceived as 
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interesting, and easy to understand once it has been explained. A point of caution was raised regarding the CB-DSS 

display relevance in case of non-shared characteristics between patients (four clinicians).  

As regards the potential barriers and facilitators for a future system, clinicians declared they were ready to use the 

GL-DSS in a daily practice (six clinicians): “when the system will be able to handle all the possible cases discussed 

during our TBs, it will be perfect for centers like ours that handle many cases, including complex cases”. The 

possibility to have access to different guidelines was especially appreciated (three clinicians). Clinicians insisted on 

the importance of (i) the DS interoperability with local EHR data, otherwise it would not be used (three clinicians) 

and (ii) the need to foresee the procedure and time to manage the continuous update of guidelines (three clinicians). 

Finally, four clinicians evoked an “excessively long time to get the recommendations” as a barrier.  

Discussion and Conclusion 

Among the provided functionalities, the DESIREE platform offers three decision support modalities to enrich 

decision support proposed to TB clinicians for the management of breast cancer patients. Taking into account the 

various maturity levels of each modality, the evaluation reported in this paper of the DS modules is preliminary. 

Results highlighted a positive effect of the GL-DSS on prescribing behavior and a great potential for enriched 

approaches for decision support (EX- and CB-DSSs).   

The quantitative analysis focused on guideline adherence of TB decisions. First, it highlighted a significant over-

estimation of self-declared compliance with guidelines of TB decisions made without any decision support (Dwithout) 

compared to their effective measured compliance obtained by comparing the same Dwithout decisions to 

recommendations issued by the GL-DSS (97.6% vs. 74.4%). This has been often reported in the literature. 

Considering decisions made with the support of the GL-DSS (Dwith) for the same set of clinical cases, it is observed 

that the measured guideline compliance was significantly increased and reached a rate of 89.6%  (vs. 74.4% without 

DSS). When decisions made with (Dwith) and without (Dwithout) the GL-DSS were different, three quarters of non-

compliant Dwithout decisions (24/32) became compliant with the use of the GL-DSS. Such an improvement suggests it 

could be an effect of the DSS, but this cannot be asserted because of the study protocol (limited sample size though 

three pilot sites, use by personnel involved in the DS development, no control group, no real TB conditions). 

The qualitative analysis showed that the system as a whole was perceived as user-friendly, easy to learn, and 

providing a real added value for TB clinicians. One the one hand, in its current state of development, the GL-DSS 

was found to be useful but for non-expert centers, with easily accessible information and adapted recommendations. 

On the other hand, considering the more complex cases that can be discussed in TBs (e.g., bilateral cancers, or 

multifocal tumors), the tool might also be easily used in real TBs and bring a real added value also for expert centers 

when complex clinical cases would be managed by the system. Moreover, as regards the display of similar cases 

(CB-DSS) and the provision of recommendations based on past experience (EX-DSS), clinicians considered it was 

innovative, promising, and a real potential gain for expert teams. If the next integration steps are properly validated 

with clinicians, these two modules are considered to be a real plus as compared to existing tools.  

This preliminary evaluation was conducted while the integration of the various components was still in progress. 

The study de facto presents certain limitations due to the poor maturity of some components. But the objective was 

to test the a priori acceptability of DS and its potential relevance during real TBs.  

Despite some usability issues to be corrected, the DESIREE platform offering three complementary DS modules 

was appreciated and considered as having a great potential. The evaluation allowed to validate the GL-DSS which 

relies on acknowledged CPG contents, and to point out the critical issues for further steps for the CB-DSS and the 

EX-DSS. Both approaches, relying on prior data, faced the issues reported with machine learning and AI. Their 

explainability must be sought and the contents they deliver must be monitored constantly, and revised when 

appropriate. More specifically, there is a need for the CB-DSS to work on the similarity measure to analyze the 

specific characteristics that make patients different when non-shared. There is also a need for the EX-DSS to think 

about how to display/explain to clinicians the information about the validation of the rules and provide for each rule 

information such as a confidence level as it is done with GL-DSS rules. The next steps will be to validate with 

clinicians the similarity algorithm for the CB-DSS and the new generated rules of the EX-DSS before moving 

forward to a larger study in real-life TBs to confirm the promising preliminary results of this study.  
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Abstract 

Brigham and Women’s Hospital (BWH) has received funding from the Centers for Medicare and Medicaid Services 
(CMS) to design and implement an electronic clinical quality measure (eCQM) assessing the rate of prolonged 
opioid prescribing practices following Total Hip Arthroplasty (THA) and Total Knee Arthroplasty (TKA). Utilizing 
an existing guideline, ‘prolonged prescribing’ has been defined as opioid prescriptions that exceed 42 days (6 
weeks) following surgery. This measure was tested on 12,803 Partners’ Healthcare (PHS) patients. Findings 
demonstrated that after 42 days, meeting the criteria for ‘prolonged prescribing’ as defined by the proposed 
measure, 3.7% of THA patients and 12.1% of TKA patients were still receiving opioids. With a better understanding 
of how specific clinician group post-operative prescribing practices compare with their peers and incorporating 
monetary incentives through the MIPS participation pathway of the Quality Payment Program (QPP), this measure 
will motivate orthopedic practices to improve their prescribing patterns, ultimately driving evidence-based quality 
improvement. 

Introduction 

The United States is in the midst of a profound opioid crisis. Since 1999, opioid prescribing has quadrupled, and 
opioid overdoses have increased six-fold1. On average, 130 Americans die every day due to an opioid overdose and 
an estimated 40% of those deaths involve a prescription opioid2. In response to the opioid epidemic, a public health 
emergency was declared in 2017 by the United States Department of Health and Human Services2. 

Developing opioid dependence is a concern for previously opioid naïve THA and TKA patients. A national database 
study examined 30,938 patients undergoing TKA and 13,744 patients undergoing THA who had not taken opioids in 
the 6 months prior to surgery. After one year, 10% of THA patients and 13% of TKA patients were still receiving 
opioids3. This demonstrates that a significant proportion of patients, previously naïve to opioids, developed 
dependence in part due to their Total Joint Arthroplasty (TJA).  

Orthopedic surgery is the third highest opioid-consuming specialty4, with THA and TKA resulting in large quantities 
of opioids prescribed post-operatively relative to other common orthopedic surgeries4. This is partially due to the 
fact that these are common, painful procedures, and that existing guidelines tend to be inconsistent regarding the 
recommended duration of opioid prescriptions to manage post-operative pain5,6. Therefore, surgeons are challenged 
with balancing the risk of under-treating pain or placing their patients at a greater risk of developing opioid 
dependence or opioid use disorder. As a result, post-operative prescriptions vary widely in both their duration and 
the total number of pills prescribed4, with the evidence suggesting that orthopedic surgeons tend to overprescribe 
opioids following surgery7,8,9,10. 

Both THA and TKA procedures are expected to see substantial increases in demand over the coming decade. If the 
number of primary TKAs performed continues to increase at the current rate, demand is expected to reach 
approximately 3.48 million procedures by 2030, up 673% since 200511. Demand for THA is estimated to grow by 
174%, reaching 572,000 procedures by 203011. The expected rapid increase in the frequency of these procedures, 
and the fact that surgeons tend to overprescribe opioids after surgery, highlights the need for continuous quality 
improvement in this field. 

Therefore, the objective of this research was to develop draft specifications for a new electronic clinical quality 
measure (eCQM) that will assess the percentage of patients that are prescribed opioids for a prolonged duration 
following elective primary THA or TKA. The proposed measure is a potential candidate for the Merit-based 
Incentive Payment System (MIPS). The MIPS pathway provides an opportunity for clinicians to receive 
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performance-based pay based on the quality of care provided to their patients. This manuscript summarizes the steps 
that were taken to specify, develop, and alpha test the measure.  

Methods  

Environmental scan 

Structured review of the published literature and clinical guidelines 

In collaboration with the Countway Harvard Librarian, the BWH research team conducted a literature review to 
inform the initial specifications and inclusion/exclusion criteria for this eCQM. A focus of the review was to 
understand how opioids are prescribed to various patient populations to determine which patients would be included 
in the measure. A number of searches related to the prolonged use of opioids following TJA were executed using 
PubMed, and the records were exported to Covidence, a systematic review management software12. Titles and 
abstracts were screened for relevance, and subsequently evaluated by full-text review by a single reviewer. Articles 
were considered relevant if they met the following inclusion criteria: 1) related to post-operative opioid prescribing 
practices, 2) focused on THA or TKA populations, and 3) were published in the last 5 years. Articles were excluded 
if: 1) the study went beyond the scope of the eCQM (e.g., child or youth populations), 2) the full text was not 
accessible, or 3) the paper was not published in English. Based on the articles that met the inclusion criteria, similar 
papers were located in PubMed using the “similar papers” filter until no new papers were returned.  

Review of the clinical guidelines 

A similar search was conducted to capture relevant clinical guidelines related to post-operative opioid prescribing 
practices. The guidelines were used to inform selection of an appropriate definition for ‘prolonged use’ of opioids 
following surgery. Guidelines were examined if they were published in the last 5 years and were intended to guide 
management of acute to chronic post-surgical pain. 

Review of related clinical quality measures 

Using the CMS Measure Inventory Tool (CMIT) and Quality Positioning System (QPS), existing measures as well 
as those currently under development relating to opioid prescribing practices or dispensation patterns were 
examined. Additionally, a member of our Technical Expert Panel (TEP) provided information about opioid 
prescribing measures being developed by the Pharmacy Quality Alliance (PQA). Measures were reviewed to 
determine if they were “related” or “competing.” National Quality Forum (NQF) defines related measures as having 
“either the same measure focus or the same target population,” and competing measures as having “both the same 
measure focus and the same target population”13. This was done to harmonize specifications where appropriate, and 
to ensure that the proposed eCQM was substantially different from other measures that currently exist or are under 
development. 

Key stakeholder engagement 

Patient, provider and payer interviews 

As part of the measure development process, BWH partnered with Massachusetts Health Quality Partners (MHQP) 
to engage key stakeholders using structured interviews to inform the design and development of the eCQM. In order 
to be eligible to participate in the interview, the following criteria had to be met for each type of stakeholder: 

• Patients: English-speaking adult patients who had THA and/or TKA at Brigham and Women’s Physicians 
Organization (BWH and Brigham and Women’s Faulkner Hospital) between January 1, 2017 and October 
9, 2019. The BWH research team identified patients meeting these criteria and shared only their names, 
mailing addresses, and phone numbers with MHQP. MHQP mailed invitation letters to these patients, and 
interested patients contacted MHQP’s Project Manager to participate. 

• Providers: Orthopedic clinicians including surgeons, physician assistants, nurse practitioners, physical 
therapists, occupational therapists, and medical assistants who practiced at a PHS hospital or affiliated 
practice were eligible to participate. Dr. David Bates, the study principal investigator, sent emails to 
eligible orthopedic providers. Interested clinicians contacted MHQP’s Project Manager to schedule an 
interview. 
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• Payers: Payers from Massachusetts health plans that cover orthopedic surgery were eligible to participate. 
MHQP contacted members of its Health Plan Council via email informing them about the project. Payers 
responded to MHQP’s Project Manager if they were interested in participating. 

 
Technical Expert Panel engagement 

Additional stakeholder input was provided during a TEP meeting held on January 15, 2020. BWH sought 
stakeholder feedback regarding the initial specifications, appropriateness of the inclusion/exclusion criteria, 
preliminary testing, and validation that the proposed eCQM was substantially different from the other measures that 
currently exist or are under development.  

Alpha testing 

Based on the environmental scan and stakeholder engagement, the eCQM specifications were established, and alpha 
testing was conducted using PHS data. Records for the target population of patients, aged 18 or older, undergoing an 
elective primary THA and/or TKA from January 1, 2016 to December 31, 2018 were extracted from the PHS 
Electronic Health Record (EHR) system, EPIC, using Clarity, EPIC’s database. Information documented in the EHR 
(e.g., health and medication history) was used to determine which patients were excluded from the measure 
denominator. The number of patients and reasons for exclusion were calculated (Table 3). 

Descriptive statistics were calculated to describe the type of surgery received, sociodemographic characteristics, and 
receipt of post-operative opioids by the patients that met the inclusion criteria. Prescribing data, including the type of 
opioid and the days’ supply of each post-operative opioid prescription, were extracted to calculate the duration of 
each patient’s post-operative opioid use. The duration of post-operative opioid use was calculated from the day of 
discharge to the end date of the last prescription given to the patient within the 90 days following surgery. The 
proportion of patients who were receiving opioid prescriptions was tracked for 90 days after surgical discharge. The 
percentage of patients who met the criteria for ‘prolonged prescribing’ was reported, stratified by type of surgery 
(i.e., THA or TKA). 

 

Results 

Environmental scan 

Structured review of the published literature and clinical guidelines 

The literature review returned 309 records, and 28 articles met the inclusion criteria. The literature was synthesized 
to inform the inclusion and exclusion criteria for the measure as well as to provide the BWH research team with an 
overview of post-operative opioid prescribing trends. A summary of the literature supporting the exclusion criteria is 
presented in Table 2. 

Review of the clinical guidelines 

After reviewing nine existing post-operative opioid prescribing guidelines from a variety of developers, the 
Washington State Agency Medical Directors’ Group (2018) guideline entitled: Interagency Guideline on 
Prescribing Opioids for Pain was selected to inform measure development. The guideline was developed in 
collaboration with a broad group of academic leaders, pain experts, and clinicians using an evidence-based 
approach. This guideline is current and has demonstrated reliability and effectiveness14. Release of the first edition 
(2007) and the second edition (2010) contributed to a 29% decrease in the rate of prescription opioid-related deaths 
between 2008 and 2013 in the state of Washington14. The guideline suggests prescribing opioids for ≤ 14 days (i.e., 2 
weeks) following THA or TKA for uncomplicated cases. However, in exceptional cases, where further prescriptions 
may be needed, it is recommended that opioid use be tapered off by 42 days (i.e., 6 weeks) following surgery14. An 
exploratory analysis was performed using both recommended thresholds (i.e., 14 days and 42 days) for prolonged 
prescibing to calculate the respective rates. These results were presented to the TEP for discussion and feedback. 
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Review of related clinical quality measures 

Scans of CMIT, QPS, and PQA showed there is one related measure under development, Potential Opioid Overuse, 
which examines the percentage of patients who receive opioid prescriptions for 90 days or longer with an average 
daily dosage exceeding 90 morphine milligram equivalents for management of chronic non-cancer pain. The eCQM 
proposed by BWH focuses on opioid-naïve patients (i.e., patients who were not prescribed any opioids in the 90 
days before surgery) undergoing an elective primary THA and/or TKA, with a focus on acute to chronic post-
surgical pain.  

Another related measure from PQA, identified by a TEP member, Initial Opioid Prescribing for Long Duration, 
examines the days’ supply of initial opioid prescriptions. This measure uses claims data and includes all patients 
starting opioid therapy. The eCQM proposed by BWH focuses on a subset of patients undergoing elective primary 
THA and/or TKA. Additionally, the PQA measure does not consider refill prescriptions; the proposed eCQM does.  

Harmonization with the measures Hospital-level Risk-standardized Complication Rate following THA/TKA and Use 
of Opioids at High Dosage in Persons Without Cancer was used to inform exclusion criteria (Table 2), as well as to 
determine which opioids would be included in the eCQM (Table 1). These claims-based measures were selected for 
harmonization because of their similar target population or measure focus. 

Opioid 

Butorphanol Hydrocodone  Methadone Oxymorphone 

Codeine Hydromorphone Morphine Pentazocine 

Dihydrocodeine Levorphanol Opium Tapentadol 

Fentanyl  Meperidine  Oxycodone  Tramadol 

Table 1: Opioids used to calculate duration of use 

Key stakeholder engagement 

Patient, provider and payer interviews 

A total of 18 THA and/or TKA patients, 10 healthcare providers, and 5 payers were interviewed about the measure 
concept and its development through the partnership with MHQP. The majority of patients, providers, and payers 
supported development of this eCQM, stating that it would be effective in assessing the overprescription of opioids 
following THA or TKA and could result in meaningful improvements to the care process. The main concern raised 
by patients and providers was that such a measure may result in the under-prescription of opioids when their use is 
warranted. This concern has been considered throughout the development process by applying appropriate 
inclusion/exclusion criteria. Additionally, this concern was brought to the TEP and considered when deciding 
whether to use the 14-day or 42-day threshold promoted by the Washington State guideline. 

Technical Expert Panel engagement 

The environmental scan, stakeholder engagement, and the results from preliminary testing were presented to the 
TEP on January 15, 2020. The TEP supported all of the inclusion/exclusion criteria as well as the use of Washington 
State’s guidelines. They noted that no clear established definition for ‘prolonged prescriptions’ exists, but that the 
thresholds from the Washington State guideline are well regarded and serve as an effective benchmark for assessing 
prescribing practices. In considering all the research team’s findings, the TEP recommended using the 42-day 
threshold to calculate the rate for this measure. Therefore, the following specifications have been proposed: 

Denominator: All patients, aged 18 years or older, who received an elective primary THA or TKA procedure and do 
not meet any exclusion criteria. 

Numerator: The subset of patients from the denominator who were prescribed post-operative opioids for > 42 days 
after surgical discharge following an elective primary THA or TKA. 
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Exclusion Source 
Patient received a non-elective THA/TKA NQF 1550: Hospital-Level Risk-Standardized 

Complication Rate Following Elective Primary THA 
and/or TKA17 

Patient was prescribed opioids within 90 days prior to the 
index admission or received a diagnosis for opioid use 
disorder 365 days prior to the index admission 

Literature review6,9,10 

Patient received a separate THA- or TKA-related 
procedure within the 90 days prior to the index admission 
or 90 days after surgical discharge 

NQF 1550: Hospital-Level Risk-Standardized 
Complication Rate Following Elective Primary THA 
and/or TKA17 

Patient received additional general or major surgery 
within 90 days of surgical discharge 

Internal chart reviews 

Patient had a cancer diagnosis within the 365 days prior to 
the index admission or 90 days following surgical 
discharge 

NQF 2940: Use of Opioids at High Dosages in Persons 
Without Cancer15 

Patient received hospice or palliative care within the 365 
days prior to the index admission or 90 days following 
surgical discharge 

NQF 2940: Use of Opioids at High Dosages in Persons 
Without Cancer15 

Patient had a diagnosis of sickle cell disease within the 
365 days prior to the index admission or 90 days 
following surgical discharge 

Literature review16 

Patient was discharged Against Medical Advice  NQF 1550: Hospital-Level Risk-Standardized 
Complication Rate Following Elective Primary THA 
and/or TKA17 

Table 2: Summary of exclusion criteria & exclusion source 

Alpha testing 

The target population consisted of 12,803 patients that underwent a THA and/or TKA procedure from January 2016 
to December 2018 at PHS. Of these patients, 8,591 met the inclusion criteria (Table 3) and were included for alpha 
testing.  

 Initial Population = 12,803 
Exclusion Number of patients 

Patient received a non-elective THA/TKA  n = 953 
Patient was prescribed opioids within 90 days prior to the 

index admission or received a diagnosis for opioid use 
disorder 365 days prior to the index admission 

n = 1,408 

Patient received a separate THA- or TKA-related 
procedure within the 90 days prior to the index admission 

or 90 days after surgical discharge 

n = 355 

Patient received additional general or major surgery 
within 90 days of surgical discharge 

n = 126 

Patient had a cancer diagnosis within the 365 days prior to 
the index admission or 90 days following surgical 

discharge 

n = 1,352 

Patient received hospice or palliative care within the 365 
days prior to the index admission or 90 days following 

surgical discharge 

n = 12 

Patient had a diagnosis of sickle cell disease within the 
365 days prior to the index admission or 90 days 

following surgical discharge 

n = 6 

Patient was discharged Against Medical Advice  n = 0 
 Final Denominator Population = 8,591 

Table 3: eCQM exclusion patients  
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Of the 8,591 patients (3,533 THA; 5,058 TKA), nearly all (99.1%) received an opioid prescription at surgical 
discharge. The majority of patients who met the inclusion criteria were white (90.4%), female (57.5%), and English 
speaking (95.0%). There was a significant variation in age, ranging from 18 – 96 years, with a median age of 67 
years (Table 4). 

n = 8,591 
Characteristic Percentage 

Procedure  
THA 41.9% 
TKA 58.1% 
Age  
≥ 65 years 54.7% 
< 65 years 45.3% 
Primary Language  
English 95.0% 
English as a second language 5.0% 
Sex  
Male 42.5% 
Female 57.5% 
Race  
White 90.4% 
Black of African American 3.54% 
Asian 1.40% 
Hispanic or Latino 0.68% 
Received an Opioid Prescription at Surgical Discharge  
Yes 99.1% 
No 0.9% 

Table 4: Characteristics of patients who met the inclusion criteria 

On average, patients who received a THA were prescribed opioids for shorter durations, indicating more rapid 
tapering following surgery compared to TKA patients. After 2 weeks, 20.8% and 47.1% of THA and TKA patients 
were still receiving opioids, respectively. After 42 days, meeting the criteria for “prolonged prescribing” as defined 
by the proposed measure, 3.7% of THA patients and 12.1% of TKA patients were still being prescribed opioids 
(Figure 1). Characteristics of the prescribing duration for various cohorts are presented in Table 5.  

Figure 1: Percentage of patients who were receiving opioid prescriptions over the 90 days after surgical discharge, 
stratified by THA and TKA 
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Characteristic Total (n) 0-14 Days >14 & ≤ 42 Days > 42 Days 
Procedure     
Hip  3533 79.16% 17.13% 3.71% 
Knee  5058 52.94% 35.01% 12.05% 
Sex     
Male  3667 66.62% 25.72% 7.66% 
Female  4924 61.54% 29.20% 9.26% 
BMI     
≥ 30 4125 59.68% 30.16% 10.16% 
< 30 4466 67.47% 25.42% 7.11% 
Primary Language     
English 8158 63.95% 27.75% 8.30% 
Non-English 433 58.16% 27.66% 14.18% 
Race     
White 7735 64.38% 27.58% 8.04% 
Black of African 
American 308 52.92% 30.52% 16.56% 
Asian 129 58.91% 31.01% 10.08% 
Hispanic or Latino 56 66.07% 17.86% 16.07% 
Age     
≥ 65 years 4831 64.54% 27.92% 7.53% 
< 65 years 3760 62.63% 27.45% 9.92% 

Table 5: Patient characteristics over the course of opioid episode 

 

The BWH research team then examined the rates at the clinician group levels across the 6 PHS sites. 
There is notably variability in the rates, ranging from 6.25%, to 14.85%. Such variability emphasizes the 
importance of the proposed measure, which will allow clinicians to compare their prescribing practices to 
that of their peers in order to drive evidence-based care. A statistical risk adjustment was then performed 
to account for patient-specific risk factors (e.g. BMI, race, language, etc). The results from this risk 
adjustment are presented in Table 6 below. Again, even with the risk adjustment applied, rates vary 
notably between sites, ranging from 7.43% to 12.46%. Across PHS, the overall risk-adjusted prolonged 
opioid prescribing rate is 8.58% for THA and TKA patients. 

 

Clinician Group 
(Blinded) 

Unadjusted Rate Adjusted Rate 

A 9.81% 7.43% 
B 6.25% 7.88% 
C 7.38% 7.97% 
D 7.14% 8.32% 
E 14.58% 9.24% 
F 6.85% 12.46% 

Overall Adjusted Rate: 8.58% 
Table 6: PHS overall risk-adjusted and unadjusted prolonged opioid prescribing rate at clinician group level 
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Discussion and Implications 

This study reports on the alpha testing of a novel eCQM. The specifications were developed through an 
environmental scan and engagement of key stakeholders. The eCQM measures the percentage of patients who were 
prescribed opioids beyond 42 days after surgery and therefore meet the criteria for “prolonged prescribing.” Based 
on 2016-2018 PHS data, 3.7% of THA and 12.1% of TKA patients were prescribed opioids for more than 6 weeks, 
producing an overall risk-adjusted rate of 8.58%, demonstrating that this eCQM is meaningful for PHS patients and 
providers. By developing an eCQM that measures potentially inappropriate postsurgical prescribing, orthopedic 
practices will be better equipped to assess the quality of care provided to their patients against a standardized 
benchmark. Given that THA and TKA are expected to increase in frequency in the future11, coupled with evidence 
that orthopedic surgeons tend to overprescribe opioids following surgery7,8,9,10, it is imperative that clinicians have the 
tools to improve their practice. 

The proposed eCQM will enhance the MIPS pathway by providing clinicians with a less burdensome method to 
compute their performance score that minimizes provider time spent collecting and submitting data to CMS. With a 
better understanding of how specific clinician group post-operative prescribing practices compare with their peers 
and incorporating monetary incentives through the MIPS participation pathway of the QPP, orthopedic practices will 
be motivated to improve their prescribing practices, ultimately driving quality improvement. 

Limitations 

This measure has only been tested on PHS patients. Further testing outside of PHS is needed to ensure measure 
generalizability and to determine if there is variation in quality throughout the United States. Additionally, 
stakeholder interviews suggest that BWH will need to assess the impact of including patients who receive care at 
multiple sites, which could bias results since these patients would not have all their health and medication 
information documented in a single EHR system.  

Next steps 

BWH has partnered with Cerner to conduct testing at a geographically different hospital system outside of PHS 
using a different EHR system. This testing will provide valuable information about how the measure performs on a 
different patient cohort and will provide insight into any potential new challenges.  

In order to address and better understand the impact of including patients who receive care at multiple sites, the 
BWH research team is testing the eCQM against the full PHS database as well as against a subset of the population 
living within a 25-mile radius from each site. Here, the assumption is that those who live within 25 miles of the site 
will receive all their care from a PHS-affiliated hospital or clinic, providing the research team with a more complete 
medical history. An analysis comparing the results between the two populations will be conducted. Cerner will also 
be testing the eCQM against their full database and against patients within a 25-mile radius of specified sites. In 
performing these tests, BWH hopes to develop a better understanding of how to approach the cohort of patients 
receiving care through multiple EHR vendors.  

BWH will continue to review the literature, meet with stakeholders, and report for public comment on this eCQM in 
order to receive further feedback and refine the measure wherever necessary. The overarching goal of this measure 
development process is to obtain NQF endorsement on this eCQM and implement the measure in CMS’s QPP to 
meaningfully impact quality of care. 
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Abstract

This year less than 200 National Library of Medicine indexers expect to index 1 million articles, and this would not
be possible without the assistance of the Medical Text Indexer (MTI) system. MTI is an automated indexing system
that provides MeSH main heading/subheading pair recommendations to assist indexers with their heavy workload.
Over the years, a lot of research effort has focused on improving main heading prediction performance, but automated
fine-grained indexing with main heading/subheading pairs has received much less attention. This work revisits the
subheading attachment problem, and demonstrates very significant performance improvements using modern Convo-
lutional Neural Network classifiers. The best performing method is shown to outperform the current MTI implementa-
tion with a 3.7% absolute improvement in precision, and a 27.6% absolute improvement in recall. We also conducted
a manual review of false positive predictions, and 70% were found to be acceptable indexing.

Introduction

PubMed® is a free online resource provided by the National Library of Medicine (NLM) to support the search and
retrieval of biomedical and life science literature. MEDLINE® is the indexed subset of PubMed, and it contains over
26 million citations indexed with Medical Subject Headings (MeSH®). The MeSH vocabulary contains over 29,000
main headings representing biomedical concepts (e.g. “Myocardial Infarction”, “Parkinson Disease”, or “Dopamine
Agonists”) and 76 subheadings (e.g. “surgery”, “drug therapy”, or “therapeutic use”) that may be coordinated with
main headings to index a more specific aspect of a concept. For example, an article discussing the surgical treatment
of myocardial infarction may be indexed with “Myocardial Infarction/surgery”. Frequently, subheadings are used to
represent relationships between concepts. For example, the treatment of Parkinson’s Disease with a dopamine agonist
could be indexed as “Parkinson Disease/drug therapy; Dopamine Agonists/therapeutic use”.

As the size of the biomedical literature continues to grow, it is a constant challenge to keep MEDLINE up-to-date and
relevant. The manual indexing of scientific articles is a highly specialized and time-consuming activity, and this year a
team of less than 200 NLM indexers expect to index 1 million articles. To assist indexers with their heavy workload, the
NLM has developed an automated indexing system called the Medical Text Indexer1 (MTI). MTI is a machine learning
and rule-based system that processes an article title and abstract and returns a pick-list of recommended MeSH terms.
The system was first introduced in 2002, and at this time it only made main heading recommendations. Later in 2008,
it was updated to recommend main heading/subheading pairs (MeSH pairs). MTI uses statistical, dictionary lookup,
rule-based, and machine learning methods for subheading attachment2, and a recent performance analysis has shown
that it recommends MeSH pairs with relatively high precision and low recall.

NLM indexers are finding MTI increasingly useful1, but it is acknowledged that its subheading recommendations
could be improved. This work revisits the subheading attachment problem, 12 years after the feature was first added
to MTI. The paper focuses on 17 “critical” subheadings that are known to be particularly important to MEDLINE
users, and shows that very significant performance improvements can be achieved using modern neural network clas-
sifiers. The paper also includes an indexer evaluation of the new method, focusing on particularly problematic false
positive predictions. The results of the evaluation were encouraging, and we expect that the improved subheading
recommendations will be very useful for NLM indexers.

Related Work

The automated indexing of biomedical articles with MeSH terms is a very challenging multi-label text classification
problem. The key challenges are the large number of labels and their highly imbalanced distribution. In 2019 MeSH
there are 631,568 allowed main heading/subheading combinations. Some of these MeSH pairs are assigned many
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thousands of times per year, whereas others may only have ever been assigned a few times. For example, the pair “Mi-
croRNAs/genetics” was assigned 6,815 times in 2018, while the pair “Calcimycin/adverse effects” was only assigned
once in the same year.

Many machine learning methods are not suitable for extremely large label spaces, and this is one reason why previous
work has used a two-stage approach: first the main headings are predicted, and then subheadings are attached to these
main headings. This is also the recommended way for human indexers to approach the problem. Most prior work
has focused on the main heading prediction problem3–5, and in comparison the subheading attachment problem has
received much less attention. The problem was last studied by Neveol et al.2 at the NLM in 2008, and MTI still uses
the presented algorithms today.

In their paper, Neveol et al. assess 7 different methods for subheading attachment. Three of these methods (“Dic-
tionary”, “Journal Descriptor Indexing”, and “MTI”) are described as “jigsaw puzzle” methods because the main
headings and subheadings are extracted independently, and then combined in any allowed combination. The “Dictio-
nary” method extracts subheadings based on the presence of key words or bi-grams in the title or abstract. The “Journal
Descriptor Indexing” method generates word and subheading vectors based on statistical associations with a set of 120
main headings (called Journal Descriptors) that are manually assigned to MEDLINE journals. For a new article, the
average cosine similarity between word and subheading vectors is used to generate a ranked list of subheadings. The
final “jigsaw puzzle” method is the “MTI” method, and this is a rules-based approach that extracts subheadings based
on the predicted main headings. “MTI” method rules are general and do not specify the type of main heading that an
extracted subheading should be attached to.

In addition to “jigsaw puzzle” methods, the paper also evaluates three other rules-based methods that attach sub-
headings to specific main headings: “Natural Language Processing” rules were derived from relationships between
concepts that are present in the Unified Medical Language System® Semantic Network, “Coordination” rules enforce
the main heading/subheading coordination rules that are detailed in the NLM indexing manual, and “Post-processing”
rules are other rules that are applied after main heading extraction. The final assessed method is a k-nearest neighbor
approach based on the PubMed Related Citations6 (PRC) algorithm: any MeSH pair that occurs more than once in the
10 nearest neighbors is recommended.

The paper explores various different combination strategies and finds that the different methods are complementary:
the Dictionary and PRC algorithms are found to have high recall and lower precision, whereas the rules-based methods
are found to have high precision and lower recall. The best combination strategy achieves 48% precision and 30%
recall on a large test set of 100,000 articles randomly selected from the MEDLINE 2006 baseline. These performance
metrics are for all subheadings, and MeSH pairs containing main headings not in the manual indexing were filtered
out. As such, they cannot be directly compared to the performance metrics reported in this paper.

Methods

Dataset

The dataset is comprised of citation data for manually indexed articles published from 2004 onwards. Fully and semi-
automatically7 indexed articles were identified using the indexing method attribute of the PubMed XML format8, and
excluded as their indexing may be biased towards MTI’s predictions. The dataset contains about 10 million articles:
20,000 articles published in 2018 were randomly selected for the validation set, and 38,903 articles indexed between
16th November 2017 and 31th January 2018 were randomly selected for the test set. All citation data was downloaded
from the MEDLINE/PubMed 2019 baseline9. We have a record of MTI’s original recommendations for the test set
articles; this is important because MTI uses nearest neighbor algorithms, and its performance will improve after articles
have been indexed.

Convolutional Neural Network

This paper uses a type of deep neural network called a Convolutional Neural Network (CNN) for fine-grained auto-
matic MeSH indexing. The CNN architecture was chosen because it is computationally efficient and because it has
been shown to be effective for text classification problems with large numbers of labels10. The paper compares two
different machine learning methods: an end-to-end method that predicts main heading/subheading pairs directly, and
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Figure 1: CNN architecture. *The main heading input is only used for the standalone subheading prediction model.

a chained method that predicts the main headings and then the subheadings. Three separate models were trained:
a single model for the end-to-end method, and standalone main heading and subheading prediction models for the
chained method. These three models share the same CNN architecture, and this is described in the next section.

CNN Architecture

The neural network architecture used in this paper (Figure 1) is based on the CNN architecture presented by Kim11

for sentence classification. The architecture represents words as vectors and input text as the concatenation of word
vectors. The network learns a set of convolutional filters that are convolved along the length of the input text to
produce an activation map; filters learn to activate when they detect a specific type of feature (e.g. discriminative
words or phrases) at some position in the text. The convolution operation is followed by a max pooling operation that
keeps only the maximum activation of each filter. The result is a fixed length representation of the input text that is
invariant to the position of the detected features.

This paper applies a custom neural network architecture that uses a CNN to process text inputs. A similar architecture
was previously used at the NLM for MEDLINE article selection12. The three different models share five common
inputs: the article title, abstract, journal, publication year, and indexing year, and the standalone subheading prediction
model requires an additional input for the main heading that subheadings are being predicted for. The network gener-
ates a fixed length representation of each input and then concatenates them to construct the input to the hidden layer.
The final classification layer uses a sigmoid activation function and its size is equal to the number of labels. The output
size of the end-to-end model is the number of allowable MeSH pairs for the 17 critical subheadings (122,542), and
the output sizes for the standalone main heading and subheading prediction models are the number of main headings
(29,351) and the number of critical subheadings (17) respectively.

Models use randomly initialized word vectors, dropout regularization, and batch normalization for the hidden and
convolution layers. The title and abstract inputs are processed separately using the same word embeddings and con-
volutional filter weights. Standard max pooling is used for the title, whereas dynamic max pooling10 is used for the
abstract. The journal is treated as a categorical input, and each journal is represented by a fixed length vector. Like
the word embeddings, the journal embeddings are learned during training. The two year inputs are represented using
the special encoding scheme previously described in Rae et al.12. The encoding is similar to one-hot encoding; how-
ever, positions for the year and preceding years are activated. The main heading input of the standalone subheading
prediction model is one-hot encoded.

Configuration

The CNN models were implemented in Tensorflow version 1.12.0, and model hyperparameters are listed in Table 1.
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The three models share the same hyperparameters, except for the dropout rate, which was adjusted individually. Sub-
word tokenization was performed using SentencePiece13 (byte-pair-encoding algorithm), and the SentencePiece model
was trained on title and abstract sentences from training set articles published in 2015 or later. The Tensorflow code for
the CNN models is available on GitHub at http://github.com/indexing-initiative/subheading_
attachment.

Models were trained using the Adam optimizer and binary cross-entropy loss on a single 16GB NVIDIA V100 GPU.
The end-to-end and standalone main heading prediction models were trained on the full training set, while the stan-
dalone subheading prediction model was trained on the 2.2 million training set articles published in 2015 or later. The
standalone subheading prediction model was run for all manually indexed main headings, and for this reason a smaller
training set was necessary to reduce the training time per epoch. Articles published in the last 5 years were chosen
for the smaller training set as it is important for the model to learn how to index recent articles. During training, the
learning rate was reduced by a factor of 3 if the validation set micro F1 score did not improve by more than 0.001
between epochs, and training was stopped early if the F1 score did not improve by more than 0.001 over two epochs.
The total training time for the end-to-end and chained methods was 92 and 55 hours respectively.

Table 1: Model hyperparameters.

Hyperparameter Value
Vocabulary size 64,000
Word embedding size 300
Title max words 64
Abstract max words 448
Number of convolution filters 350
Convolution filter sizes 2, 5, 8
Dynamic max pooling number of regions 5
Classification layer activation function Sigmoid
Activation function for all other layers Relu
Hidden layer size 2048
Journal embedding size 50
Dropout rate 0.05-0.5
Batch size 128
Learning rate 0.001

Journal Statistics Baseline

It was not possible to use MTI as a baseline for standalone subheading prediction performance since we do not have
a record of MTI’s original subheading recommendations for all manually indexed main headings in the test set. As
an alternative, a simple “Journal Statistics” baseline was implemented based on the indexing statistics of training set
articles published in 2015 or later. For each journal and main heading the probability of the 17 critical subheadings
being indexed was recorded, and at test time, for every manually indexed main heading, critical subheading were
randomly sampled according to these statistics. This is an interesting baseline because it does not consider the article
text.

Indexing Consistency Study

It is useful to compare machine learning performance to human performance. Unfortunately, the most recent study of
MEDLINE indexing consistency was published 37 years ago14, and the raw study data is not available for analysis.
In this paper, we obtain a more recent estimate of indexing consistency by finding articles in the MEDLINE 2019
baseline that have been inadvertently double indexed.

Double indexed articles were found by searching for exactly matching titles, abstracts, and author last names. When
PubMed curators become aware of duplicates, they may synchronize the assigned indexing. For this reason, article
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Figure 2: Microsoft Access form used for the indexer evaluation.

pairs annotated with the “Duplicate Publication” publication type, or certain relationships1, were excluded. Further-
more, it is unlikely for independently indexed articles to have exactly the same indexing, and so these pairs were
excluded too. The remaining article pairs were reviewed manually, and some further pairs were excluded because
they were not considered suitable for the study for various reasons. In total 1839 double indexed article pairs were
identified for the indexing consistency study.

Indexer Evaluation

The precision, recall, and F1 score metrics used in this study provide a useful measure of performance, but they do
have some limitations. One particularly relevant limitation is their treatment of false positives. From an indexer’s
perspective, false positives predictions can either be acceptable alternative indexing, acceptable imperfect indexing,
or unacceptable indexing that needs to be removed. The third case is particularly problematic because it is more
time-consuming to remove incorrect indexing than to add missing indexing. The problem is that precision, recall,
and F1 score metrics penalize all false positives equally, making it difficult to judge how useful the MeSH term
recommendations will be in practice.

In order to better understand the strengths and weaknesses of the proposed neural network approach, we conducted
an indexer evaluation of the best performing machine learning method. The evaluation focused on particularly prob-
lematic false positive main heading/subheading pair predictions, and indexers were asked to decide whether each false
positive pair is acceptable or unacceptable (would need to be removed). There are three types of false positive of inter-
est to this study, and these are: incorrect main heading and subheading, correct main heading and incorrect subheading,
and incorrect main heading and correct subheading (attached to another indexed main heading).

The evaluation set consisted of 180 articles from the test set, and these articles were selected to have a good balance of
false positive types and critical subheadings. Two senior indexers participated in the study, and each indexer evaluated
90 articles using the Microsoft Access form shown in Figure 2. The form displays the article title, abstract, and existing
manual indexing, and the indexers were required to select “Acceptable” or “Not Acceptable” in a drop down list for

1Excluded relationships: “Corrected and Republished”, “Reprint”, “Republished”, “Retracted and Republished”, “Update”.
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Table 2: Main heading/subheading pair prediction performance for critical subheadings.

Method Precision Recall F1 Score
MTI 0.416 0.162 0.234
End-to-end 0.448 0.438 0.443
Chained 0.453 0.438 0.445

Table 3: Standalone performance of chained method models.

Model Precision Recall F1 Score
Main heading prediction CNN 0.681 0.600 0.638
Subheading prediction CNN 0.634 0.697 0.664

each false positive prediction. An additional set of 12 articles were evaluated by both indexers in order to understand
the level of inter-indexer agreement for this task.

Evaluation Metrics

For automated indexing evaluations main heading, subheading, or MeSH pair predictions were obtained after applying
a single decision threshold to all model outputs, and then micro F1 score (MiF ), micro precision (MiP ), and micro
recall (MiR) performance metrics were computed by comparing the manual indexing y to the model predictions ŷ:

MiF =
2 ·MiP ·MiR

MiP +MiR
,

MiP =

∑N
n=1

∑L
l=1 ynl · ŷnl∑N

n=1

∑L
l=1 ŷnl

,

MiR =

∑N
n=1

∑L
l=1 ynl · ŷnl∑N

n=1

∑L
l=1 ynl

,

where N and L are the number of examples and labels respectively. Optimum decision threshold values were deter-
mined by a linear search for maximum F1 score on the validation set. The evaluation metric for the indexer evaluation
was the fraction of acceptable false positive predictions.

Results

Table 2 shows main heading/critical subheading pair prediction performance for the proposed neural network methods
compared to the MTI baseline. The chained method has the best performance: outperforming MTI with a 3.7%
absolute improvement in precision, and a 27.6% absolute improvement in recall. Note that the chained method has
2.7 times the recall of MTI. The two neural network methods are shown to have very similar performance: they have
almost identical recall, but the chained method has slightly better precision.

Figure 3 plots micro precision, recall, and F1 score for MeSH pair prediction by critical subheading. The plots
highlight the fact that MTI has high precision for some subheadings (e.g. “prevention and control”), but consistently
low recall compared to the neural network methods. The performance of the end-to-end and chained methods are close
for all subheadings, and the largest absolute difference in F1 score is 2.8% for the “diagnostic imaging” subheading.
Both neural network methods can be seen to have reasonably consistent performance across the different critical
subheadings, and per-subheading precision and recall are also fairly balanced.

Table 3 shows the standalone performance of the main and subheading prediction CNN models of the chained method.
The subheading prediction CNN was evaluated for all manually indexed main headings in the test set. The main and
subheading prediction models are shown to have standalone F1 scores of 0.638 and 0.664 respectively, and error
propagation from main heading prediction explains the lower end-to-end MeSH pair prediction performance reported
in Table 2.

Figure 4 compares the performance of the subheading prediction CNN to the journal statistics baseline for manually
indexed main headings. The CNN model is found to outperform the baseline by 28.0% points in terms of F1 score, and
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Figure 3: Micro precision, recall, and F1 score for MeSH pair prediction by critical subheading.

can be seen to have consistently higher precision and recall. Like for the end-to-end evaluation, the CNN subheading
prediction performance is reasonably consistent across the different critical subheadings, and per-subheading precision
and recall are also fairly balanced. Comparing Figures 3 and 4, it looks like the subheading prediction CNN is
responsible for much of the per-subheading performance variation of the chained method.

Indexing Consistency Study Results

In total 1839 double indexed article pairs were identified in the MEDLINE 2019 baseline, and the study results are
shown in Table 4. Micro precision, recall, and F1 score metrics were computed assuming that one article in the pair has
the ground-truth indexing. Subheading assignment metrics were computed for MeSH pairs for which both indexers
agreed on the main heading, and the reported errors were computed using bootstrapping with 10,000 samples.

Comparing manual and automatic indexing consistency using F1 score, the best performing chained neural network
method is found to exceed human indexing consistency for MeSH pair assignment by about 1.5% points. For the
subtask of assigning subheadings to known main headings, the standalone subheading prediction model of the chained
method is found to match manual indexing consistency.

Table 4: Indexing consistency study results for critical subheadings.

Study Precision Recall F1 Score
Main heading/subheading pair assignment 0.42±0.01 0.44±0.01 0.43±0.01
Subheading assignment 0.65±0.01 0.68±0.01 0.66±0.01
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Figure 4: Micro precision, recall, and F1 score subheading prediction performance for manually indexed main head-
ings.

Indexer Evaluation Results

Indexers evaluated the false positive predictions of the chained method, and the evaluation results are shown in Fig-
ure 5. The figure plots the fraction of acceptable false positive predictions by critical subheading, and shows that on
average 70% of false positives were considered to be acceptable. The results are fairly consistent for different critical
subheadings: the highest acceptable fraction is 0.83 for “toxicity”, while the lowest acceptable fraction is 0.54 for
“veterinary”.

The shared set of 12 articles contained 57 false positives, and the two indexers agreed on 95% of their determina-
tions. The indexers have told us that they discussed the shared set false positive examples in order to calibrate their
determinations for the main study, and 95% may therefore be an over estimate of their inter-indexer agreement.

Discussion

This paper has compared two neural network methods for fine-grained automatic MeSH indexing. Both methods
were found to significantly outperform the existing MTI implementation: offering a small improvement in precision,
and close to three times the recall of current system. The two methods were also found to exceed manual indexing
consistency for MeSH pair assignment when compared using F1 score, and this is important because it suggests that
future improvements in performance may be more limited and difficult to achieve.

The paper also includes an indexer evaluation of particularly problematic false positive predictions, and the evaluation
results were encouraging because 70% of false positives were considered to be either acceptable alternative indexing,
or imperfect indexing that does not need to be removed. This gives us confidence that the updated MeSH term
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Figure 5: Indexer evaluation results.

recommendations will be well received by NLM indexers.

For many tasks, end-to-end approaches have been shown to outperform multi-step methods. However, in this paper the
performance of end-to-end and multi-step methods are found to be similar: the multi-step chained method achieves
a marginally better F1 score, even when trained on less data. The lower than expected performance of the end-to-
end method may be explained by the sparsity of training data for individual MeSH pairs. The network may find it
difficult to learn general rules that apply to individual subheadings, or groups of related main headings, because it is
not provided with the information that certain MeSH pairs are closely related due to shared subheadings and/or similar
main headings.

In comparison, the data sparsity problem is less severe for the chained method. The standalone subheading prediction
model is explicitly told the subheading of each MeSH pair and is able to learn subheading prediction rules that gener-
alize across main headings. The model does still suffer from a sparse input problem, and this is because the one-hot
encoded main heading input does not provide any information about how main headings are related (e.g. by the MeSH
hierarchy). Another potential weakness of the chained method is that it predicts subheading independently for each
main heading, and it is therefore unable to coordinate its subheading predictions to describe two-way relationships
between main headings (e.g.“Parkinson Disease/drug therapy; Dopamine Agonists/therapeutic use”).

Finally, there are also various advantages and disadvantages of the two methods relating to training and deployment.
The main advantage of the chained method, compared to the end-to-end method, is that its component models have
fewer parameters due to their smaller output sizes. The models therefore require less GPU memory, and the training
time per example is lower. The main disadvantage of the chained method, compared to the end-to-end method, is the
additional complexity that arises from managing two models and passing data between them.

Conclusion

This work has revisited the subheading attachment problem, 12 years after the feature was first added to MTI, and
very significant performance improvements were demonstrated using a modern Convolutional Neural Network text
classification architecture. The paper focused on 17 critical subheadings, and the performance of end-to-end and
chained classifier methods were compared. The best performing chained classifier method was found to outperform
the current MTI implementation with a 3.7% absolute improvement in precision, and close to three times the recall of
the existing system. An indexer evaluation of false positive predictions was performed, and the results are encouraging,
with 70% of false positives considered to be acceptable. In the future, we plan to integrate the chained classifier
method into MTI, and to extend this work to provide recommendations for all 76 subheadings. We are also interested
to see if pretrained transformer neural network architectures like BioBERT15 can provide additional performance
improvements.
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Abstract

Clinical judgment studies are an integral part of drug safety surveillance and pharmacovigilance frameworks. They
help quantify the causal relationship between medication and its adverse drug reactions (ADRs). To conduct such
studies, physicians need to review patients’ charts manually to answer Naranjo questionnaire1. In this paper, we
propose a methodology to automatically infer causal relations from patients’ discharge summaries by combining the
capabilities of deep learning and statistical learning models. We use Bidirectional Encoder Representations from
Transformers (BERT)2 to extract relevant paragraphs for each Naranjo question and then use a statistical learning
model such as logistic regression to predict the Naranjo score and the causal relation between the medication and an
ADR. Our methodology achieves a macro-averaged f1-score of 0.50 and weighted f1-score of 0.63.

Introduction

Pharmacovigilance is an important research area in medical informatics and aims at evaluating the safety of medication
usage and thereby improving patient safety. Clinical judgement studies that extract causal relations between drugs
and adverse drug reactions (ADRs) are essential parts of Pharamcovigilance. An ADR can be loosely defined as
any noxious, unintended or undesired effect of a medicine after doses used in humans for prophylaxis, diagnosis or
therapy1. ADRs are the single largest contributor to hospital-related complications in inpatient settings3 and occur
commonly at a rate of 2.4-5.2 per 100 hospitalized adult patients4–6. Anticoagulants are one of the most common drug
classes that cause numerous ADRs, accounting for approximately 1 in every 10 of all drug-related adverse outcomes
(specifically bleeding events)7 and one-third of all ADRs among hospitalized Medicare patients8.

Prior research work in this domain has been mainly focused on extracting drug and ADR entities9, 10 or identifying
relations between them from electronic health records11. However extracting relation between a drug and an ADR is
quite different from inferring causality between the medication and ADRs. The relation also does not provide the level
of causality which can be inferred from causality scores such as doubtful, possible, probable or definite. As described
by the authors of Naranjo questionnaire1, the suspected medication is usually confounded with other causes, and the
adverse reaction cannot be easily distinguished from the manifestations of the disease making it significantly harder to
extract the accurate relation between the drug and ADRs. Hence, there is a need of formulating the problem of causal
relation extraction in a different way to automate such clinical studies.

Due to the lack of an established methodology for clinical studies, Naranjo scale was developed to standardize the
causality assessment of ADRs1. Naranjo scale is frequently used by physicians to conduct causality assessment studies
between a medication and ADRs12, 13. It comprises of 10 questions and a subset of these questions is shown in Table
1. A causality scale (e.g., doubtful or probable) is assessed based on the answers to those questions. Naranjo scale has
shown a marked improvement in within-raters agreement, reproducibility, reliability as compared to other approaches1.
One strength of the Naranjo scale is that it can handle missing values: the scale is valid even with the answers to some
of the questions are missing. Therefore, Naranjo scale has been widely used as a standard in clinical domain.

Previous clinical judgement studies have solely been conducted on time-consuming manual chart reviews of electronic
health records (EHRs) which require significant manual efforts by experienced physicians. As such, these studies are
usually conducted only on a subset of clinical notes due to multiple time constraints. To facilitate clinical judgement
studies, we propose an end-to-end methodology which employs a deep learning model, BERT2, with statistical models
to predict the causal relation between a medication and its ADRs. In this study, we investigate the causal relation
between anticoagulants and bleeding events.
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Table 1: Naranjo Scale Questionnaire.

# Naranjo Questions Yes No Do not know
1. Are there previous conclusive reports on this reaction? 1 0 0

2.
Did the adverse event occur after the suspected drug was
administered?

2 -1 0

3.
Did the adverse reaction improve when the drug was
discontinued or a specific antagonist was administered?

1 0 0

4.
Did the adverse reaction reappear when the drug was
readministered?

2 -1 0

5.
Are there alternative causes (other than the drug) that
could have on their own cause the reaction?

-1 2 0

6. Did the reaction reappear when a placebo was given? -1 1 0

7.
Was the drug detected in the blood (or other fluids) in
concentrations known to be toxic?

1 0 0

8.
Was the reaction more severe when the dose was
increased or less severe when the dose was decreased?

1 0 0

9.
Did the patient have a similar reaction to the same or
similar drugs in any previous exposure?

1 0 0

10.
Was the adverse event confirmed by any objective
evidence?

1 0 0

Our contributions are mainly three-folds:

1. We propose a methodology to predict the causal relation between a medication and its ADRs by accessing
the Naranjo score based on Naranjo questionnaire. Our work may be a significant contribution to drug safety
surveillance and pharmacovigilance, as the current practice relies on the labour-intensive process of domain-
experts who manually chart-review the EHRs.

2. By effectively integrating deep learning and statistical modeling, our model provides a decent macro-averaged
f-score of 0.50 and a weighted f1-score of 0.63.

3. To the best of our knowledge, our model is the first attempt at predicting the causal relation directly from the
EHRs using Naranjo questions. Our work could be used as a strong baseline for further related research.

Naranjo Scale and Dataset
Naranjo Scale

The Naranjo Scale Questionnaire consists of 10 questions which are administered for each patient’s clinical note. Each
question can be answered as “Yes”, “No” or “Do not know” , where “Do not know” is marked when the quality of the
data does not allow an affirmative (yes) or negative (no) answer.

A score of {−1, 0, 1, 2} is assigned to each question as shown in Table 1. The Naranjo scale assigns a causality score,
which is the sum of the scores of all questions, that falls into one of four causality types: doubtful (≤ 0), possible
(1− 4), probable (5− 8), and definite (≥ 9). In clinical settings, it is typically rare to find answers for all 10 Naranjo
questions. The Naranjo scale is designed such that it is valid even if the answers for only a subset of the Naranjo
questionnaire are provided.

Cohort Selection

We built an expert annotated EHR cohort to be used for training and evaluation of our proposed model. We selected the
clinical notes of patients who were administered one of these six anticoagulants: Apixaban, Clopidogrel, Dibigatran,
Enoxaparin, Rivaroxaban and Warfarin. To increase the chance that the notes also contain ADRs, we focused on
the patients who had any signs of internal bleeding such as gastrointestinal bleeding, blood clots or black tarry stools
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as these are the most common ADRs of anticoagulants. Physician annotators manually examined those notes and
provided answers for each Naranjo question. The physicians provided granular information by annotating the relevant
sentence in the EHR and then the answer of the related Naranjo question as one of the three answers: ‘Yes’, ‘No’
and ‘Do not know’. Experts provided two levels of annotation: the relevant sentences and answer for questions in
the Naranjo questionnaire. Not all questions can be answered for an EHR since there may be no relevant information
regarding some questions such as question 6 of Naranjo questionnaire as not all patients are provided with placebo
during their treatment.

Dataset

Our dataset consists of discharge summaries of 991 unique patients. Since some of the patients were admitted more
than once, there are 1385 discharge summaries in total. Four physicians, supervised by a senior physician, annotated
the Naranjo scale questionnaire for each of these discharge summaries. Each discharge summary was annotated
by one of the four physician independently. Reconciliation was done by the senior physician who examined every
annotation and discussed the differences with other physicians. Each discharge summary could have multiple ADRs,
each of which could have a different Naranjo questionnaire. Our model attempts to detect all of the ADRs and their
corresponding questionnaires and answers. The distribution of unique patients and discharge summaries across six
anticoagulants: Apixaban, Clopidogrel, Dibigatran, Enoxaparin, Rivaroxaban and Warfarin is shown in Table 2.

Since we are only interested in the questions that can be answered from the information provided in the discharge
summary, we omitted the first question from our study. Similarly, question 6 was also eliminated as most of the
patients are not provided placebo during their treatment. All the remaining questions were answered by the physicians.
Questions 2, 3, 5, 7 and 10 were most frequently answered by the experts. Most of the answers (90% or more), for
4 questions, out of the remaining 9, were “Do not know”. Thus, major contribution in the Naranjo score is from the
remaining 5 questions: 2, 3, 5, 7 and 10 which are shown in Table 1. As described earlier, the imbalanced answer
distribution is typical for Naranjo scale assessment and it would still be clinically meaningful even if only a subset of
the Naranjo questions could be answered.

Table 2: Distribution of unique patients and their discharge summaries across different anticoagulants.

Anitcoagulant # Unique Patients # Discharge Summaries
Dabigtran 38 48
Apixaban 82 121
Rivaroxaban 85 116
Enoxaparin 141 181
Clopidogrel 169 212
Warfarin 476 707

Calculating Naranjo Score

The Naranjo score for each question is calculated according to the Table 1. If an answer is not annotated for any
Naranjo question because of a lack of information provided in the EHR, it is considered as “Do not know”. The final
Naranjo score (Nscore) is calculated by summing the scores of all questions. According to the total Naranjo score, a
label for the causal relation, according to the conditions: doubtful (≤ 0), possible (1−4), probable (5−8), and definite
(≥ 9), is assigned to each discharge summary. The condition as well as distribution for each causal relation is shown
in Table 3

Methodology

In this section we discuss the problem formulation and briefly explain BERT2, which we use to extract relevant
paragraphs from the EHRs, and then explain our methodology to predict the final Naranjo score.
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Table 3: Distribution and condition for each causal relation between the medication and its ADRs.

Causal Relation Condition # Discharge Summaries
Doubtful Nscore ≤ 0 183
Possible 1 ≤ Nscore ≤ 4 916
Probable 5 ≤ Nscore ≤ 8 283
Definite 9 ≤ Nscore 3

Problem Formulation

As mentioned in the previous section, our annotators went through each of the clinical note meticulously and annotated
all the ADRs with their corresponding Naranjo question-answers. The annotation resulted in two levels of information:
relevant sentence for which the Naranjo question has been answered and answer (“Yes”, “No”, and “Do not Know”)
for the specific Naranjo question. For example, the sentence “In ED, she was found to have a hgb of 9, INR 3.6, and
rectal exam in ED revealed maroon stool” as shown in Figure 1 was annotated as a relevant sentence to answer the
Naranjo question 2 for the ADR ”maroon stool” (the answer is “yes”). The sentences around the relevant sentence
is also quite important as it provides context to that sentence. We consider this group of contiguous sentences as
a paragraph. If a paragraph has even one relevant sentence then it is considered as a relevant paragraph otherwise
non-relevant. For constructing a paragraph, we kept the length of contiguous sentences as variable, between 15− 20,
to make our model more robust.

Paragraph	from	EHR:	Upon	arrival	to	ER,	pt	developed	massive	coffee-ground	hematemesis	(no	BRB)	x1.	In	ED,	VS	notable	for
96.6,	98/58	-->	120/60s	a/p	1L	NS	(b/I	BP	130s/80s),	70-80s	(on	BB),	16,	100%	RA.	NGL	notable	for	coffee-ground	hematemesis.
Recta	q/	melena,	no	BRBPR.	Hbb	7.8,	INR	1.9.	The	pt.	was	then	admitted	to	MICU	for	further	mg'mt	and	was	started	on	nexium	gtt,
T&S'd.	18G	PIV	x2	placed

Naranjo	question:	Did	the	adverse	event	occur	after	the	suspected	drug	was	administered?

Answer:	Yes

Figure 1: A synthetic example showing a paragraph, naranjo question and its answer. The relevant sentence of the
paragraph is highlighted in green.

Given a discharge summary, a model should be able to identify the relevant paragraphs according to each Naranjo
question. A paragraph could be relevant with respect to one Naranjo question but non-relevant with respect to another
question. The relevant paragraphs should be used to predict either the causal relation or the final Naranjo score
(Nscore) for the discharge summaries. Since our final aim is to predict the causal relation, the Nscore is used to get the
causal relation according to the conditions enumerated in Table 3.

Bidirectional Encoder Representations from Transformers (BERT)

BERT2 uses multi-layer bidirectional Transformer14 networks to encode contextualised language representations.
BERT representations are learned from two tasks: masked language modeling15 and next sentence prediction task.
We chose BERT model as pre-trained BERT models, since fine-tuned pre-trained BERT models have achieved state-
of-the-art results for a wide range of tasks such as question answering and multiple language inference tasks2. We
utilised clinicalBERT16 for our experiments as it yielded superior performance on clinical-related NLP tasks such as
i2b2 named entity recognition (NER) challenges17. clinicalBERT is created by further fine-tuning of BERT base

2 with
biomedical and clinical corpus (MIMIC-III)18. clinicalBERT is further fine-tuned for the classification task where it
predicts whether the paragraph is relevant or not-relevant, given a question and the paragraph itself.

Proposed Methodology

Our proposed methodology consists of different parts: relevant paragraph selection, feature extraction and then causal
relation prediction using the features extracted from the relevant paragraphs.
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Figure 2: Proposed Model: Each electronic health record (EHR) is split up into multiple paragraphs which are passed
through the BERT Model. BERT predicts the relevant paragraphs which are used to extract textual features such as
n-grams and TF-IDF. These features are then passed through a statistical model such as logistic regression to predict
the causal relation label.

Relevant Paragraph Prediction

As explained in the Problem Formulation section, a paragraph is created from a contiguous set of sentences. If
the paragraph has even one sentence which has been marked as relevant for a specific question, it is considered as
relevant with respect to that question. We used clinicalBERT16 to create the classification model. clinicalBERT takes
both question and the paragraph as input and predicts whether the paragraph is relevant or not. The paragraph is
paired with each Naranjo question because it might have relevant information with regards to one question but not
the other. In our model, we first identify relevant paragraphs. The relevant paragraphs are then passed for feature
extraction before passing to statistical models.

The question and the paragraph are appended to each other with a separator in between [SEP] so that BERT can
differentiate between the question and the paragraph. Another token [CLS] is appended in the starting of the sequence
resulting in final sequence = [CLS]+ question +[SEP]+ paragraph. This final sequence is passed through BERT,
which consists of multiple attention layers and attention heads14, to provide a contextual representation for each token.
The sequence representation is provided by the output representation of [CLS] token. This [CLS] representation is
passed through a softmax layer to provide the output probabilities for relevant and non-relevant label.

Feature Extraction

All relevant paragraphs are required for predicting the final causal relation between the medication and the ADR.
There are two set of features that are extracted from the set of relevant paragraphs: n-grams and tf-idf.

n-grams: An n-gram is a contiguous sequence of n words from the text corpus. They have shown to improve the
performance of the model in several natural language processing tasks19. The n-grams extracted from the training
corpus act as the features for training the statistical model. The n-grams capture important information. For example,
the bi-gram ‘severe bleeding’ could capture the information which uni-grams ‘severe’ and ‘bleeding’ may not capture
independently and ‘severe’ may be used in the corpus in non-relevant context such as ‘severe back pain’. We extract
uni-grams, bi-grams, tri-grams and quad-grams for our model training.

tf-idf: Term frequency-inverse document frequency20 (tf-idf) reflects on the importance of a word to a document in
the whole corpus. The tf-idf value for a word increases proportionally to the frequency of the word in the document
and is offset by the number of documents in the corpus that contain the word. The offset helps in adjusting for the fact
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that some words appear more frequently in general such as ‘the’ and ‘in’. We used tf-idf for all n-grams: uni-grams,
bi-grams, tri-grams and quad-grams. The tf-idf features convey the importance of each n-gram for a document.

Causal Relation Predication

The model could either directly predict the causal relation between the medication and its ADRs or predict the Naranjo
score (Nscore) which could be used to infer the causal relation according to the conditions mentioned in Table 3. The
first approach can be referred to as a classification approach and latter can be referred to as regression approach. We
use multiple models for each approach.

Classification approach: For classification, we used multinomial naive bayes21, logistic regression22 and support
vector machine23 (SVM). All these three supervised machine learning models have been widely used for statistical
prediction modeling. We fine-tuned all the models for their different hyper-parameters before using them for predicting
causal relation label (doubtful, probable, possible and definite) on testing corpora.

Regression approach: For this approach, we used linear regression24, ridge regression25 and support vector regres-
sion26 (SVR). All these models were also fine-tuned over their hyper-parameters before using for Nscore prediction on
testing corpora.

The final proposed model is illustrated in Fig. 2

Results and Discussion

We report the results by each model using the unseen test corpus. In our experiments, the dataset was pre-divided into
training, validation and testing corpus in the ratio of 60 : 10 : 30. The evaluation metrics that compare the models
against each other are explained below.

Evaluation Metrics: We evaluated our models on precision, recall and f-score metrics as the final causal relation
prediction is limited to four classes: definite, probable, possible and definite. We report both weighted and macro-
averaged precision recall and f-score for all models in Table 5. Macro-averaged metrics are calculated by averaging
the performance across the labels and thus provide better insight on models’ performance across different labels.
Whereas weighted metrics are calculated by averaging the weighted performance of each label according to the labels’
frequency making it more biased towards the most frequent label, which is possible in our case.

Results: The relevant paragraph prediction results for clinicalBERT are provided in Table 4 and overall causal relation
prediction results are provided in Table 5. The mutinomial naive bayes model is referred to as Multi-NB, similarly, lo-
gistic regression is referred to as Logistic, support vector machine as SVM, linear regression as Linear, ridge regression
as Ridge and support vector regression as SVR. The hyper-parameters for the best performing models are provided in
Appendix A in Table 6.

Table 4: Macro-averaged precision, recall and f1-score for relevant paragraph prediction by clinicalBERT.

Macro-averaged

Label precision recall f1-score

Relevant 0.73 0.92 0.81
Non-Relevant 0.96 0.87 0.91

Overall 0.85 0.89 0.86

clinicalBERT achieves a macro-weighted f1-score of 0.86 which suggests that the model is able to categorize the
relevant and non-relevant paragraphs quite efficiently. clinicalBERT has low precision for relevant label which results
in decreasing the overall performance of the model. The recall of clinicalBERT is quite high (0.90) and it is desired
as well because it would result in extracting most of the relevant paragraphs from the EHR.

Multi-NB achieved the best macro-averaged f1-score of 0.50 amongst all the models. It also achieved the highest
macro-weighted recall of 0.50 which suggests that it was able to correctly predict the most number of causal relations
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Table 5: Macro-averaged and weighted precision, recall and f1-score for all models. The best performing scores are
highlighted.

Macro Weighted

Model precision recall f1-score precision recall f1-score

Classification
Multi-NB 0.50 0.50 0.50 0.61 0.62 0.61
Logistic 0.51 0.48 0.49 0.61 0.62 0.61
SVM 0.57 0.44 0.45 0.63 0.66 0.64

Regression
Linear 0.36 0.38 0.36 0.52 0.64 0.56
Ridge 0.36 0.38 0.36 0.52 0.64 0.56
SVR 0.39 0.43 0.40 0.54 0.65 0.59

Ensemble 0.53 0.49 0.50 0.63 0.62 0.62

across labels. Though SVR was able to achieve the highest precision of 0.57, it under-performed in terms of recall re-
sulting in lower f1-score as compared to Multi-NB. Overall, the classification models performed better than regression
models which suggests that it is easier for the statistical learning model to create boundaries across causal relation
labels than over the naranjo scores (Nscore).

SVM achieved the best weighted f1-score of 0.64 along with highest weighted precision and weighted recall of 0.63
and 0.66. Multi-NB and Logistic achieved a weighted f1-score of 0.61 which is quite close to the performance of
SVM. The weighted evaluation metrics are higher as compared to macro-averaged evaluation metrics suggesting that
the models perform better for the label with the highest frequency, which is possible in our dataset. For weighted
evaluation metrics, as well, the classification models performed better than the regression models. These results
suggest that the causal relation, between a medication and its ADRs, can be predicted with the help of deep learning
and statistical models.

We also created multiple ensemble using our classification and regression model, the best ensemble consisted of Multi-
NB and SVM which achieved the same macro-averaged f1-score as Multi-NB but improved the weighted f1-score of
the model to 0.62. The precision of the ensemble model improved by 0.03 but reduction in recall resulted in the same
f1-score as Multi-NB. Such ensemble model could be used for situations where higher precision model is desired for
a clinical judgement study.

Conclusion

In this paper, we demonstrate that the causal relation, between a medication such as an anticoagulant and its ADRs such
as bleeding, can be predicted with the help of our proposed methodology using Naranjo questionnaire. We show that
the deep learning models could be used to extract the relevant paragraphs from the EHRs according to each Naranjo
questionnaire1. These relevant paragraphs could then be used to extract textual features and predict the causal relation
directly or Naranjo score using statistical learnning models. Our proposed methodology achieves a macro-averaged
f1-score of 0.50 and weighted f1-score of 0.64 and provides a strong baseline for future research in this direction. To
the best of our knowledge, this is the first study to automate the clinical judgement study by directly predicting the
causal relation, over an EHR, between a medication and its ADRs using Naranjo questionnaire.
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Appendix A
Table 6: Hyper-parameters for the best performing models.

Model n-grams Kernel alpha epsilon use IDF

Multi-NB bi-grams - - - TRUE
Logistic tri-grams - - - TRUE
SVM tri-grams Linear 1.00E-04 - TRUE
Linear Reg bi-grams - - - TRUE
Ridge Reg bi-grams - - - TRUE
SVR bi-grams Linear - 0.3 TRUE
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Abstract 

Primary care represents a major opportunity for suicide prevention in the military. Significant advances have been 
made in using electronic health record data to predict suicide attempts in patient populations. With a user-centered 
design approach, we are developing an intervention that uses predictive analytics to inform care teams about their 
patients’ risk of suicide attempt. We present our experience working with clinicians and staff in a military primary 
care setting to create preliminary designs and a context-specific usability testing plan for the deployment of the suicide 
risk indicator. 

Introduction 

Primary care represents a major opportunity for suicide prevention in the military. Significant advances have been 
made in using electronic health record (EHR) data to predict suicide attempts in patient populations.1 Our team is 
taking a user-centered design (UCD) approach2,3 to develop an intervention that uses predictive analytics to inform 
care teams about their patients’ risk of suicide attempt. Despite substantial literature on the development of algorithms 
that predict clinical risk in a wide variety of clinical domains, few reports of real-world implementation exist, and 
there are even fewer detailed descriptions of the process of design and deployment of tools to be used by clinicians.4,5 
In this manuscript, we present our experience working with clinicians and staff in a military primary care setting to 
create preliminary designs and a usability testing plan for the deployment of the suicide risk indicator. 

Background 

Prevention of suicide in primary care 

In the Army, close to half of active duty suicide decedents have contact with a primary care provider in the month 
before death. This figure increases to over 95% in the year prior.6 Research among civilians and veterans suggests 
similar patterns.7,8 Given that healthcare in the military is readily available with no financial barriers, primary care 
may serve as a critical point for suicide risk detection and management. Although a substantial proportion of suicide 
decedents have contact with primary care shortly before death, suicide risk is rarely detected. Among civilian samples, 
only 3-31% of suicide decedents who accessed care in the year preceding death communicated suicidal intent at their 
final consultation, and only 26% of primary care providers reported concerns related to suicide during their final 
consultation with patients who died by suicide soon after that visit.9,10 Among active duty servicemembers, risk 
detection is even rarer, with suicide risk being documented in fewer than 14% of cases who died by suicide within the 
month of their final healthcare visit.6 These findings indicate grave limitations inherent to existing risk detection and 
management approaches in primary care.  

Prediction of suicide risk 

Suicide prevention begins with identification of those at risk with sufficient time to intervene. Face-to-face screening 
instruments have been the mainstay of risk prediction for decades but have been shown in meta-analysis to be near-
chance in their accuracy to predict suicidal behaviors.11 More recently, predictive algorithms leveraging statistics and 
machine learning have improved our ability to identify risk of suicidal behaviors using EHR data.1,12–15 Primary care 
is a setting particularly relevant for scalable, accurate computational screening. Primary care workflows are complex 
and mental health issues – in particular, suicidal thoughts and behaviors – are both under-reported and under-coded in 
this setting.16 Even when documented in primary care, suicidal thoughts are coded rarely, as low as 3% of the time.16 
Large-scale efforts to implement predictive models of suicidality into clinical practice are already underway at sites 
like Veterans Affairs17 and Vanderbilt University Medical Center.  
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User-centered design 

UCD is a framework of practices that attends to the usability of tools, the social and physical environment of use, and 
the goals of users throughout the design process.3 The UCD framework is the accepted standard for safe and effective 
design.18,19 UCD involves exploring the context of use, defining user needs, two phases of usability testing (formative 
and summative evaluation), and post-implementation review, as shown in Figure 1. Formative evaluation takes place 
after an initial engagement to document and understand the user environment, define user needs, and create initial 
design concepts. The evaluation is iterative, involving the (sometimes collaborative) development of mock-ups or 
prototypes that are used in scenarios enacted by user participants. Experts use standardized or customized usability 
assessment tools to identify elements that need improvement. When a design is fully elaborated, a summative 
evaluation examines the usability and future evolution of the tool, ideally in the real-world setting. In this paper we 
summarize our experience conducting the first two phases and our preparation for the third phase of UCD outlined in 
Figure 1. 
 

All interventions in healthcare practice, particularly those 
involving the presentation of data in the workflow of 
clinicians, benefit from UCD. The price of not doing UCD 
correctly is administrative burden on clinicians 
contributing to burnout20 and the potential for patient 
harm.21,22 A wealth of resources exists for design teams to 
pursue UCD, particularly in support of usability testing 
(e.g., the website usability.gov) that provides validated 
instruments and other guidance. However, a key challenge 
in UCD is developing user-centered methods for 
evaluation and iterative design improvement that are 
specific to the context of use. This is particularly important 
for clinical decision support initiatives, where the results 
of analytics may be deployed in diverse settings such as 
hospital, outpatient clinic, and emergency room. In our 
case the environment is complicated by the project taking 
place in a military setting. The environment, and the roles 
of the users, were layered with clinical and military norms. 

Methods 

This project was approved by the IRB of the Department of Defense, Naval Medical Center Portsmouth. We conducted 
two site visits to develop this analysis. In the first visit, we explored two sites, both primary care clinics on a military 
base, for deployment of the technology, meeting with staff to describe and discuss the technology and implications 
for implementation for each site. We met with the clinic leadership, behavioral health specialists, physicians, and 
corpsmen (enlisted medical specialists in the U.S. Navy). We also met with staff to explore options for data acquisition 
and de-identification. After the first site visit, we selected Clinic A for deployment of the technology. In the second 
site visit, we met again with population health staff to refine data needs and planning. At Clinic A, we conducted 
observations of routine care, focus groups with three clinical groups, and a discussion with clinic leadership. 
Experienced field researchers conducted observations of routine care by shadowing clinical team members (corpsmen, 
nurses, and primary care providers) in the clinic during patient appointments (n=5). We observed and documented in 
fieldnotes their workflow before, during and after patient interactions. We conducted three focus groups comprising 
nurses (n=7), corpsmen and medical assistants (n=8), and primary care providers (n=5). Questions centered on current 
workflows connected to the assessment of suicide risk in patients, individual strategies for detecting suicide risk, and 
challenges faced.  
 
Data collected were in the forms of fieldnotes from observations and interviews and transcripts from focus groups. 
We used a software tool, Dedoose (www.dedoose.com) to code the data. Coding involved reading the text, creating 
excerpts, and assigning one or more codes, or labels, to each excerpt. Three research team members coded the data 
using an open coding approach (i.e., coding all themes that emerge). Preliminary codes were analyzed for repeated 
ideas and elements, grouped into concept categories, and consolidated into the four major themes described below. 
We reviewed our codes and definitions in meetings to ensure consistent application of the codes. We coded the data a 
second time using the Consolidated Framework for Implementation Research (CFIR).23 In this case, the classification 

Figure 1. The user-centered design framework 
© 2017 Center for Research and Innovation in Systems Safety. 
Reprinted with permission. 
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system of a formalized, previously developed framework was the source of codes to be applied to the data. We 
attempted to use CFIR to conduct a diagnostic assessment of implementation context by selecting the constructs 
most relevant to our study setting.23 A significant challenge in applying the framework may be specific to the 
military, where members are culturally (and sometimes geographically) distinct from the rest of society. This factor 
is conceptually akin to Goffman’s notion of a total institution, where a population is formally administered 
according to a bureaucracy and regulations that differ from those of the wider community.23,24 The CFIR framework 
includes a delineation of internal and external environments. In this case, there were many elements of the internal 
environment (i.e., the clinic setting) that reflected the structure and practices of military culture (i.e., the external 
setting), such that they could not be distinguished. 
 
We defined our preliminary usability testing objectives based on the outcomes of the first site visit. These objectives 
elucidate the research questions to be pursued through usability testing, such as the most effective way to display the 
risk prediction information (e.g., wording, colors, graphics), and how users interpret and conceptualize the risk 
indicators (i.e., What does this mean? What am I going to do with this information?). We synthesized our qualitative 
analysis to identify any additional testing objectives and extract design concepts to guide prototype development.  

Findings 

We identified several distinct user groups to include in our usability testing plan in addition to primary care providers 
managing patient care. Our observations during the second site visit confirmed that other clinical team members play 
key roles in the suicide screening process, such as corpsmen and civilian medical assistants administering the existing 
standardized screening instruments (i.e., PHQ-2 and PHQ-9), and therefore would be likely to interact with the new 
intervention. Table 1 lists the expected primary and secondary user groups we identified for usability testing. 
 
Table 1. Primary and secondary user groups of the risk prediction intervention 

Primary user groups  Secondary user groups 

Physicians Corpsmen and medical assistants completing intake 

Physician Assistants Nurses providing physician clinic support 

Nurse Practitioners Nurses or other staff who generate daily patient reports 

Psychologists in the primary care clinic  

Behavioral health nurses in the primary care clinic  

 
Our qualitative analysis also identified several themes that help illuminate the way the clinical team thinks about and 
makes decisions about suicidality. Four primary themes emerged that fall broadly within CFIR’s working definition 
of context, or the set of interacting circumstances or unique factors that surround a particular implementation effort.23  
 
Suicide as a military problem 

Members across all roles of the clinic team repeatedly voiced concerns about the perceived stigma associated with 
mental health issues in the military. While a certain degree of stigmatization of mental health diagnoses and treatments 
exists in many subcultures within our society, the onus of these perceptions may be felt more acutely in a military 
setting than in a civilian setting.25 Providers indicated that the perception of this stigma is pervasive and routinely 
impacts their practice and day-to-day patient care, such as dealing with patients’ desire to avoid taking medications 
associated with mental illness or having a depression diagnosis in their medical record. For active duty personnel, this 
mindset may create substantial barriers to seeking treatment when mental health issues arise.  
 

“The thing is, as soon as they hear speak, talk, write, look – they’re out…many of them come in and they’re 
like, “No, I don’t [want] this in my record.” But I can’t do anything if it’s not in the record.” 

- Primary care provider 
 

“That’s what I tell my patients when I talk to them, “You have diabetes…you’ve got to take it because that’s 
an acceptable diagnosis. Mental health is not an acceptable diagnosis.” And by us in this room, we know that 
it’s life, it’s just as important as menopause, and having a virus and having a flu. But in the community, other 
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people – non-medical people – to put that stigma of a mental health label attached to them, and their job may 
depend on it, the stigmatism from command, their friends, their peers.” 

- Primary care provider 
 
The clinic team expressed concern that a history of mental health issues may negatively impact active duty personnel’s 
career status. When addressing suicidality, certain factors come in to play that might limit an individual’s deployment 
status. Questions about how this may affect things like military career prospects, current position, finances, ability to 
carry a weapon, and security clearance are often present. Team members indicated that some deployments and job 
responsibilities might be restricted based on mental health history, such as jurisdictions where there is a small 
command, flying planes or being on submarines. Furthermore, active duty personnel taking certain mental health 
medications must be on that medication for a set amount of time, otherwise additional clearance may be required 
before deployment. This time clock resets when the patient changes medications, a common occurrence when treating 
mental health issues. There appeared to be uncertainty around the exact implications of different factors, if any, further 
complicating active duty personnel’s willingness to seek treatment. 
 

“But they have to have treatment facilities where they’re going, and there’s certain places that they go that 
they can’t accommodate them, so they can’t go.” 

- Nurse 
 
“You never know what you can be disqualified [for] and what you can’t be disqualified [for].” 

- Corpsman/Medical assistant 
 
On top of the fear this perceived stigma creates, several clinic team members pointed out that the reality of a modern 
active duty military setting is in itself a contributor to higher stress and anxiety levels that may stretch an individual’s 
coping skills. Added pressures from family responsibilities back home when deployed or the lack of familiar social 
support systems may further contribute. 
 

“When my husband was deployed – when we were first married – we had no contact, we’d get a letter once 
every couple three months. Now, these guys are on email, you can contact them easily. So, now, you’ve got 
the wife at home with the baby, and the baby is sick, and the 19-year-old is on ship in the middle of the 
[ocean], and they’re sending him email messages and stuff. They can’t get home, they can’t help their wife... 
so, it’s this whole big cascade.” 

- Primary care provider 
 
“Especially if it’s a spouse who has no support base here because they recently moved here. They have no friends, 
no family.” 

- Nurse 
 
Suicide as a clinical problem 

The primary care team shared their perceptions about suicide as a clinical problem, which must be addressed as with 
other disease processes the primary care team encounters. They discussed the strategies they employ to identify, 
evaluate and manage the care of these patients. Some of the issues raised are likely similar in the military setting as 
those faced in a civilian primary care environment, but some appear unique or heightened in the context of active duty 
service. One significant problem raised by the team was patient turnover, making continuity of care an ongoing 
challenge for clinicians caring for patients who relocate or get deployed on a frequent basis. Patients may not express 
the same mental health concerns to another provider and building a trusted relationship where a patient feels 
comfortable raising sensitive issues may be more difficult for primary care providers in an active duty setting. 
 
Participants also discussed the realities of dealing with the complex issue of suicidality in the time allotted for a typical 
primary care appointment. A common occurrence described by the team is for a patient to come in for another issue 
and, over the course of the visit, it turns into a discussion about suicidality. Despite consistent screening with validated 
instruments (i.e., PHQ and GAD) during intake, the patient may not mention the underlying issue of suicidality until 
well into the allotted visit time with the primary care provider, which creates enormous time pressures to adequately 
address this issue while juggling a fully booked clinic schedule.  
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Clinicians expressed different comfort levels with the skills and knowledge required to effectively complete a suicide 
assessment and manage related medications. Many of the challenges of managing complex medications for mental 
health issues that these clinicians shared are not unique to an active duty military setting, such as patient compliance 
and undesirable side effects. Clinicians indicated the threshold for when to refer a patient to mental health services 
was an individual determination. 
 

“My rule of thumb is two strikes and I’m out. I’m out of the picture. If I can’t get you on the right med with 
the second med, then I refer. Because, again, that’s just a little bit outside my comfort zone; I don’t want to 
keep playing with somebody’s mind. It’s one thing to play with their blood sugar, but it’s still something 
different to play with their minds.” 

- Primary care provider 
 
“I think that might be provider preference. I’m comfortable with adjusting meds because there are thousands 
of medications to try and I’m comfortable with trying a few of them. But as long as I have patient buy-in, I 
think if I know that they’re claiming to be compliant, we have good, regular follow-up, that communication 
piece is there, I’m comfortable with continuing. But I think if they’re already on two, maybe three 
medications already, like all of them concurrently, then I’m definitely referring.” 

- Primary care provider 
 
Screening and monitoring processes 

Team members indicated that their existing suicidality screening tools (i.e., PHQ-2 for all patients, PHQ-9 as 
indicated) provide an important starting point for identifying patients at risk, but in many cases these tools alone are 
insufficient. 
 

“I’ve had lots of patients who were negative on the PHQ-2 score, but were still positive when they get…the 
PHQ-9. And so, that’s always an interesting thought to keep in the back of your mind – and that I tell my 
corpsmen – just because they are negative doesn’t necessarily mean that they’re negative. So, it’s just about 
listening to those cues and some of the things that they’re saying.” 

- Primary care provider 
 
Multiple team members described the need to go beyond the structured questionnaire and explore the issue further, 
outlining different personal strategies used to supplement the formal screening instruments. These strategies offer 
insight into the critical thinking processes staff use to form an overall impression, or gestalt view, of the patient’s 
mental health status and how they determine the appropriate next steps in each patient’s case. One participant 
described their approach of rewording the screening questions to be less direct, which patients may be more likely to 
answer in the negative, in order to get at some behaviors they consider to be warning signs (e.g., selling or giving 
away possessions). The team discussed a nuanced process of piecing together clues about the patient and balancing 
this information against the answers to the screening questions. In addition to past medical history, important 
indicators include aspects of the patient’s demeanor and appearance, such as attitude, tone of voice, and speech 
patterns, as well as information about the patient’s situation, such as what job someone is doing, whether they carry 
firearms, and their local support network (i.e., are they deployed alone, a “geo-bachelor” who is away from home and 
loved ones for the first time). Having the opportunity to get to know the patient’s baseline behavior is invaluable but 
can be difficult with the frequent relocations inherent to an active duty environment. Often the healthcare team relies 
heavily on their “gut feeling” about a patient formed through years of clinical experience. 
 

“And every once in a while, I go by feelings; something’s not feeling great.” 
- Primary care provider 

 
“…when they first come in, their eyes, their face, their actions...” 

- Primary care provider 
 
“I think it’s the interaction with the patient. That’s the only thing that’s going trigger anything is the way you 
interact.” 

- Nurse 
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Primary care providers also described the difficulty they face effectively managing high patient volumes and following 
up with their large patient panels. The follow up process for patients starting on a new antidepressant medication is 
well established – a 30-day follow up appointment is routinely scheduled before the patient leaves the office. However, 
there is no standardized process to remind a provider to follow up with individuals they may have a concern about but 
fall outside of these established parameters. 
 

“How much of our time can we really go back and really remember the one I had yesterday or the one for 
last month?” 

- Primary care provider 
 
“Rarely do you have time to search through their history and rarely do they share with you what’s going on.” 

- Nurse 
 
Conceptualizing the predictive model 

Team members expressed a range of perspectives when speculating how they might envision and react to a suicide 
risk prediction tool. Many imagined it would involve some sort of flag in the patient’s chart, perhaps similar to an 
allergy indicator, vaccine reminder, or the prompt for tobacco cessation counseling. One team member used an analogy 
of having lab values vs. “looking anemic,” speculating it could be an objective piece of information to help them 
identify this critical issue. The potential value of a new tool to help them improve risk stratification and supplement 
their own assessment resonated with some team members. 
 

“I do think it could be good. If it takes the compounded results and have a trend of the [screening tool 
scores]…if I could just see how they always scored like zero or if it’s been creeping up. Have they always 
been like a two? Because then it’s okay.” 

- Corpsman/Medical assistant 
 
For some, the idea of a new data element for suicide risk was difficult to conceptualize. Team members expressed 
doubts about how a computer could make this type of determination and that the system may not contain all of a 
patient’s information. 
 

“So I’m thinking…what are you going to use to track the system you’re talking about? What are you going 
to use to like gage how they are, you know? It’s more of like a subjective thing than objective.” 

- Corpsman/Medical assistant 
 
Others raised fears about unintended consequences from how a suicide indicator might be used in the real world given 
the perceptions of stigma and potential career impact surrounding mental health issues. Team members indicated there 
is a trust factor between the patient and the provider, and worried that if a referral to mental health appears to come 
out of nowhere, that could permanently damage that patient-provider relationship. Additional concerns expressed 
about a theoretical suicide risk indicator include the potential to use it as a basis for policy making or determining job 
duties. One team member felt a predictive indicator for stigmatized behaviors might put them in a situation where they 
felt professionally or ethically bound to act if such an indicator or “flag” appeared on the screen. Combined with the 
unique military culture that affords limited privacy for individuals in high risk roles (i.e., commanding officer may be 
able to view personnel’s medical information), this could create a conflict for primary care providers, especially those 
who are both physicians and military officers. 
 

“Because if you have a system that even though it’s not like disqualifying them, but still going to flag them. 
If I show up to my appointment and I said two years ago I was feeling kind of down and I show up to my 
appointment two years from now. And it’s like flag, this guy, suicide risk.” 

- Corpsman/Medical assistant 
 

Discussion 

We extracted a number of critical sociotechnical factors from our qualitative analysis and implementation assessment 
that will guide our prototype development and usability testing strategies. Many of the themes identified (e.g., differing 
comfort levels with suicide risk assessment and management among primary care providers, visit time constraints, 
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challenges with turnover and follow-up in large patient panels, and limitations of existing screening tools) underscore 
the need for additional tools like our proposed machine learning intervention to augment existing processes. 
Considering the identified themes about the potential for misinterpretation, perceived subjective nature of suicide risk 
assessment, and complexity of effectively addressing this issue in the context of a military primary care visit, a key 
takeaway from the qualitative analysis was the need for our prototypes to include straightforward guidance on 
appropriate actions to take for different levels of indicated risk. This guidance must be distilled down to a manageable 
set of actions that clinic staff can efficiently incorporate into existing workflows while reinforcing the essential 
screening work already taking place. 

Prototype development 

The potential for multiple distinct user groups to view the risk prediction tool while working as a collaborative 
healthcare team suggests the need for a consistent and easy to interpret prototype design that safely and effectively 
supports both primary and secondary user groups’ contributions to the suicide screening process. Because of concerns 
around interpretability, stigma (psychiatric “labeling”), and transience of periods of risk, the prototype under 
development will include transparent education around what a risk prediction might and might not indicate.26 It also 
will be informed by the need for any “flag” (a word with particular potency in the military as an administrative “flag” 
acts as a permanent marker on a military record) to be removed or lessened in displayed import over time.  

Times of transition – pre-deployment, post-deployment, at entrance or departure from active duty – have been 
identified repeatedly as times of increased risk. Prototype design will include clear, unambiguous iconography 
capturing predicted risk level, change in predicted risk level, and, if data are available, an icon indicating a recent or 
upcoming transition. Similarly, providers are mindful of their roles to either facilitate or hinder transition to 
deployment based on results of a medical evaluation. Usability testing informed by those providers’ experiences will 
ensure minimal unintended consequences of misclassification on, for example, command decisions to deploy or not. 

Providers described multiple resources in their decision-making. For example, “Go-Bys” are laminated cards with 
highly pertinent and succinct actions for a clinical problem (e.g., pneumonia evaluation and diagnostic coding 
requirements). A supporting Go-By along with prototyped EHR risk prediction visualization will be context- and 
workflow-sensitive. This prototype Go-By will include pertinent, brief education on risk indicator meanings and 
suggested actions in line with directive clinical decision support. 

Usability testing objectives 

In addition to the preliminary usability testing objectives described above, we identified several new priorities to 
evaluate during testing related to the context of use for the risk prediction tool and prototype design guidance. First, 
we identified the need for supporting resources (e.g., the Go-By and scripting) to augment the risk indicator visual 
display, thus our testing objectives were expanded to incorporate these additional components of the user interface. 
Furthermore, the Go-By will provide suggested action pathways for providers to follow. The appropriateness of these 
recommendations and their fit with existing workflows will also be incorporated into the testing plan. Lastly, our 
findings related to the complexity of suicide as a clinical problem within a primary care military setting suggested it 
was important to assess individual participant’s comfort level with suicide risk assessment, attitudes toward risk 
prediction information in general, and the perceived utility of the proposed intervention. 

Scenario development 

Our focus group findings provided rich contextual details for our team to incorporate into usability testing scenarios. 
We were able to extract a range of relevant factors to potentially include when creating realistic patient situations that 
represent the social complexity within this patient population (e.g., deployment information, career information, 
relocation information, etc.) to facilitate usability testing. Table 2 lists some of the patient and clinic visit 
characteristics that team members perceived as potentially relevant to their suicidality risk decision-making. 

Table 2. Patient and context characteristics to guide testing scenario development 

Patient characteristics 

Active duty job role  Age 

History of multiple behavioral health medications 
(2+) vs. none 

History of behavioral health diagnosis vs. none 
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Marital status Recent discharge or emergency department visit 

Family responsibilities on base vs. geo-bachelor Multiple risk factors present (e.g., young diabetes patient, 
family death, not following DM treatment plan) 

Individual coping skills level Recent call to the nurse advice line 

Imminent deployment Patient concerned about stigma if seeks help 

Visit characteristics 

Patient comes in for a separation physical Patient walks into front desk, sent by command to check 
for insomnia 

Patient here for routine checkup or unrelated 
problem, turns out more complex than expected 

Non-face to face encounter (follow-up phone call or 
virtual visit)  

Patient presented to Mental Health clinic as walk in, 
sent over to primary care 

Patient comes in for 30-day follow up appointment after 
starting a new behavioral health medication 

Risk prediction characteristics 

PHQ-2 screening is negative but risk indicator is 
high 

Supporting signs and symptoms of suicide risk are 
present vs. none present 

Corpsman reports patient states no suicidal ideology 
from full screening forms but risk indicator is high 

Risk prediction indicator changes over time (was X at 
last visit, now Y) 

 

Conclusion 

Suicide prevention in a military primary care setting is a complex and challenging effort. Informaticians need a robust 
understanding of the specific context of use, including the clinical, social, economic and organizational factors, that 
may impact deployment and adoption to successfully design and implement a novel risk prediction intervention in this 
domain. The UCD framework provides an effective way to extract these critical contextual factors early in the 
development process and systematically evaluate design concepts through well-informed usability testing plans. 
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ABSTRACT: Recent medical prognostic models adapted from high data-resource fields like language processing have
quickly grown in complexity and size. However, since medical data typically constitute low data-resource settings,
performances on tasks like clinical prediction did not improve expectedly. Instead of following this trend of using
complex neural models in combination with small, pre-selected feature sets, we propose EffiCare, which focuses on
minimizing hospital resource requirements for assistive clinical prediction models. First, by embedding medical events,
we eliminate manual domain feature-engineering and increase the amount of learning data. Second, we use small,
but data-efficient models, that compute faster and are easier to interpret. We evaluate our approach on four clinical
prediction tasks and achieve substantial performance improvements over highly resource-demanding state-of-the-art
methods. Finally, to evaluate our model beyond score improvements, we apply explainability and interpretability
methods to analyze the decisions of our model and whether it uses data sources and parameters efficiently.1

Introduction

For many machine learning tasks we can observe that more complex models with more data tend to outperform the
previous state-of-art model. Particularly deep learning approaches can implicitly learn to extract and apply task relevant
features1–8. However, complex models require more compute resources and large amounts of data to learn well – usually
the more data the better. In clinical contexts this might be an issue as large datasets are often not available. For example,
on the 2017 four-task clinical prediction benchmark by Harutyunyan92, the paradigm of applying complex models
taken from other fields, but limiting training data to a small set of expert-selected features has resulted in a stagnation
in performance – see Table 2 †. Limiting the amount of input features is based on two common assumptions. From
the medical perspective, limiting features to known ones increases trust and model interpretability. From a machine
learning perspective, it is common to limit the number of input variables (features) and discard rare ones, in an effort to
make learning easier. A welcome side effect of such limitation is that memory, compute and manual labor requirements
are minimized to meet real world time and cost limitations. However, feature limitation by expert bias prohibits the
discovery of new and unforseen correlations. Moreover, a highly limited feature set combined with relatively small
dataset does not provide enough input information to fully utilize deep learning methods. This problem is compounded
by an increasing trend to adopt the latest large, complex models with many learnable parameters from domains like
computer vision or natural language processing1–8, where data types are much more homogeneous and large scale
data can be readily exploited. On the other hand, Tomašev et al.10 provide a recent example of the performance
benefits gained from using all instead of an expert-selected feature set. However, when using hundreds of more features
with complex models, the resulting learning setup quickly becomes impractical for hospital deployment, due to the
large memory, compute and complex model interpretability. For low-data tasks we can use small embedding-pooling
based models that were originally designed as text classifiers. Those small models outperformed complex, 29-layered,
convolutional networks, while using orders of magnitude less parameters and compute11.

By combining and extenting upon these insights from other fields we propose and demonstrate the following ‘less-
but-better’ approach of using large data, with small models, called EffiCare. We introduce a resource-efficient
feature-embedding method, along with a lightweight neural architecture to process electronic health records (EHR)
efficiently. This allows our approach to be able to encode and process a large variety of information performantly. We
test our method on four different clinical prediction tasks found in the context of intensive care unit (ICU)9. Using
smaller resource-efficient models with feature-embeddings, we can handle an amount of data that would be resource-
prohibitive for large models – i.e. we train over hundreds of features, while previous (complex) models used only a few
hand-picked features5–9, given comparable compute setups. By combining two unsupervised pre-training methods11, 12,
we simplify recent ideas of embedding patient health event histories as time-stamped embedding sequences5, 7, 8, to

1Project code is at https://github.com/oguzserbetci/EffiCare.
2Originally published in 2017. Nature publication in 2019.
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‘embed-away’ the sparsity of health records. The proposed embedding and model approach greatly reduces the manual
labor required to add data sources and test new models, which enables faster development iterations. As a result of
fast development we quickly realized that less complex, pooling based models greatly outperform complex recurrent,
convolutional or self-attention approaches – both in terms of task scores and resource efficiency.

Finally, we focus on model trust and transparency through ‘model understanding’13, i.e. interpretability methods14, 15, to
inspect the model, and model ‘decision understanding’13, i.e. explainability16, to identify important medical events for
predictions. Combining ‘model and decision understanding’ allows us to verify that our models not only optimize task
predictions, but also implicitly learn to identify important biomarkers for each prediction task and that they use data
sources and model components efficiently, i.e. with little redundancies. Overall, we improve performance and minimize
labor, time, data and hardware use to help remove these major obstacles in applying state-of-the-art prognostic models
to ease the day-to-day hospital application.

Benchmark Dataset

MIMIC-III17, is an anonymized public database containing electronic-health-records (EHR) for over 40,000 patients
from intensive care units (ICU). The data is longitudinal, heterogeneous and irregularly sampled. Furthermore, there
are duplicate entries and erroneous input by the medical staff. For evaluation, we use benchmark tasks provided by
Harutyunyan et al.9. We refer to this work as benchmark or *Haru17/19. The benchmark includes four different tasks,
namely In-Hospital Mortality, Decompensation, Length of Stay and Phenotyping. In-Hospital Mortality task predicts
whether a patient will die during their stay at the hospital based on the first 48 hours of ICU admission. Decompensation
task predicts at every hour whether the patient will die in the next 24 hours. Length of Stay is the task of predicting
the remaining number of hours of a patient in ICU at each hour of stay. Phenotyping addresses the task of classifying
the diagnosis (multilabel out of 25 acute care conditions) at the end of the patient’s stay. Each task uses the data of an
individual ICU stay up to the prediction time. The resulting benchmark dataset consists of 33,798 unique patients with
a total of 41,902 ICU stays and over 250 million clinical events. Each sample corresponds to an individual ICU stay of
a patient. Our experiments use the same cohorts, including the same training, development and test data splits. To limit
information leakage, the splits are made based on individual patients, not ICU stays.

Embedding Sequential Data

Most related work in the context of prognostic deep learning models use a set of fixed features which are inserted
into a sequential neural architecture6, 8–10, expecting each particular feature at a fixed position. Opposed to that we
would like to avoid a fixed set of predefined features or techniques such as imputation. In natural language processing
we can technically use an unlimited amount of sequential embedding features for words to feed word co-occurence
semantics into a machine learning model. Such embeddings are multi-dimensional vectors, that are pre-trained using self-
supervision11, 12 such that words that share common contexts are placed close to one another in the vector space, i.e. have
a smaller cosine similarity. Inspired by this idea we encode diverse sets of events and their non-scalar values as vectors
as described in the following. To gather events, we use the same source data tables from MIMIC-III as the benchmark.
The benchmark paper constructs a set of 17 hand-picked features, which they pre-process by merging duplicate events
and cleaning values. We instead use all 4336 events from those tables. Namely, CHARTEVENTS containing the
electronic chart that displays patient’s information relevant to care, LABEVENTS containing all the laboratory test
results and OUTPUTEVENTS consisting any output fluid excreted by or extracted from the patient, such as urine output
or drain after surgery. In the training set, patients have 87 hour stays on average, where 92% of these hours have
events in CHARTEVENTS , 15% in LABEVENTS and 12% in OUTPUTEVENTS tables. If an hour has events, it has on
average 50 in CHARTEVENTS , 16 in LABEVENTS and 1 in OUTPUTEVENTS tables. The same event, e.g. heart rate
measurement, can occur multiple times within an hour. Each event consists of hours elapsed since admission, a label
such as Heart-rate or Heart-rhythm, and a corresponding value such as 89 or “asystole”.

To embed the event label into a vector representation we use randomly initialized embedding vectors and pretrained
FastText embeddings. To obtain pretrained FastText embeddings, event labels occurring together within a time step are
concatenated and written into a file – see Figure 1. Using this sequence of feature labels any word embedding method
can be applied. We use the FastText11 skip-gram method to learn those embeddings because FastText incorporates
sub-word information in token embeddings. In this way, labels that share sub-words are close-by in the embedding
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Figure 1: Concept-embeddings: Feature labels in an hour slot co-occur as a sequence of concepts, to train concept-
embeddings via FastText – see upper and right image portion. Concept-value-time embeddings: Concept-embedding
are concatenated with binned feature values and encoded time stamps. For example, the value 19 of label Respira-
tory Rate is discritized as 00100, assuming that 19 is a value in the middle range of Respiratory Rate based on training
set values. Categorical label-values like clear for lll-lung-sounds are assigned a zero vector 00000.

space, e.g. heart-rate and heart-rhythm. Learning embeddings for sub-words also helps us mitigate problems of
changing the distribution of tokens by decreasing the number of categorical features by splitting each into many with
concatenated values. After obtaining these embeddings, we use them as a non-trainable, or frozen, embedding look-up
table in our models. That way we can feed an event sequence into this table, which turns them into an embedding
sequence. Note, values in MIMIC-III are highly heterogenuous and unclean, e.g. 89, “SR (Sinus Rhythm)”, “1cm”,
“24/24”. To handle such input we first obtain unique feature labels by concatenating event names and any value that
is not a scalar, e.g. judgement-intact, ventilation rate-24/24. After obtaining the vector representation for the event
label, scalar feature value and time stamp we concatenate these features into a single ‘concept-value-time’ embedding
vector – Figure 1. Scalar feature values are discritized and encoded with a one-hot vector. For each individual feature
we calculate uniform buckets for values using the training set. Each bucket represents a value range of that feature. In
addition, two further buckets are used to deal with outliers. Categorical feature values are already included in feature
label embedding and are represented as zero vectors here. Furthermore, time bucket t in hours is included both in
logarithmic and exponential form: log(t + 1), exp(t/1000) − 1. Using this calculation normalizes the hour format
(which can go up to 1500 hours) in two non-linear ways18. The complete pipeline is shown in Figure 1.

Prognostic Multitask Model

To efficiently integrate the large amount of data features occurring in the ICU we use a small model with as few
parameters as empirically necessary. This enables us to train the model within a reasonable amount of time, despite
using thousands of features – i.e. our best performing model trained in 40 minutes × 14 epochs on a single GPU3.
During early experiments we also tested deep and shallow GRU-based and CNN based architectures, which were
significantly slower to train but performed worse than the small time-pooling based model. Figure 2 provides an
overview of our prognostic multitask model. The events from different sources (e.g. chart events) are embedded
and collected within ‘1-hour-buckets’ containing all embeddings occurring within a single hour t for that source.
The size of each bucket is patient-dependent according to the maximum number of features occurring within an
hour for that source. For hour buckets with few features we zero pad. Each embedding et from bucket at hour t
is fed into a fully connected layer (FC) with ReLU activation, followed by max, avg and normalized sum pooling

3GeForce GTX 1080 Ti with 11GB memory, 10 Core CPU and 32GB RAM.
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Figure 2: Our event-time-pooling model: Green boxes are modules without or with fixed parameters (Embedder).
The left model half shows how a single time-step of event embeddings is pooled per data input source (4 yellow sources).
We then pool over all time steps and data source features to discard unhelpful information.

over the events. The pooled outputs are concatenated to obtain an hourly patient embedding st, combined with the
pooled outputs of the other event sources. This step (A) is applied for all hours of all events since admission (until
the current prediction time snow) to generate a sequence of hourly patient embeddings from s0 to snow. Finally, all
patient embeddings up until prediction time are pooled over time. The pooled outputs are then concatenated with
the demographic embedding (B), into a patient embedding pnow that aggregates the patient’s state from admission
up until hour now. This patient embedding then feeds five fully connected layers for the four prediction tasks (see
right side of figure). As in Harutyunyan et al.9, length of stay is predicted as both 10-way classification FCLC

and regression FCLR. Task losses Ltask are weighted: .1LLC + 1LLR + 2LDECOMP + .2LIHM + 1LPHENO.

xi
t =

Ai
1 +Ai

2 + · · ·+Ai
t√

|Ai
1 +Ai

2 + · · ·+Ai
t|

(1)

While max and average pooling are commonly used normalized sum pool-
ing, see equation 1, was introduced by19, to account for the accumulation
of risk through time. In contrast to average pooling, this sum pooling also
ignores zero-padding, resulting in an additional implicit learning feature.

Configuration and Experimental Setup

For the following experiments, we trained feature representations using a FastText with a window size of 15 and default
parameters with 100 dimensional embeddings. Scalar values are discritized into 10 uniform bins with two additional
outlier bins for the 0.01 and 0.99 percentile values. Bins are calculated over the training set and are fixed at test time.
This results in a one-hot vector of length 12 for scalar-valued features and a zero vector for any categorical feature. The
fully connected layer for each table has 50 dimensions. The demographic input is sent through a two layer MLP with
dimensions 40 and 20 and ReLU activations in-between. Each task is predicted by a corresponding fully connected
layer using this representation.

We train with mini-batch size 16. For regularization, we apply input dropout with probabilities 0.15 for events and 0.1 for
whole time-steps. The demographics network is regularized with 0.3 dropout. All tasks, but especially decompensation,
have imbalanced label distributions. Thus, we use class weighting while calculating the training loss. This is equivalent
to over-sampling patients that correspond to less frequent labels. For the multitask loss, we use the same weighting as in
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the benchmark paper9, except for the fact that we train regression and classification for length of stay at the same time:
0.2 for in hospital mortality, 2 for decompensation, 1 for length of stay classification, 0.1 for length of stay regression
and 1 for phenotyping. As optimizer we use Adam with Pytorch defaults, i.e. learning rate 0.001 and betas 0.9, 0.999.
Since a few patient histories are disproportionately long, we consider only the first 30 days of each patient’s stay at
the hospital during training, as done by7, 8. At test time, we predict over all time-steps. For development and model
selection, we used the training and validation set defined by9. The test set from9 is used only to report results.

Results

See results in Table 2. As ROC scores overestimate performance under class imbalance20 we only discuss the results
related to AUC-PR and Kappa. In case of Phenotyping previous works do not provide AUC-PR results. While a higher
score represents an increase in performance for most evaluation measures, in case of MAD, a lower score is better.

Sequence embeddings of patient features majorly boosts performance: First, we evaluate our embedding-based
methods (†) against the previously best single and multitask models (*)6–9 in Table 2. For each baseline work(*),
we list the best model results only. The *Haru17/19 benchmark has the oldest results, originally published in
2017, then republished in a Nature 2019 issue9. The first two works (*) only use the 17 features selected by
*Haru17/19. Notably, more recent complex models by Ma and Song did not beat the less complex baselines by
*Haru17/19. We also see that multitask learning performs better. These observations suggests that we should
use less complex, multitask learning models with more than 17 training features. Our approaches, that use all
10,461 benchmark feature embeddings with our comparatively simple multitask models(†), outperform the base-
lines (*) on all tasks by large margins, where some scores such as length of stay MAD and decompensation
AUC-PR almost double. Furthermore, as Table 1 shows, even though our approach uses many more features, it
has a much smaller number of trainable parameters. Thus, small neural architectures that are designed for low-
resource scenarios by using fewer parameters are not only easier and faster to train, but also boost performance.

Model # Parameters # Features

*Haru17/19 MC-model (MT)9 1,225,253 64

FastText embeddings 70,528 10461
FastText event count > 100 70,528 6165
FastText only 17 *Haru17/19 70,528 75

Table 1: Number of trainable parameters and features. Each
categorical event-value counts a as a single feature. For com-
parison, the 17 features used in *Haru17/19 result in 64 in-
dividual features. FastText only 17 counts non-preprocessed
events used to construct the 64 features from *Haru17/199.

Further, we can conclude that using all available features
drastically benefits learning and that multiple tasks may
benefit each other through shared, pretrained event em-
beddings (see Embedder in Figure 2). Note that, random
embeddings do not require embedding pretraining, i.e.
requires the least modeling effort. However, when we ex-
ploit embedding pre-training via FastText11 we improve
on all metrics except length of stay Kappa.

Finally, as an in-practice near zero-effort optimization,
we retro-fit our event embeddings using the autoencod-
ing method by *Reth19124. We select optimal *Reth19
embeddings using the validation set, to gain a 4.1 point
better decompensation test score without using extra la-
bor or hardware resources. For completeness, we also mention three negative (dead-end) insights. We initially tested
many more complex models, but since using CNN and GRU layers strongly underperformed in prediction and compute
performance compared to our smaller models, we choose to not pursue complex architectures. Further, excluding the
number of hours elapsed since admission in the input embeddings hurt performance moderately, while using only max
pooling considerably hurt performance. Telling us that average and sum pooling are important components.

Early expert bias for feature limitation hurts performance: Next we analyze if early domain expert-based bias, like
feature selection or removing rare features, impacts model performance. As done in the benchmark paper9, we use
only the 17 hand-picked features to train our model, except we do not do any feature clean-up (see FastText only 17
*Haru17/19). Table 2 shows a large drop in overall performance compared to the all-features (†) FastText embeddings
model, except for Length of Stay Kappa. However, even in this low-data setting, our approach still performs much better
or similar to much larger state-of-the-art models, indicating that small models may be better suited to the data setup.

4https://github.com/DFKI-NLP/MoRTy
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Mortality Decompensation Length of stay Phenotyping
Model AUC AUC AUC-ROC AUC-PR
Single-Task (ST), MultiTask (MT) PR ROC PR ROC Kappa MAD Macro Micro Macro Micro

(*) Baselines ↓

*Haru17/19 benchmark (ST or MT) 0.533 0.870 0.344 0.911 0.451 110.9 0.77 0.825 n.r. n.r.
*Ma-Care19a,b (ST) 0.532 0.870 0.304 0.900 n.r. n.r. n.r. n.r. n.r. n.r.
*Song18 (ST, MT) 0.519 0.863 0.327 0.908 0.429 n.r. 0.771 0.821 n.r. n.r.

(†) Our models ↓

† Random embeddings (MT) 0.614 0.906 0.595 0.970 0.739 58.5 0.813 0.844 0.512 0.555
† FastText embeddings (MT) 0.654 0.916 0.615 0.981 0.735 57.4 0.820 0.853 0.520 0.574
† with *Reth19 embeddings (MT) 0.655 0.912 0.656 0.982 0.733 57.2 0.820 0.856 0.523 0.576

(†) Ablations: Filtering features from our best model↓

† FastText event count > 100 (MT) 0.654 0.917 0.596 0.981 0.734 56.6 0.823 0.854 0.522 0.574
† FastText only 17 *Haru17/19 (MT) 0.506 0.873 0.558 0.963 0.767 59.8 0.769 0.810 0.421 0.475
† FastText w/o demographics (MT) 0.651 0.913 0.587 0.982 0.725 56.8 0.818 0.851 0.520 0.574

Table 2: *Haru17/19 Benchmark test set performances for the SOTA models (*) vs. our multitask, all features
model († EffiCare). *Haru17/19 results use only 17 expert-selected features with LSTMs9. *Ma-Care19a,b are
baseline results from7, 8 (Dilated CNN, Transformers), while *Song18 is from6 (Transformers). *Reth19 are FastText
embeddings retro-fit via12. Best, worst and n.r. (not reported) scores. (ST, MT) indicate single and multitask models.

When not training with infrequent features (†FastText event count > 100), decompensation task performance decreases.
Hence, relevant rare features were dropped. Thus, when delaying domain biases like expert feature selection or rare
event filtering until after model training we can greatly improve test set prediction performance or identify resource
reduction relevant factors. Results for removal of demographic features († FastText w/o demographics) are described in
the interpretability-detail section (next page). NOTE: Standard deviations or small fixes can be found in the repo.

Interpretability for ‘model understanding’

Automation bias, is an over-reliance on decision making technology due to high system complexity and low understand-
ing. Thus, as suggested by13 we use ‘model understanding’ techniques to peer into our models’ black-box to increase
awareness of its capabilities and limitations by inspecting learned abstractions. Specifically, we analyze how our best
model combines and filters patient features and how important different model components are overall for predicting
each task. Using intepretability by14, we allow ‘model understanding’ at both a detailed and an overview level.

First, we gain a detail-view of how a model represents domain knowledge from chart or lab events for all tasks by
adapting the interpretability concept of “aggregating and visualizing what features the neurons in a model prefer”
from14, 15. This concept was introduced in image recognition to visualize a model’s learned abstractions like eyes
or noses15. The method was recently extended to visualize language model word feature abstractions14, which we
adapted to visualize what events our model components prefer during. Secondly, we aggregate activations of the learned
patient representations (patient emb in Figure 2) to gain an overview of how important different types of either domain
knowledge (data sources) or model components are for predicting each of the four tasks.

Interpretability detail-view, reveals (non-)redundancies: To visualize what low-level filters learn about individual
data sources like chart or lab events, we collect the “preferred (maximally activated) features” of each neuron in
FCCHART and FCLAB over the training set. Thus, each ‘filter neuron’ in FCCHART or FCLAB forms a distribution
of ‘preferred features’ using the method and implementation5 proposed by Rethmeier et al.14, who similarly visualized
knowledge abstraction during unsupervised language model training. In Figure 3, we see which patient features are
the most active (preferred) in two neurons of our model’s learned low-level feature filters. Note that, we see one chart
neuron plus one lab neuron out of a total 150 filters – i.e. 50 filters per chart, lab and body-output events.

5https://github.com/copenlu/tx-ray
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Figure 3: Detailed interpretability
view: Top-10 “preferred features” of two
patient-event level filters. Two filters Hi

from FCCHART and FCLAB (Figure 2).
The chart filter abstracts pain management
events, the lab filter captures urine indica-
tors. (Rare features) like ‘Bicarbonate-
Urine’ matter – see (feature count).

The presented chart data filter shows a strong activation-preference on
information regarding the need for self-controlled pain-relieve – i.e. the
patient’s perceived pain level. The presented lab filter is most active for
features that involve urine lab values. Thus, these filters implicitly learned
to abstract and cluster knowledge about pain and urine related health
indicators, even though we did not model any explicit feature clustering
or preprocessing as done in older, manual feature-engineering approaches.
When looking at the other filters, we found that many filters learned to
focus on specific clinical contexts: bed-laying pressure points, cardiology-
cholesterol measures, blood health, self-sufficiency, and diet.

Moreover, we found that data sources, e.g. body-output data, that have
fewer features than others, have an increasing number of filters with empty
feature preference distributions. This suggests that those filters may not
be necessary and could be removed to shrink the model and therefore its
hardware requirements. Interestingly, we also observed that non-empty
filters form unique feature clusters – i.e. no duplicate clusters. This in-
dicates that these filters learned to avoid abstraction redundancies, or as
representation learning terminology puts it, our model learned disentangled
representations6. Practically, efficient data representation results in a model
that uses computations and memory in terms of its parameters efficiently.
Finally, we noticed that chart event filters such as those seen in Figure 3
already encode demographics such as sex and weight. Accordingly, after
removing the demographic input data and its 2 layer MLP component, test
set performances were nearly unaffected – see † FastText w/o demographics
(MT) in Table 2. Thus we conclude that, interpretabilty helps identify and
then remove unnecessary (redundant) model components and data sources.
Importantly, such ‘model understanding’ only visualizes model abstrac-
tions, not how these abstractions are weighted to solve tasks (‘decision
understanding’), as we will do below.

Interpretability overview, data or model components relevance per
task: To gain an overview on how each prognostic task uses features
from chart, lab and output events we collect learned patient embedding
representations (see Figure 2) for all patient histories in the development
set. Next, we multiply the representations with each of the four classifier
weights. In this way we can investigate how strongly (active) each task
weights specific data sources and pooling information. In Figure 4 we see that neither of the two tasks uses body-output
feature information and that data and pooling importance vary per task. However, when we remember (see data section)
that only 12% of patient-buckets have OUTPUTEVENTS , while 92% and 15% have CHARTEVENTS or LABEVENTS ,
we understand that output events still matter, and that lab events are very important7, even though chart events dominate
by raw frequency and hence weighted activation. For decompensation sum and average pooling over a single time
step (event-level) cause both strong positive and strong negative impacts on the prediction score. Also, chart events
are the most important here. At event-level, average and sum pooling have strong impacts on predictions, while at the
pooling-over-time-level, we see that max pooling is the most impactful. We also see that average pooling over time
causes only positive impacts. Thus, each task uses data sources and network components differently.

Explainability for per-patient ‘decision understanding’

So far we only looked at understanding how the model abstracts data and uses its component to model the four tasks.
However, to also provide ‘decision understanding’13 of what features are most relevant or impactful for a specific

6https://deepai.org/machine-learning-glossary-and-terms/disentangled-representation-learning
7Due to space limitations, we do not show frequency adjusted relevance, though this is easy in practice.
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Figure 4: Feature type and pooling mechanism relevances for two tasks. The x-axis shows relevances for max, average
and sum pooling over time (high level patient embeddings). The color bars express relevances of pooling over events of
a single time step (low level data filters FCCHART , FCLAB and FCOUTP ) – see Figure 2.

top mortality indicating features ↑ impact frequency top counter-indicative features ↑ impact frequency
code-status=comfort-measures-only 0.87 161 Drain-Out-#1-Tap* -0.89 95
heart-rhythm=asystole 0.82 194 Jackson-Pratt-#1 -0.81 4102
Gastric=Emesis 0.79 1174 Ultrafiltrate-Ultrafiltrate -0.67 4163
Other* 0.74 119 Drain-Out-#1-Sump* -0.63 21
code-status=cpr-not-indicate 0.68 1150 sputum-source=expectorated -0.61 9951
code-status=comfort-measures 0.66 3044 Drain-Out-#2-Other* -0.54 140
code-status=do-not-resuscita 0.66 50477 diet-type=diabetic -0.54 14081

Table 3: Explainability-overview for In-hospital-mortality: Data features (events) that raise or lower correct
predictions for the in-hospitality-mortality task. Left: 7 most raising features. Right: 7 most score-lowering features. *
Infrequent features are important for the task.

prediction, we use the explainability method of integrated gradients (see13). We again split our analysis into overview
and detail. This allows us to see how (counter-)indicative specific event value combinations are in for predicting patient
mortality overall compared to how important events are in a single patients history.

Explainability overview of the most and least predictive features: Using the popular integrated gradients method16,
we calculate for each development set feature its impact on the prediction score of true positive in-hospitality-mortality
predictions. Table 3 shows that features like heart-rhythm=asystole or Gastric-Emesis have a strong positive influence,
whereas Drain-Out-#1-Tap or Ultrafiltrate-Ultrafiltrate have a strong negative influence on a positive prediction.
“Other” describes four identically labeled hematology events from LABEVENTS that are related to fluids: Cerebrospinal
Fluid, Joint fluid, Pleural, Ascites. As we expected, high impact features describe events that likely occur close to an
in-hospital-mortality. Importantly, we see that some infrequent features have a strong positive or negative influence on
the classification, meaning they should not be prematurely filtered.

Explainability detail: (counter-)predictive feature in a patient’s history. Figure 5 shows the attributions of input
events to a correct in-hospital mortality prediction of a single patient. The prediction is done at 48th hour as per
the task definition and the input has 3438 events in total. The figure shows events with a high (> 0.2) positive
or negative impact (attribution) on the mortality of patients that eventually died by hour 368. The events from the
initial 48 hours that are most indicative for the death of the patient are Foley=3, abdominal-assessment=ascites,
Urea-Nitrogen-Urine=3, patient-location=cc6b Lactate=4 and Anion-Gap=4. Most counter-indicative are features
like Sputum-source=expectorated, Urea-Nitrogen=2, Lactate=2 and Foley=3. This visualization lets us analyze which
events are most critical to a patients condition over time, according to the trained model.
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Figure 5: A single patients 48 hours integrated gradient explanation for a correctly predicted in-hospital mortality.
Equals are categorical values, or the bin of a scalar value, where 1 is the lowest and 10 the highest bin (Outlier bins 0
and 11 are infrequent.) The bars show accumulative positive attributions for events in 4 hour blocks for different data
sources. Colored events have a mortality prediction attribution (> 0.2). Negative attributions are counter-indicative.

Discussion & Conclusion

We presented a novel, resource-efficient patient event sequence embedding method and model, called EffiCare,
that largely improves the state-of-the-art performance on a public benchmark for patient health prediction in intensive
care units9. Due to its resource-efficient, automated design, our method is able to learn useful features from raw and
heterogeneous input without laborious feature-engineering or impractical hardware demands. The model can deal
with highly sparse, raw streaming inputs that have errors and missing values. As a result we improve patient health
prediction over clinically used severity scores21 and modern, often much more complex and computationally expensive
neural models7, 8. Besides identifying important features that were used by others9, 22, our approach uses important
features that are intuitively sound upon closer inspection. Since (global) real world application in hospitals requires
minimization of human labor, time, hardware and extensibility costs, we propose multiple modeling choices to conserve
those resources, while also producing substantial improvements over state-of-the-art methods.
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Abstract 

Significant investments have been made in patient portals in order to provide patients with greater access to their 
medical records, as well as to other services such as secure electronic communication with their healthcare 
provider(s). Unfortunately, overall, patient adoption and use of patient portals has been lower than expected. 
According to the user-centered design philosophy, including end-user voices in all stages of the design process is 
critical to a technology’s success. Thus, as a part of a larger systematic review, we examined the patient portal 
literature and identified 42 studies that reported patient’s or their caregiver’s suggestions to improve patient portals. 
The results suggest that patients and caregivers want patient portals to (i) support human connection (e.g., virtual 
patient-provider interactions), (ii) give patients more control (e.g., over their medical record) and be designed for the 
variation in patient and caregiver experiences, and (iii) be innovative (e.g., provide contextualized medical advice).  

Introduction 

Patient portals – a patient-facing, web-based technology offered by healthcare organizations to provide patients with 
read-only access to their medical records and also often provide additional features to engage patients in their 
healthcare (e.g., secure messaging) – have been in development now for at least 20 years. In that time, there have been 
hundreds of patient portal-focused studies published. These studies have contributed to this technology becoming 
more mature and widely available. They have also established the potential of patient portals to have benefits such as 
improving patient-provider communication.1 Unfortunately, in general, patient adoption and use rates have been lower 
than expected.2 

User-centered design (UCD) is defined as “an iterative design process in which designers focus on the users and their 
needs in each phase of the design process.”3 This focus on the user is essential to developing technologies, as well as 
redesigning technologies, that are useful and that will actually be used. Indeed, the extant patient portal literature has 
found that the design of portals is a key factor in their adoption and use – when portals fail to meet patients’ or 
caregivers’ expectations or needs, such as inadequately supporting multiple healthcare interactions, it negatively 
affects use.e.g.,4,5 In addition, patients want to be heard. For instance, Smith et al. reported, “An underlying finding was 
the need for patients to be listened to and taken into account when thinking about improving the tool [patient portal].”6 
Thus, using the UCD philosophy may provide insights into how to improve the design of patient portals and, 
subsequently, into how to improve patient adoption and use of this technology. This is likely why following user-
centered design principles is outlined as a key strategy to “advance the development and use of health IT [information 
technology] capabilities” in the draft 2020-2025 Federal Health IT Strategic Plan.7 

In other words, there is a critical need to better understand what patients and their caregivers want from portals in 
order to capitalize on the investments that have been made in this technology and to achieve its potential. While Nazi 
et al. recently examined the Veterans Affairs’ (VA) UCD efforts over the last decade, to which they attribute their 
portal’s relatively high adoption and continued engagement, they do not consider patient voices outside of the VA 
context.8 We address this gap through a systematic review of the patient portal literature. Through our analysis, we 
aim to gain an understanding of how patients and their caregivers believe that portals should be improved in order to 
better meet their needs and to use this understanding to develop patient portal (re-)design recommendations.  

Methods 

This systematic review follows the PRISMA standard of reporting. It is a part of a larger systematic review of the 
patient portal literature exploring the barriers to and facilitators of patient adoption and use of portals. Briefly, for this 
larger systematic literature review, we used the queries in Table 1 to search three databases: Scopus, PubMed, and 
ACM Library. The last search was conducted in May 2019. In addition to these databases, we reviewed the reference 
lists of publications and co-authors also sent potentially relevant literature. 
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We included empirical studies of technologies meeting the definition of patient portals presented in the introduction, 
regardless of the term used (e.g., personal health record, PHR, versus patient portal), and addressing at least one of 
our two main research questions: (1) Are patients registering for and using patient portals? and (2) What are the 
barriers to and facilitators of patient registration and use? Articles were excluded if they met one or more of the 
following criteria (i) literature reviews; (ii) non-electronic or non-web-based PHRs (e.g., paper, USB); (iii) web-based 
PHR not connected to a particular healthcare organization; (iv) exclusively discuss functionalities, frameworks, 
architectures, policies, internet access, or patient attitudes towards a hypothetical/future portal; (v) lack direct evidence 
of an effect on patient enrollment or use (i.e., study does not include patients or their portal enrollment and use data); 
(vi) use simulated data (e.g., pilot tests); and (vii) non-English language articles. All types of study designs were 
eligible for inclusion (e.g., controlled trial, observational). In addition, while there are unique aspects of inpatient 
portals (e.g., discharge checklist), many of the factors that affect patient engagement with this technology are similar 
to outpatient portals (e.g., health status). Thus, studies of inpatient portals were also included in this review. 

Table 1. Search queries submitted to databases. 
Database Query 

Scopus TITLE-ABS-KEY((("patient portal" OR “personal health record”) AND ("evaluation" or "adoption" or 
"barrier") OR ("effective" OR "useful" OR "utility")) AND NOT (“online medical consultation” OR “evisit” 
OR “portal vein” OR “portal pressure” OR “portal venous stenosis” OR “transjugular intrahepatic 
portosystemic shunt” OR “doppler”))* 

PubMed Search ((((health records, personal[MeSH Terms]) OR "patient portal")) AND ((evaluation studies as 
topic[MeSH Terms]) OR (barrier OR barriers OR facilitator OR facilitators OR effective OR useful OR utility))) 

ACM Digital Library ("patient portal" OR "tethered personal health record" OR "patient accessible electronic health record" OR 
"patient accessible health record") 

*The exclusion terms in the final query are based on review of the results from preliminary queries. 
 

Two authors [TLR and NA] first independently assessed the title and abstract of all identified articles for relevance. 
They then compared their judgments and resolved any disagreement through discussion. For articles not excluded 
based on title and abstract, one author [TLR] obtained and reviewed the full-texts, and excluded additional articles 
based on our criteria.  

The data extracted from included articles were pre-determined. Data items included details of the technology (e.g., 
features and functionalities), methods (e.g., study design, how enrollment or use were defined/measured), results (e.g., 
barriers to and facilitators of patient engagement), conclusions, and risk of biases (e.g., selection bias). Importantly 
for this paper, we also systematically extracted any patient or caregiver suggestions for improvements to the portal. 

We analyzed the subset of papers that reported these suggestions using an inductive qualitative approach to identify 
emerging categories and the constant comparative method of data analysis.9 

Results 

Using the search strategy outlined above, and after de-duplication, we identified 1,390 unique potentially relevant 
articles. We excluded 848 of these based on a review of the titles and abstracts, with the most common reasons being 
that they reported patient attitudes towards portals only or on the design and development process only as opposed to 
actual use. We then reviewed the full text of the remaining 542, and determined that 202 were relevant and were, thus, 
included in the larger review. Among these, we identified 42 publications (21%) that reported asking their participants 
for suggestions to improve the organization’s patient portal. We focus on this subset of the literature in the remainder 
of this paper. Figure 1 presents an overview of the identification and screening processes. 

Study Characteristics 

Studies that reported patient or caregiver perceptions of how the patient portal could be improved (N=42) were 
published between 2003 and 2019, with over half (n=28, 66.7%) being published in the last 5 years. The most 
commonly reported study setting was a hospital/medical center (n=10, 23.8%), followed by two or more primary care 
practices (n=9, 21.4%) and health systems (n=6, 14.3%). A large majority of studies focused on adult patient 
populations (n=25, 83.3%). Among these, five specifically studied older adults (most commonly defined as 65 years 
and older), three veterans, one pregnant women, and one patient-couples. Only two of the studies that focused on adult 
patient populations explicitly included caregivers. In addition, half of the included studies did not concentrate on a 
particular condition. Among the remaining 21 articles, 15 focused on chronic conditions (71.4%), with diabetes 
mellitus being the most common (n=7, 33.3%). Finally, qualitative study designs were most frequently used (n=12, 
28.6%), followed by cross-sectional (n=10, 23.8%) and mixed methods (n=7, 16.7%). Thirty of the 42 included studies 
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reported collecting data through surveys or questionnaires (71.4%) and 18 through interviews (42.9%), other methods 
were less commonly reported (e.g., focus groups). 

 
Figure 1. PRISMA flow diagram for the selection of literature reviewed. 

 

Patient and Caregiver Suggestions for Improving Patient Portals 

Five main categories of patient suggestions for improving patient portals and patient portal engagement emerged 
(N=42): Information (n=28, 66.7%), Features/Functionality (n=26, 61.9%), Usability (n=17, 40.5%), 
Training/Support (n=11, 26.2%), and Implementation (n=2, 4.8%). We present our findings related to each of the main 
categories in the sub-sections below; they are also summarized in Table 2. 

Information 

The most commonly reported recommendation was to improve the information provided in the portal (N=28). 
Specifically, patients want faster information (n=5, 17.9%), better or more explanations (n=13, 46.4%), more personal 
health information (n=15, 53.6%), more personalization (n=8, 28.6%), detailed information rather than simplified 
(n=3, 10.7%), more resources and education (n=5, 17.9%), and more transparency (n=4, 14.3%). 

Patients desire faster information, including more timely email responses, release of test results, and updates following 
clinic visits.5,8,11,18,21 They also want better or more explanations of medications, laboratory results, and medical 
terminology.11,13,22–24,26–33 For example, Pillemer et al. reported that their participants wanted at least minimal provider 
interpretation with their laboratory results,26 while O’Leary et al. found that their participants wanted additional 
information about medications such as both the brand and generic names.22 In addition, many studies reported that 
their participants wanted more personal health information,8,10–22,32 including doctor’s notes, care plans, test results 
from other healthcare organizations, radiology results, and cardiology reports. Dalal et al.’s participants also 
specifically noted the importance of keeping the personal health information in the portal up-to-date.16 

Eight studies reported that patients want more personalization – in terms of the information presented to them or that 
is requested from them through the portal. For instance, through qualitative interviews, Gee et al. found that their 
participants wanted to customize the portal to see only the data and information relevant to their specific chronic 
condition.18 Similarly, de Jong et al. asked their participants to regularly submit questionnaires (e.g., pain level), but 
some of their participants did not find the questionnaire relevant to their condition, and recommended requesting 
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condition-specific information in the future.32 In addition, one study found that patients wanted contextualized medical 
advice17 and another reported that patients wanted the portal to predict their information needs.6 

Although some studies found that their participants wanted the explanations or their personal health information in 
“patient-friendly” or “lay” language,e.g.,20,24 other studies reported that their participants wanted detailed information 
as opposed to simplified patient versions.30,31,34 Indeed, even within studies this sometimes varied. For instance, Kim 
and Fadem received polarized feedback from their older adult participants – some strongly preferring simplicity and 
others comprehensiveness.30 This suggests that it may be preferable to provide patients with the raw clinical data with 
an easily accessible interpretation of that data and/or explanation of medical jargon rather than just a simplified patient 
version. Given the desire for personalization, another possible solution may be to allow patients to customize their 
view of their information. 

Five studies found that patients wanted more resources (e.g., facility information such as maps and quality of care 
information8,19) and/or education (e.g., online education programs8) – either integrated into the portal or links to 
additional information and resources outside of the portal. Finally, patients want more transparency around portal 
use.21,25,29,33 For instance, King et al.’s mixed methods study of 18 caregivers of children with physical and 
developmental disabilities revealed that caregivers wanted more transparency around the “scope of confidentiality” 
and portal access after discharge from the pediatric rehabilitation hospital.21 

Features/Functionality 

Patients want additional features/functionalities, as well as existing features/functionalities to be improved (N=26). 
These generally fell into five main categories: Support for key activities (n=15, 57.7%), More control (n=23, 88.5%), 
Reminders and notifications (n=7, 26.9%), Other features/functionalities added (n=5, 19.2%), Other 
features/functionalities improved (n=7, 26.9%). First, patients want more support for communication with their 
provider(s), including virtual healthcare tools such as messaging and videoconferencing5,8,16,22,31,33,35 and features that 
inform their healthcare provider(s) of their status, such as provider notifications related to the patient’s medication 
adherence.16,28 In fact, one of Kim and Fadem’s main findings from their mixed methods study was that 
communication with providers was the main focus of their older adult participants, and that they viewed the portal as 
“one part of a larger communication system.”30 In addition, patients and caregivers also want support for the 
administrative work associated with being a patient, including scheduling appointments, paying bills, and filling 
prescriptions.4,5,8,14,23,27,35 Finally, less commonly identified, but critical for patients and caregivers with more complex 
situations were support for caregiver and family care coordination (e.g., family calendar)5,29,31 and complex care (e.g., 
check for medication interactions).8,30 

Second, although patient portals are owned by healthcare organizations and tend to be primarily populated with clinical 
data generated by healthcare providers (e.g., doctor’s notes, laboratory results), patients want more control. For 
example, they would like to be able to contribute to their health record by adding or correcting data.4,11,14,18,23,27,35,36 
They also want the ability to share their record with and among others, including caregivers,8,16,35 healthcare providers 
within and/or outside the healthcare organization,4,5,8,14,20,21,28,30,35,36 and trusted institutions.35 Nazi et al. specifically 
investigated patient preferences for the type of access they want delegates to have, and found that most of their 
participants wanted their delegates to have read access with print and download capabilities.8 In addition to control 
over their health record, patients would also like more control over communication with their healthcare provider(s), 
including what is submitted to their physician (e.g., ability to create own topic as opposed to having to choose from a 
dropdown menu);36,37 when and how information is received29,30,38 and requested;32 and more options for and control 
over with whom they are communicating.18,21,24,25 

Third, seven studies reported patient or caregiver suggestions related to reminders and notifications. Specifically, four 
found that their study participants wanted reminders for events such as upcoming appointments, when it is time to 
refill a prescription(s), and when preventive care is due.8,23,28,35 In addition, four studies reported that patients or their 
caregivers suggested providing notifications when new content or features become available such as new test 
results.8,11,25,33 

Finally, there were also several less commonly reported features/functionalities requested, including tools for self-
tracking,32,35 decision making,8 peer-to-peer support,8 and inpatient stays (e.g., order food/room service),16,19 as well 
as requests to improve certain portal features/functionalities such as for reviewability (e.g., ability to record 
videoconference visits),32 convenience (e.g., automatic upload of home readings from different types of devices),23,32 
flexibility (e.g., adjust the frequency of reminders32), and awareness (e.g., ability to track status of a question24).  
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Table 2. Summary of patient and caregiver suggested improvements reported in the 42 included studies. *NOTE: 
Percentages do not add to 100%, because many studies reported more than one category. 

Improvement Categories No. (%) Patients want: 
Information 28 

(66.7%) 
• Faster information (e.g., updates from clinic visits)5,8,11,18,21 
• Better or more explanations, especially of medications, laboratory results, and medical 

terminology11,13,22–24,26–33 
• More personal health and healthcare information8,10–22,32 that is kept up-to-date16 
• More personalization, including more personalized information (e.g., condition-specific) 

provided11,18,20,21,23 and requested,32 contextualized medical advice,17 and information 
needs anticipated6 

• Detailed information rather than simplified patient versions30,31,34 
• More resources (e.g., facility information) and education (e.g., online education 

programs)8,11,19–21  
• More transparency (e.g., will they be able to access after discharge, why days/times are 

blocked from online appointment scheduling)21,25,29,33 
Features/Functionality 26 

(61.9%) 
• Support for:  

o communication with their provider(s), specifically adding virtual healthcare tools 
(e.g., messaging, video conferencing)5,8,16,22,31,33,35 and informing their healthcare 
provider(s) (e.g., status of discharge checklist viewable to providers;16 notifications to 
provider specifically medication/adherence-related28) 

o administrative work (e.g., scheduling appointment, paying bills)4,5,8,14,23,27,35 
o caregiver and family care coordination (e.g., family calendar)5,29,31 
o complex care (e.g., check for medication interactions,8,30 ability to request multiple 

medication refills at once,28 ability to prioritize medications32)  
• More control over:  

o their health record, including the ability to correct or add data;4,11,14,18,23,27,35,36 the way 
data is displayed and the type of data collected;31–33 where and when they can access 
it (e.g., ability to access outside hospital);20 and the ability to share with and among 
others,8 specifically caregivers,8,16,35 healthcare providers (within and/or outside 
healthcare organization),4,5,8,14,20,21,28,30,35,36 and trusted institutions35 

o communication, including what is submitted to physician (e.g., ability to create own 
topic);36,37 when and how information is received29,30,38 and requested;32 and more 
options for and control over with whom they are communicating18,21,24,25 

• Reminders (e.g., upcoming appointment, refill prescriptions, preventive care)8,23,28,35 and 
notifications when new content or features available,8 including new data such as 
laboratory results11,33 and secure messaging activity25 

• Other features/functionalities added, including for self-tracking (e.g., diary),32,35 decision 
making (e.g., advance care planning),8 peer-to-peer support (e.g., online health forum),8 
and inpatient stay (e.g., more entertainment/non-health content and the ability to order 
food online/room service)16,19 

• Other features/functionalities improved, including for reviewability (e.g., ability to record 
and store videoconference visits32), convenience (e.g., automatic upload of home readings 
from different types of devices23,32), flexibility (e.g., printer-friendly formats,20,36 ability to 
set different reminders for weekdays and weekends,38 to have reminders work in different 
time zones,38 and to adjust the frequency of reminders32), and awareness (e.g., preview of 
messages32 and the ability to track status of a question24 and delivery of filled 
prescriptions8) 

Usability 17 
(40.5%) 

• More user-friendly format, easier to use and navigate (e.g., important tabs/features visible, 
keep simple, include standard email features)6,8,11,18,25,30,32,37,39–41  

• Better display of information,40 especially laboratory results (e.g., provider annotations, 
highlight abnormal, graph)15,16,30 and large amounts of information16,24,25,30 

• More platform options (e.g., smart phone application)5,8,32,37 
• Burden to log-in to be minimized (e.g., automatic log-in from email)11,17,29 
• Improved accessibility (e.g., visual impairment, multiple co-morbidities)11,25,29  
• Other usability improvements,15 including reduced constraints (e.g., days/times blocked 

from online appointment scheduling),29 and notifications before automatic actions (e.g., 
before a session times-out)8 

Training/Support 11 
(26.2%) 

• Education, training, or support17,18,21,27,42 (person, not web-based video or guide,6,43 and 
someone outside of the busy clinical team29) 

• More or clearer instructions,29,40,41 including examples of appropriate questions and 
comments (secure messaging)24 

Implementation 2 
(4.8%) 

• Organization-wide acceptance, with portal use embedded in routine practice, and uniform 
patient experience (e.g., implementation of features, response times)21,29 

• Marketing that captures patient stories29 and that promotes proxy users29 
• Computer literacy screening29 

 

1074



  

Usability 

The most common suggestion related to usability was to make the portal more user-friendly and, in particular, easier 
to use and navigate.6,8,11,18,25,30,32,37,39–41 The studies that reported more detail found that patients wanted the portal’s 
organization to be clear and intuitive and navigation to be simple, especially for completing common tasks, while not 
obscuring any of the portal’s functionality (e.g., important tabs/features should be visible).6,8,25,30,41 Patients also 
commonly requested better display of information in general, and particularly of laboratory results (e.g., highlight 
abnormal values) and large amounts of information.15,16,24,25,30,40 For example, one mixed methods study of older adults 
found that many of their participants wanted to be able to filter out medications that they took for only a short time 
(and are no longer taking), so that they could view a list of only the medications that are relevant (i.e., the ones they 
are currently taking).30 

Patients or their caregivers also requested more platform options, especially a smart phone application.5,8,32,37 In 
addition, the burden to log-in should be minimized, such as enabling automatic log-in from an email message,11,17,29 
and accessibility should be improved (e.g., larger font). Patients want portal designers to be especially cognizant of 
the many users with challenges, including visual impairments and multiple co-morbidities.11,25,29 Finally, other less 
commonly mentioned usability improvements include reduced constraints (e.g., days/times blocked from online 
appointment scheduling)29 and notification before automatic actions (e.g., log-out).8 

Training/Support 

Eight studies reported that patients or their caregivers want more portal education, training, or support.6,17,18,21,27,29,42,43 
Two studies found that their participants want human connection as they learn about the portal and how to use it, as 
well as when they encounter issues.6,43 These users do not feel that a web-based video or guide is sufficient. Price-
Haywood et al. found that patients believe that someone outside of the busy clinical team may be best able to provide 
an introduction to the portal, especially for those with low computer self-efficacy.29 In addition, patients want more 
or clearer instructions for using the portal and its features.29,40,41 For instance, Wilcox et al. found that their participants 
wanted examples of appropriate questions and comments to send through secure messaging.24 

Implementation 

Two studies reported patient suggestions related to implementation. Of note, one of these studies reports suggestions 
from a patient advisory board, which includes patients that are portal users and non-users, based on the results from a 
survey of 247 older adult patients.29 The advisory board recommended marketing that captures patient stories to show 
the benefits of using the portal and that promotes proxy users to help address concerns about patient self-efficacy in 
using the portal.29 They also recommend screening for computer literacy to identify individuals who may need 
additional assistance.29 Finally, patients want a consistent experience, including the features available and response 
times, across providers.21,29 This suggests that organization-wide acceptance is critical. 

Discussion 

A relatively small proportion of the patient portal literature reported patient or caregiver suggestions to improve patient 
portals. Among those that did, the most common requests were to improve the information provided through the portal 
(e.g., more timely information, better or more explanations of medications and laboratory results) and its 
features/functionalities (e.g., support for communication with providers). While there are several logistic and policy 
implications of these findings, such as related to the timing of the release of laboratory results through portals (i.e., in 
general, sooner is better), we are going to focus our discussion around three key overarching recommendations based 
on our findings (1) support human connection; (2) give patients and caregivers more control and design for variation; 
and (3) keep innovating. 

Support Human Connection 

First, whether it is features that connect them to their healthcare provider(s), caregivers, or peer patients or how they 
are introduced to the portal and receive technical support, patients and caregivers want human connection. This may 
be especially true for certain populations that have been less likely to adopt and use patient portals (e.g., older 
adults).e.g.,30 In terms of connecting patients and providers, many portals offer secure messaging, and 
videoconferencing tools are also becoming more common.44 However, in addition to usability issues with portals that 
can make it difficult for patients to find and use these features,e.g.,25 healthcare provider acceptance of these tools varies 
significantly, which also affects patient acceptance.e.g.,25,27,45,46 Thus, it is important to continue to improve these 
features, including by making them intuitive to use (e.g., making the secure messaging feature similar to commonly 
used email clients25) and by making all virtual interactions reviewable so that cognitively and emotionally burdened 
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patients and caregivers are able to revisit the interaction at their convenience.32 Furthermore, taking steps to promote 
provider acceptance is critical. For instance, research suggests that pre-implementation efforts such as reassuring 
providers that the organization is ready for the change was associated with healthcare provider support for a portal.47 
It also includes addressing the common provider concerns about disruptions in workflow, increased workload, and 
reimbursement for virtual interactions.e.g.,48,49 

Unfortunately, there can be tensions inherent to balancing patient and healthcare provider needs. For example, one of 
the ways that many healthcare organizations have addressed physician concerns about secure messaging is to have 
another member of the healthcare team (e.g., medical assistant, nurse) first review and triage the messages, reducing 
the number of messages to which the physician must respond. However, this can be contrary to patients’ desire to 
have more control over with whom they communicate through secure messaging. In this case, one potential solution 
that also aligns with the results of this review is simply increasing the transparency around how a particular provider 
handles secure messages (i.e., do they personally review and respond to all messages?). Exploring patient perceptions 
of such compromises is a key avenue for future research.  

Beyond connecting patients and healthcare providers, patient portals also have the potential to provide social supports 
(e.g., informational, emotional)50 to patients and their caregivers, among families, and among peer patients. Supporting 
existing relationships and providing a space to build new ones around shared health experiences and needs, especially 
for those with complex situations (e.g., families with multiple children with health conditions), are important ways 
that patient portals could be improved to better meet patients’ needs. 

Give Patients More Control and Design for Variation 

Second, patients and caregivers want more control over their health record and, as mentioned above, communications 
with healthcare providers. Part of this control includes being able to contribute to their medical record both in terms 
of adding data (e.g., patient-generated health data such as self-tracking data) and making changes (e.g., if a mistake is 
identified). While there may be barriers to giving patients more control (e.g., liability issues with allowing patients to 
amend their record without any restrictions), in some cases it may be possible. For instance, research suggests that co-
authoring clinician’s notes could be feasible, acceptable, and beneficial.51,52 Opportunities for more patient 
contribution to and ownership over their medical record should continue to be explored. 

Even among patients that share similar characteristics (e.g., in the same age group), there can be significant variation 
in what patients want (e.g., simplified versus comprehensive).e.g.,30 Now consider the vastly different contexts of the 
spectrum of patients and caregivers – from patients who only interact with the healthcare system when they have an 
acute illness (e.g., influenza) to patients that generally only need annual preventive care visits to patients with a chronic 
condition to patients with multiple chronic conditions to parents of multiple children with chronic conditions (and 
everything in between). A portal that meets patients’ and caregivers’ needs must be designed for this variation and 
must be flexible, enabling customization based on the user’s needs, preferences, and values. This could also give users 
some of the control they desire. 

Keep Innovating 

Finally, our findings suggest that patients and caregivers recognize the unmet potential of patient portals and want 
them to do and be more. For example, patients want access to medical records from multiple providers regardless of 
institutional boundaries.e.g.,11 In addition, they also want to receive contextualized medical advice17 and decision 
support8 through the portal. Rather than just meeting minimum requirements, continued innovation, both in terms of 
the technology and policy, is needed in order for portals to truly achieve their potential. 

Limitations 

This systematic literature review has several limitations. One of the most important is that research suggests that key 
voices are largely missing from the patient portal literature (e.g., low income patients) and, thus, we likely have an 
insufficient understanding of what these patients and their caregivers want. More research focusing on these 
populations and how to improve their adoption and use of patient portal technology is needed.53 In addition, while 
users recommended these improvements to patient portals, and there is some evidence to suggest that implementing 
user suggestions is correlated with improve adoption and use,8 few studies have evaluated the effects of making these 
improvements. Future research should investigate which improvements are most effective in different contexts. 
Finally, while two reviewers participated in the screening phase of the review (where the majority of papers were 
excluded), only one reviewer assessed the full texts, which could have introduced bias. Despite these limitations, this 
systematic review provides important insights into what patients and their caregivers value in portals, which is 
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important for a user-centered design approach. A natural next step would be to assess whether major electronic health 
record vendors’ portals meet the patient and caregiver needs described in this paper. 

Conclusion 

Understanding what users and potential users want from patient portals, and improving portal design accordingly, 
could be an effective way to increase adoption and use. Existing research suggests that patients and their caregivers 
want more human connection and control over their health record and their communications with their provider(s) 
through the portal, as well as more innovation. However, more research is needed to ensure that all patient voices are 
heard and to evaluate the effects of improving portals based on patient and caregiver suggestions. 
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Abstract

Phenotyping algorithms are essential tools for conducting clinical research on observational data. Manually devel-
oped phenotyping algorithms, such as those curated within the eMERGE (electronic Medical Records and Genomics)
Network, represent the gold standard but are time consuming to create. In this work, we propose a framework for
learning from the structure of eMERGE phenotype concept sets to assist construction of novel phenotype definitions.
We use eMERGE phenotypes as a source of reference concept sets and engineer rich features characterizing the con-
cept pairs within each set. We treat these pairwise relationships as edges in a concept graph, train models to perform
edge prediction, and identify candidate phenotype concept sets as highly connected subgraphs. Candidate concept
sets may then be interrogated and composed to construct novel phenotype definitions.

Introduction

Phenotyping algorithms are essential tools for conducting clinical research on observational data. Developing pheno-
types in a high-throughput manner, however, remains a major challenge1. In practice, phenotype development often in-
volves identifying and iteratively refining sets of concepts from controlled terminologies (herein “concept sets”) which,
when composed with rules, yield a phenotype definition. This expert-driven, manual process is time-consuming, and
it remains a persistent bottleneck in phenotype development. As such, past efforts have tried to minimize the resource
burden associated with phenotype concept set curation2–4. Most of these works have formulated the problem of con-
cept set construction by considering the concept as the base instance and developing concept feature representations.
In this work, we consider the concept pair as our base instance.

For our purposes, a phenotype is an observable manifestation of a clinical entity (e.g. a disease). Each phenotype is
represented by one or more concept sets. If we treat concepts as nodes and concept pairs as edges, then a concept set is
a fully connected subgraph, or clique, within a larger concept graph. From this perspective, constructing a phenotype
concept set is equivalent to constructing a concept clique.

We learn how to build concept sets by first learning how to predict edges in the concept graph. We do so by training
binary classifiers on rich concept pair features; a concept pair is a positive instances if both concepts belong to a
common phenotype concept set, otherwise it is negative. To obtain ground-truth concept-pair labels, we extract a
reference set of concept sets from the eMERGE Network’s Phenotype KnowledgeBase (PheKB) phenotype definitions.
We evaluate our concept pair prediction models on held-out PheKB concept pairs (positive) and random samples of
concept pairs not found in any PheKB phenotypes (negative).

Once trained, our models estimate edge likelihoods for all possible concept pairs. We propose two approaches to
recovering highly connected subgraphs from these edge likelihood estimates to serve as candidate phenotype concept
sets for use in phenotype construction: maximal clique and greedy concept set construction. We evaluate the ability
of each method to recover all concept pairs from a sample of fully held-out PheKB concept sets.

1 Methods
1.1 Phenotype Reference Sets

Our datasets are derived from the eMERGE phenotypes, standardized vocabularies from the Observational Medical
Outcomes Partnership Common Data Model (OMOP CDM) as defined by the Observational Health Data Sciences and
Informatics (OHDSI) Program, and clinical data from New York Presbyterian Hospital, a major tertiary care hospital,
formatted to the OMOP CDM standard5. The standardized vocabularies describe ontological relationships among
clinical terms such as conditions, procedures, measurements, and observations, all referred to in this work as concepts.
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3           444222  234343
3           444222  209489
0           444222  383902
0           314343  564533
0           223333  209489

 C1          C2       Prob. Edge
357843  567632          0.99 
357843  234676          0.95 
234676  567632          0.90
357843  224567          0.75 
234432  456776          0.50
356774  234423          0.33
134665  453421           0.01

 C1          C2       Prob. Edge
357334  672542          0.99 
135564  345678          0.95 
453246  234567          0.80
123677  542356          0.75 
567345  764234          0.50
235675  843567          0.33
234674  952224           0.01

Edge Probabilities:

Figure 1: Visual summary of reference set curation, feature engineering, and edge prediction. Columns C1 and
C2 represent pairs of concepts pairs, Model abbreviations: LR (L1)- Logistic Regression with L1 penalty, LR (L2)-
Logistic Regression with L2 penalty, RF- Random Forest, AB- Adaboost, GB- Gradient Boosting, DT- Decision Tree,
and NB- Naive Bayes.

We generate a reference set of phenotypes from clinically validated Phenotype KnowledgeBase (PheKB) phenotype
definitions from the eMERGE Network, including a broad range of disorders such as diabetes, autism, cataract, and
severe childhood obesity6, 7. We treat this reference set as a ground truth source of phenotype concept sets. For each
reference set phenotype, we extract all disease (ICD-9-CM, ICD-10-CM), procedure (HCPCS, CPT-4, ICD9Proc,
ICD-10 PCS) and measurement (LOINC) codes. We then map these codes to concepts in the OMOP standardized
vocabularies.

We use the structure of the OMOP standard vocabularies and concept observations in clinical data to build features for
all concept pairs within our reference set. We describe these features in detail below.

1.2 Concept pair features

We developed 21 different features describing pairwise relationships among concepts. Each pair is characterized by
their co-occurrence, semantic, lexical, and embedding similarity, and a binary indicator encoding the presence or
absence of the pair in any of our phenotype concept sets. We categorized each of the newly created features within
one of four categories: lexical, semantic, co-occurence, and concept embedding.

Lexical features. Our lexical features measure the degree to which two concepts, ci and cj , are similar linguistically.
Each measure operates on the string representation of each concept’s name, si and sj . We calculated 5 lexical features
for each concept pair:

• Levenshtein distance: A recursive definition for the absolute Levenshtein distance between si and sj is as
follows:

LevDistsi,sj (m,n) =


max (m,n) ifmin (m,n) = 0,

min


LevDistsi,sj (m− 1, n) + 1

LevDistsi,sj (m,n− 1) + 1

LevDistsi,sj (m− 1, n− 1) + 1(sim 6=sjn)

otherwise.

where m and n index character positions in si and sj . The distance is calculate for the full strings by passing in
there lengths, |si| and |sj |.
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• Levenshtein ratio: Normalizes the Levenshtein distance by the maximum length of each concept string, si and
sj .

LevRatio(si, sj) =
LevDistsi,sj (|si|, |sj |)

max (|si|, |sj |)

• Jaro: Measures similarity between si and sj in terms of character transpositions.

Jaro(si, sj) =

{
0, if m = 0,
1
3 (

m
|si| +

m
|sj | +

m−t
m ) otherwise.

where m is the number of matching characters and t is half the number of character transpositions in si and sj .

• Jaro-Winkler: A modification of Jaro metric which gives higher weight to strings that match beginning at a set
prefix proportional length. We use l = 0.1:

JaroWinkler(si, sj) = Jaro(si, sj) +
l

10
(1− Jaro(si, sj))

• Fuzz partial ratio: Based on Levenshtein distance. Fuzz partial ratio focuses on substring matching.

FuzzPartialRatio(si, sj) =

{
1, if si is a substring of sj ,
LevRatio(si, sj) otherwise.

Semantic features. The similarity score between two concepts, ci and cj , is based on the likeness of their meaning
or semantic content. This set of features is meant to represent the semantic overlap between each concept. Eight
different semantic features were extracted:

• Ancestry indicator: Indicator function to determine ancestry of concepts.

AI(ci, cj) =

{
1 ci, cj are ancestors,
0 otherwise.

• Semantic similarity: Let dist(ci, cj) measure the minimum path distance between concepts ci and cj in their
graph of origin. Semantic similarity takes the ratio of the distance between the nearest common ancestor ca of
concepts ci and cj , and their respective distances to the root ancestor R.

SemSim(ci, cj) =
2× dist(ca, R)

dist(ci, R) + dist(cj , R)

• Resnik’s similarity8: Information content (IC) is the sum of the empirical log probabilities of a concept and
all its descendants. Given two concepts, ci and cj , the maximal information content ancestor (MICA) is the
common ancestor with the largest IC. Resnik similarity is the IC of the MICA.

SimResnik(ci, cj) = IC(MICA(ci, cj))

• Jiang measure9: This measure is based on Resnik’s similarity. This measure considers the information content
of the two concepts ci and cj as well as that of there MICA.

SimJiang(ci, cj) = 1− (IC(ci) + IC(cj)− 2× SimResnik(ci, cj))
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• Lin measure9: This measure reweights the Resknik’s similarity to account for the IC of each concept being
compared. If ci or cj have high (low) IC, the Resknik’s ratio will be down (up) weighted.

SimLin(ci, cj) =
2× SimResnik(ci, cj)

IC(ci) + IC(cj)

• Relevance measure9: Let p(c) be the empirical probability of concept c and all its descendants. The relevance
measure weights the Lin measure by 1− p(MICA(ci, cj)).

SimRel(ci, cj) = SimLin(ci, cj)× (1− p(MICA(ci, cj)))

• Information coefficient9: This measure builds upon the Lin measure, and is an improvement of the Relevance
measure. The adjustment term is more sensitive to the information content, especially for those concepts that
are close to the root (i.e. have empirical probability close to 1) or the leaf (i.e. have empirical probability close
to 0) of the taxonomy.

SimIC(ci, cj) = SimLin(ci, cj)×
SimResnik(ci, cj)

1 + SimResnik(ci, cj)

• GraphIC measure9: GraphIC was originally developed to compare the portion of the Gene Ontology graph
shared by a pair of proteins. The metric takes all common ancestors of two concepts into account. Below, A(c)
returns all the ancestors of a concept, c.

SimGraphIC(ci, cj) =

∑
t∈A(ci)∩A(cj)

IC(t)∑
t∈A(ci)∪A(cj)

IC(t)

Co-occurrence features. Co-occurrence matrices are computed based on domain tables from the latest OMOP CDM
(inpatient and outpatient data) database available from New York Presbyterian Hospital-Columbia University Medical
Center. Domain tables include conditions, procedures, drugs, measurements, and observations. Concept co-occurence
is calculated based on the frequency with which two concepts, ci and cj , co-occur within windowed patient time-
series. We used various time windows to measure the co-occurrence matrices, including 60 days, 90 days, 180 days,
360 days, and lifetime.

Concept embedding features. The GloVe algorithm10 is run on the single visit, 180 day, 5 year, and lifetime co-
occurrence matrices to generate concept embeddings. We then calculate a cosine similarity matrix for all concept pairs
based on each concept’s embedding.

1.3 Concept pair prediction

We may train any binary classifier to perform concept pair prediction. Therefore, we experiment with a suite of models
to explore how various model types perform within our framework. We train our models to predict if two concepts
should appear together within a phenotype concept set using the rich concept pair features described above. Later we
describe how these models are used to build concept sets.

Models. We use binary classifiers implemented in the popular SciKit Learn Python package11 including L1- and
L2-regularized logistic regression, naive Bayes, decision trees, random forest, gradient boosted trees, and adaboost.
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Experiments and Evaluation. Our datasets are heavily imbalanced due to the fact that the overwhelming majority
of concept-pairs do not occur within a phenotype concept set. To correct for this, we randomly sample negative concept
pairs to match the number positive pairs.

We evaluate our models’ performance with respect to 1) random held-out concept pair prediction (random hold-out)
and 2) prediction of concept pairs within fully held-out phenotype concept sets (phenotype-aware hold-out). The latter
setting is meant to mimic prediction of concept pairs for a novel phenotype. In this case none of the concept set’s pairs
would be available for training.

For random hold-out, we construct a held-out test set by randomly sampling 10% of our positive concept pairs as well
as an equal number of negative concept pairs. The remaining 90% of positive pairs along with an equal number of
randomly sampled negative pairs are used as the training set. We repeat this process ten times to generate ten random
training and test sets.

For phenotype-aware hold-out, we randomly select ten existent phenotype concept sets whose positive concept pairs
contain approximately 10% of all positive pairs. We hold out all positive pairs contained in these concept sets and
randomly sample an equal number of negative pairs to create a test set. For the training set, we use all remaining
positive pairs along with a matching number of randomly sampled negative pairs. As with random hold-out, we repeat
this process ten times to generate ten phenotype-aware held-out training and test sets.

To determine the feature-weightings that influenced the performance of the models, we re-ran L1 logistic regression
with 15 combinations of the 4 different groups of features, including every combination within each group (e.g.
running permutations of semantic features, lexical features, etc).

1.4 Concept set recovery

Our aim is to use concept pair prediction models to construct novel phenotype concept sets. To do this, we use our
estimated concept pair (edge) likelihoods to recover highly connected sets of concepts from the concept graph. To
focus our search, we construct a set of “seed” concepts and explore the graph to find neighbors which are highly
connected to the seed set. In practice, the seed would contain concepts considered integral to the ultimate phenotype
definition. We develop two approaches to recover concept sets given a concept seed.

Maximal clique concept sets. Here we recover a concept set as the maximal clique containing all of our seed
concepts. To begin, we chose a trained model and estimate all concept pair likelihoods. Next we threshold these
likelihoods to obtain a binary adjacency matrix. We then identify all concepts which are fully connected to the seed.
This set of concepts along with the seed define a sub-graph which we probe to isolate the maximal clique containing
our seed. We use maximal clique finding algorithms defined in NetworkX, an open-source Python package for graph
analysis12,13. See Figure 2 for a visual summary of this approach.

1)  set seed 2) find all connections to seed 4)  find maximal clique3)  limit to subgraph of nodes fully 
connected to seed

Figure 2: Maximal clique concept set recovery
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Greedy concept sets. Here we take a greedy approach to building concept sets. As above, we choose a model,
estimate all concept pair likelihoods, and define a concept seed. Next, we calculate the mean of edge likelihoods
(MELs) between our seed concepts and all other concepts in the graph. Finally, the concept with the largest MEL is
added to the seed. This process is repeated until all concepts are in the seed. The final output is a list of all concepts in
their order of addition to the seed. See Figure 3 for a visual summary of this approach.

1)  set seed 2)   calculate mean edge 
      likelihoods (MELs)

3)  add node with 
               largest MEL to seed 

repeat

Figure 3: Greedy concept set recovery. For ease of presentation, we illustrate edge likelihoods for just two concepts
not currently in the seed.

Experiments and Evaluation metrics. We focus on recovery of known, held-out phenotype concept sets. In our
experiments, we estimate edge likelihoods using models trained in the phenotype-aware hold-out setting. We then
evaluate how well our methods recover held-out phenotype concept sets given seeds of varying size. Seeds are always
drawn from a target held-out concept set. Seed size is defined as a number of concepts (i.e. 3, 5, 10) or as a percentage
of the target concept set (i.e. 10%, 30%, 50%).

Our two concept set recovery methods return different outputs; the first returns a subset of all concepts, while the
second returns an ordered list of all concepts. Thus, we employ distinct metrics to evaluate each method. For maximal
clique concept sets, we use precision, recall, and the F1 score. For greedy concept sets we use precision at a percentage
of held-out phenotype (Prec.@%). This is the same as precision at K, where K is set equal to a percentage of the total
concepts in a target held-out phenotype. We use this metric to permit aggregation of our results over held-out concept
sets of various sizes.

For each target phenotype concept set and each seed size, we attempt recovery with 10 seeds randomly sampled from
the target. For each metric, we aggregate results over all held-out targets within each model and seed size.

2 Results

Concept pair prediction. All of our models demonstrate strong predictive performance in both the random and
phenotype aware hold-out settings (see Table 1). For random hold-out, note the high AUC-ROC values ranging from
0.9223 (naive Bayes) to 0.9414 (random forest) and high AUC-PR values ranging from 0.9045 (decision tree) to 0.9268
(gradient boosting). For phenotype-aware hold-out, performance weakens across all models. This performance decay
is expected; fully held-out phenotypes have no concept pairs available for training. This lack of context during training
makes recovery of held-out concept pairs more difficult than in random hold-out.

To evaluate feature importance, we examined the trained coefficients in L1-penalized logistic regression. The most
positively predictive covariates were the Lin measure and the Information coefficient, with beta coefficients of 7.290
and 8.868 respectively. Ancestry between and same visit co-occurrence had the most negative beta coefficient (-3.059).
In our experiments with feature subsets, semantic similarity features contributed the most to model performance, with
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an aggregate AUC-ROC of 0.94 and AUC-PR of 0.74. This was followed by lexical features, which on their own had
an AUC-ROC of 0.78 and AUC-PR of 0.44. The concept co-occurrence and concept embedding had a generally lower
AUC-ROC of 0.67.

Hold-out Model AUC-ROC AUC-PR Max. F1 Prec.@50%

Random

LR (L1) 0.9310± 0.0007 0.9147± 0.0008 0.8622± 0.0013 0.9420± 0.0340
LR (L2) 0.9294± 0.0007 0.9130± 0.0008 0.8619± 0.0012 0.9380± 0.0316

Naive Bayes 0.9223± 0.0008 0.9049± 0.0012 0.8350± 0.0022 0.9320± 0.0392
Decision Tree 0.9347± 0.0014 0.9045± 0.0036 0.8768± 0.0011 0.9580± 0.0316

Random Forest 0.9414± 0.0009 0.9247± 0.0014 0.8794± 0.0028 0.9280± 0.0402
Gradient Boosting 0.9439± 0.0010 0.9248± 0.0019 0.8841± 0.0011 0.9700± 0.0184

AdaBoost 0.9410± 0.0005 0.9234± 0.0009 0.8775± 0.0007 0.9700± 0.0134

LR (L1) 0.8740± 0.0268 0.8713± 0.0270 0.8147± 0.0183 0.9480± 0.0402
LR (L2) 0.8752± 0.0297 0.8801± 0.0268 0.8118± 0.0197 0.9540± 0.0358

Phen. Naive Bayes 0.8766± 0.0266 0.8727± 0.0227 0.7873± 0.0445 0.9500± 0.0313
Aware Decision Tree 0.8877± 0.0260 0.8634± 0.0260 0.8198± 0.0122 0.9000± 0.0639

Random Forest 0.8993± 0.0203 0.8695± 0.0217 0.8328± 0.0074 0.5080± 0.2964
Gradient Boosting 0.8952± 0.0252 0.8743± 0.0254 0.8254± 0.0112 0.7800± 0.2741

AdaBoost 0.8735± 0.0227 0.8554± 0.0237 0.8109± 0.0149 0.9580± 0.0340

Table 1: Concept pair prediction evaluation. AUC-ROC: area under ROC curve; AUC-PR: area under PR curve;
Max. F1: maximum observed F1 value; Prec.@50%: precision at 50% of total held-out concept pairs

Concept set recovery. We limit our experiments to concept pair likelihoods learned with L1- and L2-regularized lo-
gistic regression, random forest, and gradient boosting. These models demonstrated the most competitive performance
in phenotype-aware hold-out concept pair prediction (Table 1).
For maximal clique concept set recovery we tested various concept pair likelihood thresholds, and achieved best
performance at a value of 0.75. Table 2 summarizes our evaluation. Though standard deviations are large, some
general trends are apparent. Logistic regression trends to higher precision, while ensemble methods trend to higher
recall. Somewhat unexpectedly, performance in all models appears to trend downward as the seed size grows. This
may be an artifact of larger seeds leaving fewer target concepts available for recovery. In addition, maximal cliques
grown from larger seeds may struggle to incorporate additional concepts as the barrier to inclusion is higher relative
to smaller seeds.
Table 3 summarizes our evaluation for greedy concept set recovery. Here as above, logistic regression trends to higher
precision over ensemble methods. However, performance trends for all models appear to grow with seed size. This
behavior indicates that, unlike with maximal cliques, our greedy approach is better able to identify true concept pairs
when a larger number of true concept pairs are incorporated into the seed.
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Metric Seed Size Logistic Regression (L1) Logistic Regression (L2) Random Forest Gradient Boosting

Precision

3 0.4367± 0.3916 0.5066± 0.4025 0.5265± 0.4092 0.4089± 0.4185
5 0.4223± 0.4222 0.4939± 0.4251 0.4502± 0.4242 0.3911± 0.4343

10 0.3334± 0.4156 0.3823± 0.4295 0.3219± 0.4180 0.2271± 0.3833
10% 0.3270± 0.4246 0.3874± 0.4473 0.3479± 0.4099 0.2620± 0.4002
30% 0.2374± 0.3957 0.2336± 0.3959 0.1850± 0.3447 0.1713± 0.3402
50% 0.1760± 0.3559 0.1624± 0.3428 0.1584± 0.3331 0.1108± 0.2814

Recall

3 0.3102± 0.3225 0.3459± 0.3386 0.3859± 0.3506 0.3316± 0.3887
5 0.2855± 0.3310 0.2909± 0.3432 0.3493± 0.3823 0.3107± 0.3971

10 0.2240± 0.3467 0.2588± 0.3584 0.2448± 0.3710 0.2264± 0.3889
10% 0.1865± 0.2855 0.1907± 0.2962 0.2662± 0.3684 0.2433± 0.3757
30% 0.1454± 0.2760 0.1721± 0.3125 0.2039± 0.362 0.1831± 0.3478
50% 0.1348± 0.2843 0.1438± 0.3021 0.1950± 0.3695 0.1579± 0.3421

F1

3 0.2914± 0.3019 0.3241± 0.3064 0.3403± 0.2909 0.2795± 0.3257
5 0.2721± 0.3145 0.2712± 0.3050 0.2855± 0.3041 0.2499± 0.3214

10 0.2043± 0.3099 0.2320± 0.3209 0.1849± 0.2877 0.1704± 0.3160
10% 0.1883± 0.2919 0.2015± 0.3026 0.2090± 0.2946 0.1923± 0.3128
30% 0.1234± 0.2473 0.1430± 0.2765 0.1288± 0.2541 0.1307± 0.2627
50% 0.1015± 0.2369 0.1069± 0.2520 0.1027± 0.2366 0.0947± 0.2328

Table 2: Maximal clique concept set recovery. Concept pair likelihood threshold set to 0.75

Metric Seed Size Logistic Regression (L1) Logistic Regression (L2) Random Forest Gradient Boosting

Prec.@10%

3 0.8721± 0.2668 0.8766± 0.2569 0.8574± 0.2849 0.7956± 0.3374
5 0.8880± 0.2575 0.8800± 0.2587 0.8606± 0.2845 0.7874± 0.3441

10 0.8864± 0.2687 0.8690± 0.2770 0.8605± 0.2851 0.7922± 0.3407
10% 0.9151± 0.2182 0.8967± 0.2269 0.8762± 0.2558 0.7933± 0.3296
30% 0.9103± 0.2214 0.8989± 0.2245 0.8820± 0.2362 0.8365± 0.2791
50% 0.9197± 0.2290 0.8884± 0.2558 0.8781± 0.2442 0.8576± 0.2694

Prec.@30%

3 0.7933± 0.2862 0.8118± 0.2770 0.8063± 0.3027 0.7539± 0.3391
5 0.8085± 0.2722 0.8202± 0.2667 0.8121± 0.2968 0.7563± 0.3387

10 0.8049± 0.2784 0.8171± 0.2683 0.8022± 0.3042 0.7649± 0.3323
10% 0.8175± 0.2622 0.8269± 0.2578 0.8217± 0.2870 0.7363± 0.3425
30% 0.8506± 0.2398 0.8459± 0.2321 0.8441± 0.2506 0.7766± 0.2845
50% 0.8840± 0.2218 0.8627± 0.2300 0.8511± 0.2431 0.8004± 0.2615

Prec.@50%

3 0.7086± 0.3038 0.7267± 0.2925 0.7369± 0.3086 0.6952± 0.3274
5 0.7220± 0.2986 0.7386± 0.2843 0.7461± 0.3039 0.7099± 0.3227

10 0.7226± 0.3002 0.7474± 0.2860 0.7499± 0.3133 0.7193± 0.3289
10% 0.7242± 0.2957 0.7555± 0.2870 0.7661± 0.3056 0.6927± 0.3412
30% 0.7820± 0.2678 0.7941± 0.2674 0.8063± 0.2767 0.7310± 0.3045
50% 0.8281± 0.2383 0.8202± 0.2411 0.8211± 0.2582 0.7485± 0.2701

Prec.@100%

3 0.5796± 0.3058 0.5837± 0.2956 0.5609± 0.2853 0.5586± 0.2945
5 0.5980± 0.3025 0.5994± 0.2950 0.5706± 0.2861 0.5675± 0.2896
10 0.6163± 0.3035 0.6162± 0.2985 0.5897± 0.2925 0.5791± 0.2996

10% 0.6198± 0.3019 0.6193± 0.2966 0.5962± 0.2905 0.5638± 0.3055
30% 0.6818± 0.2833 0.6920± 0.2787 0.6891± 0.2924 0.6349± 0.3063
50% 0.7155± 0.2749 0.7330± 0.2847 0.7476± 0.2972 0.6677± 0.3058

Table 3: Greedy concept set recovery.
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3 Discussion
The rich concept pair features we develop power binary classification models with strong predictive performance.
Importantly, performance weakens only slightly when predicting concept pairs from fully held-out phenotype concept
sets. This behavior is essential for recovering held-out phenotypes as described in this work. It is also needed for
constructing novel phenotype concept sets for which concept pairs are unavailable for training.

We explore two methods for recovering phenotype concept sets using our concept pair prediction models: maximal
clique and greedy concept set recovery. Both leverage concept pair likelihood estimates to isolate highly connected
concepts which serve as candidates for inclusion within a phenotype definition. We find that each method is capable
of recovering concepts in held-out phenotype concept sets, motivating their use in novel concept set construction to
power phenotype development.

Our concept set recovery methods accomplish distinct, but related tasks. Maximal clique recovery produces a set of
concepts which can be considered as a complete phenotype concept set. This is attractive, since a potential user is
given output which closely resembles the desired end product. However, we note a steady drop in all our performance
metrics as we increase the size of the seed provided to this method. This makes sense given that, as the seed grows, it
is less likely that additional true concept pairs will be fully connected to the seed. This finding suggests small, well
informed seeds should be constructed to achieve optimal performance. Future work will explore how this method
performs with small, expert-defined seeds as opposed to the random seeds used here.

Greedy concept set recovery returns a ranked list of all available concepts. This output demands some amount of
expert post processing to parse into a phenotype concept set. As such, we are interested in exploring the use of this
method within a recommender system which, given a seed, suggests highly weighted concepts for inclusion in a
growing phenotype concept set. In our experiments, we observe this method attains higher precision as the initial
seed size grows. Thus, top ranked concepts are likely to be good candidates for inclusion within a heavily seeded
phenotype definition. Unlike with maximal cliques, our greedy approach adds new concepts to the seed based on how
likely they are to be connected on average to concepts already in the seed. Thus, this method is better able to pick out
true concept pairs as more information (i.e. more concepts) is incorporated into the seed.

Our approaches to phenotype concept set construction provide two potential paths toward rapid, on demand construc-
tion of phenotype definitions. Moving forward, we intend to work more closely with our clinical expert collaborators
to improve our concept set recovery methods, identify optimal parameterizations, and construct and evaluate novel
phenotype definitions.
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Abstract 

Objective: Brain functional connectivity measures are often used to study interactions between brain regions in various 
neurological disorders such as epilepsy. In particular, functional connectivity measures derived from high resolution 
electrophysiological signal data have been used to characterize epileptic networks in epilepsy patients. However, existing 
signal data formats as well as computational methods are not suitable for complex multi-step methods used for processing 
and analyzing signal data across multiple seizure events. To address the significant data management challenges associated 
with signal data, we have developed a new workflow-based tool called NeuroIntegrative Connectivity (NIC) using the 
Cloudwave Signal Format (CSF) as a common data abstraction model.  
Method: The NIC compositional workflow-based tool consists of: (1) Signal data processing component for automated pre-
processing and generation of CSF files with semantic annotation using epilepsy domain ontology; and (2) Functional network 
computation component for deriving functional connectivity metrics from signal data analysis across multiple recording 
channels. The NIC tool streamlines signal data management using a modular software implementation architecture that 
supports easy extension with new libraries of signal coupling measures and fast data retrieval using a binary search tree 
indexing structure called NIC-Index. 
Result and Conclusion: We evaluated the NIC tool by processing and analyzing signal data for 28 seizure events in two 
patients with refractory epilepsy. The result shows that certain brain regions have high local measure of connectivity, such 
as total degree, as compared to other regions during ictal events in both patients. In addition, global connectivity measures, 
which characterize transitivity and efficiency, increase in value during the initial period of the seizure followed by decrease 
towards the end of seizure. The NIC tool allows users to efficiently apply several network analysis metrics to study global 
and local changes in epileptic networks in patient cohort studies. 

1. Introduction

Brain connectivity measures play a significant role in the study of many neurological disorders, including dementia (1), 
Alzheimer’s Disease (2), and epilepsy (3). In particular, functional connectivity representing temporal coherence between 
events recorded from different brain regions is an important technique for studying epilepsy seizure network (4-6). Epilepsy 
is a serious neurological disorder that affects more than 65 million persons worldwide with a significant impact on their 
quality of life due to repeated seizures with an associated high cost of care (7). More than 30% of epilepsy patients do not 
respond to anti-epileptic drugs (AED) and they are considered for surgery to resect brain regions that constitute the 
epileptogenic zone for seizure freedom (8, 9). However, the success rate for epilepsy surgery is not high due several 
challenges, including difficulty in precise and complete delineation of the epileptogenic zone that results in seizure recurrence 
for 20% - 50% of the patients who undergo surgery (3). Therefore, there is a critical need to improve the accuracy of existing 
methods used to delineate epileptogenic zone and improve surgical outcomes in epilepsy patients. 

In particular, Stereotactic EEG (SEEG) measures brain electrical activity at a high resolution using multi-contact electrodes 
implanted directly in the brain structures and records signal data that can be used to derive measures of functional connectivity 
to characterize the extent of epileptic network (5). The SEEG signal data is often used as “gold standard” during pre-surgical 
evaluation to characterize the extent of the epileptogenic zone for resection while protecting important cognitive brain 
functions of the patient (10). SEEG data is recorded as multi-channel signals corresponding to electrical activity from different 
brain regions and it can be analyzed to: (a) infer whether the EEG signals from different regions are coupled during seizure 
events; and (b) to characterize the specific type of coupling. In addition, the analysis of EEG data can also provide a measure 
of directionality regarding the propagation of seizure signals from the region of onset to other brain regions.  

The increasing availability of large scale and high-resolution SEEG signal data is an important opportunity to use data-driven 
techniques to study the characteristics of epileptic network. In particular, multi-institutional collaborative projects are 
collecting large volumes of high quality neurology data, such as the National Institutes of Health (NIH)-funded multi-center 
project to study Sudden Unexpected Death in Epilepsy (SUDEP) (11). However, there are several challenges that impede 
streamlined processing and analysis of these large datasets. For example, the computation of functional connectivity measures 
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from large volume of SEEG data stored using traditional data formats, such as the European Data Format (EDF) (12), is 
extremely challenging. EDF was originally designed for storage of sleep research related polysomnography data (12-14). In 
particular, EDF has several limitations that make it difficult to compute functional connectivity measures due to its original 
design principles and application focus. For example, EDF data storage layout is not suitable for retrieval of channel-oriented 
data. In addition, EDF files store signal data as a single unit of recording that makes it extremely difficult to extract specific 
segments of signal data corresponding to individual seizure events (15).  

Due to these and other limitations of existing signal data formats (discussed Section 1.1), users often have to copy and 
transform signal data into different formats based on their requirements. To address this key bottleneck in large-scale research 
studies, we developed a new model for signal data called Cloudwave Signal Format (CSF) based on the widely used 
JavaScript Object Notation (JSON) (16). CSF has been designed as a flexible data model for electrophysiological signal data 
with support for ontology-based event annotation and streamlined storage of signal data as “segments” of fixed time duration 
for faster retrieval. The key role of CSF as a common abstraction model for signal data enables users to quickly compose new 
multi-step data processing or analysis pipelines for complex network analysis without cumbersome data transfer and data 
transformation steps. This is a significant advantage for users who often conduct exploratory data analysis, for example 
applying both signal amplitude-based correlation functions or frequency based coherence function to accurately characterize 
the degree of coupling between two signal data streams (15, 17).  

In particular, the streamlined processing and analysis of large-scale signal data is critical for gaining deeper insights into the 
topology of seizure networks during pre-ictal and ictal events using network analysis techniques (18-20). Network analysis 
techniques have been widely used to characterize complex interactions in a variety of domains, including social media, web 
information systems, and brain connectivity studies (21, 22). The broad categories of network measures that are used to 
characterize brain networks are: (1) local measures that characterize the connectivity properties of constituent elements of a 
network such as node and edge; and (2) global measures that are comprised of individual element measures (21, 23, 24). The 
primary goals of the NIC tool are: (1) facilitate network analysis of seizure networks using large-scale signal data in patient 
cohort studies with CSF as a common data abstraction model; and (2) use workflow techniques for efficient and streamlined 
data processing and analysis. The NIC tool is available for download at (25) and consists of executable files as well as user 
documentation for deployment and usage.   

1.1 Background. 

Signal Data Format. There have been several initiatives in the neuroscience community to develop common data formats 
to facilitate data interoperability, integration, and analysis. For example, the XML-based Clinical and Experimental Data 
Exchange (XCEDE) schema models the details of the experimental procedure and results (26). Similarly, the NeuroImaging 
Data Model (NIDM) extends the XCEDE model with support for provenance information describing various metadata 
elements to enable data reuse and sharing (27). The International Neuroinformatics Coordinating Facility (INCF) has led the 
Neurodata Without Boundaries (NWB) initiative to standardize neuroscience data models (28). The NWB initiative includes 
various data formats for storing electrophysiological data, such as Neo (29) and Multiscale Electrophysiology Format (MEF) 
(30). Although these data formats address some of the limitations of EDF specifications, they have limited or no support for 
“channel-oriented” storage of partitioned segments of signal data, which is essential for computation of functional 
connectivity and network analysis. In addition, unlike CSF existing data format for signal data do not include support for 
semantic annotation of signal data using domain ontologies. 

Coupling Measures for Epileptic Network Characterization. Multiple signal analysis techniques have been developed 
that assume a linear relationship between signal data recorded from different brain regions, for example linear cross-
correlation and coherence function. Linear correlation coefficient r between two signals recorded from two sites M (m) and 
N (n) assumes a model consisting of: (1) an operator L that modifies amplitude of signal m, latency (D), and a noise source 
(W) (15). The correlation coefficient as a function of time shift between the signals m and n estimates the degree of their
interaction and latency value (31). The coherence function uses the signal frequency to compute the correlation between the
frequency components of signals m and n (17, 32). The inherent assumption of these measures that the signals are related by
a linear function is not always applicable, therefore additional methods, such as average amount of mutual information based
on Shannon entropy and non-linear correlation coefficient, have been developed (33, 34). In particular, a method developed
by Pijn et al. called nonlinear regression coefficient h2 has been frequently used to characterize the association between two
EEG signals during seizure activity (33, 35, 36). In this paper, we describe the implementation of three computational modules
to compute linear correlation coefficient 𝜌, nonlinear regression coefficient h2, and mean phase coherence measures in the
NIC tool. It is important to note that the modular architecture of the NIC tool allows new coupling measures to be seamlessly
added to existing modules in the NIC tool.

Network Analysis of Functional Connectivity Network in Epilepsy. Several brain network analysis studies have identified 
“small world” connectivity as an important feature of brain functional network, which consists of efficient local and global 
connections (21, 22, 37). Many studies have focused on the organization of specific brain regions or modules during events 
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between seizures (interictal), during seizure (ictal), and after seizure (postictal) using scalp EEG, electrocorticographic 
(ECoG), and SEEG data (18, 19, 38). Using undirected graph models, many of these studies have identified increased 
organization in the network topology during ictal events with dissolution of these subgraph motifs towards the end of seizure 
(19, 37, 39). Studies focused on the analysis of network topology during interictal period have not detected consistent trends. 
In this paper, we describe the use of a directed graph model for analysis of network topology during different periods of an 
ictal event. In addition, unlike previous studies that often use an ad hoc approach for data processing as well analysis, we 
describe the advantages of using the NIC tool to streamline the data processing and analysis steps for large-scale signal 
datasets. 

2. Methods
Computation of functional connectivity measures from signal data corresponding to a clinical event involves multiple data
processing and analysis steps, including extraction of one or more signal data segments corresponding to specific time
duration, recording channels, and computation of coupling measure. Existing approaches use computational steps that are
difficult to share, and require significant effort to maintain over a period of time. Scientific workflow systems are widely
used to automate multi-step data processing and analysis pipelines in a wide range of scientific application domains, including
biomedical research (40, 41). In this section,
we describe the components and features of
the NIC tool that uses a workflow approach
to process and analyze signal data. The
components of the NIC tool can be divided
into two categories based on their
functionalities: (1) component I: to generate
CSF files from EDF files with semantic
annotations; (2) component II: to compute
signal coupling measures to derive functional
connectivity measures for network analysis.

2.1 Component I: Generation of CSF 
files with Semantic Annotations. The first 
component of the NIC tool has been 
developed to support automated conversion 
of EDF files into CSF files. This signal data 
processing and transformation component 
consists of five modules (Figure 1 shows a 
detailed overview of the workflow with input 
and output values together with control flow 
between different modules). This NIC 
component takes four user-defined values as 
input parameters: (1) the duration of a signal 
fragment (epoch duration) in a CSF file (the 
default duration of a fragment is 30 seconds); 
(2) the number of fragments to be stored in a
single CSF file; (3) the location of the source
EDF files and the associated annotation files
(with clinical events); and (4) the storage
location for output CSF files. The first two
modules of this component extract
description of the research study and
metadata information for each recording
electrode from the EDF file.

In addition, the clinical annotation values are 
mapped to terms defined in a domain 
ontology called the Epilepsy and Seizure 
Ontology (EpSO) for semantic annotation of 
CSF files (42). EpSO has been designed as a 
domain ontology using the well-known four-
dimensional classification of epileptic 
seizures and epilepsies: (1) Seizures that 
represent signs or symptoms due to abnormal 

Figure 1. The Component I of the NIC Platform (Generation of CSF files with 
Semantic Annotations) with input/output parameters and computational modules 
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electrophysiological activity in brain; (2) Anatomical brain locations corresponding to seizure activities; (3) Etiology to 
describe the cause of epilepsy; and (4) Medical conditions that are related to epilepsy (42). The current version of EpSO with 
more than 1350 ontology classes models a variety of terms describing clinical events that occur during EEG recording and 
these terms are modeled as ontology classes using the Web Ontology Language (OWL2) properties (42). The third module 
extracts and transforms data from EDF file records into channel-oriented data records using a “key-value” structure. The third 
module also partitions the signal data into smaller fragments corresponding to epoch duration (a user-defined parameter). 
The output of the third module are fragments of signal data with channel-oriented layout that are optimized for use in 
functional network analysis applications. We note that each CSF file is self-descriptive with study metadata, channel-specific 
metadata, clinical event annotations, and fragments of signal data. Therefore, a CSF file can be stored in a distributed file 
system, such as the Hadoop Distributed File Systems (HDFS) for large-scale signal data analysis (16).  

2.2 Component II: Computation of Functional Connectivity Measures from Signal Data. The second component 
of the NIC tool implements modular libraries for computing various measures of functional connectivity and allows users to 
select one or more coupling measures. Figure 2 illustrates the various modules of the second component of the NIC tool 
together with the control flow between the different modules. The input parameters for this component includes the location 
of the CSF files, the start and end time of the event (T1, T2), and the set of channels (Cn) involved in recording signal data 
corresponding to an event. The workflow uses the NIC-Index traversal algorithm to locate and access relevant segments of 
signal data from a CSF file (43). The NIC-Index implements the red-black binary search tree with a well-defined search time 
complexity, which supports fast access to segments of signal data in a CSF file (the details of the NIC-Index are discussed in 
our previous work (43)). The modular design of the NIC tool makes it easy to add new coupling measures (for example, 
Granger causality and transfer entropy) and modification of existing coupling measure modules with minimal impact on 
users. The second 
component of the NIC 
tool generates a 
correlation or coherence 
value matrix for each pair 
of channels listed in the 
user input. 

The matrix values 
corresponding to 
coupling measures are 
analyzed to characterize 
the degree of correlation 
or coherence between 
signal channels. As 
described earlier, the 
nonlinear correlation 
coefficient (h2) values are 
asymmetric, that is it is 
possible that  h2(x|y) ¹ 
h2(y|x), which can be used 
to infer directionality of 
coupling between signals 
(33). The directionality 
computed from EEG 
signal data can be used 
for source localization in 
epileptic zone, for 
example Wendling et al. 
have proposed the 
“direction index” to 
predict a signal that 
“causally drives” another 
signal (5, 35). The non-
linear measure is 
maximized by taking into 
account all possible time 
lag values t between the two signals in the direction X to Y and using the maximum value of the measure, that is, ℎ#$% =

Figure 2. The Component II of the NIC platform (Computation of Functional Connectivity Measures from 
Signal Data) with input/output parameters and computational modules
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	𝑚𝑎𝑥+,-./+/+,01	ℎ#$
% . The NIC component generates the output coupling measures as comma separated values (CSV) and 

stores them in a file, which can be directly used for network analysis. 

2.2 Network Analysis of Seizure Networks. Network analysis of graph models is a widely-used technique to interpret 
complex interactions between different brain regions as part of functional network analysis. For example, degree distribution 
of a directed graph network is used to characterize the resilience of the network in terms of nodes that are important to 
maintain the network and the density of edges representing the state of network (21, 24, 44). The degree of a node based on 
the number of edges incident on the node, either as outbound edges or inbound edges in a directed graph (Figure 3), is a 
common measure used to characterize the local properties of a graph (24). The aggregate of outbound edges and inbound 
edges of a node is called the total degree of a node and the distribution of node degree values for a graph is called the degree 
distribution of the graph (24). Nodes with high degree values often have a key role in a network and their removal can lead 
to decrease in the connectivity of the network, potentially isolating specific nodes, and ultimately fragmenting the network 
(24, 44). Therefore, this local network measure is of interest in analyzing epileptic networks. 

In addition to local network measures, there are multiple global measures of network analysis that can be used to characterize 
the transitivity, efficiency, and presence of modular structures in seizure networks (21). The characteristic path length (CPL) 
measure is computed as the average of shortest paths between all pairs of nodes in the graph and represents the separation 
between vertices in a graph (45). In contrast to CPL, the global efficiency is influenced more by short paths and this measure 
is computed as the average of inverse shortest path lengths (46). The global efficiency measure is used to characterize the 
efficiency of communications across the network and small world networks have high global efficiency reflecting low cost 
of network communications (46). The clustering coefficient measure represents the connectivity between nodes in the 
neighborhood of a specific node and is interpreted as the occurrence of “cliques” in a network (45). The clustering coefficient 
measure is computed as the ratio of the total number of triangles formed among the neighbors of a node and the total number 
of potential triangles that 
can form between the 
neighbors of a node (45). 
In the next section, we 
describe the results of 
using the NIC workflow 
with the NIC-Index to 
process signal data from 
28 seizure-related events 
followed by both local 
and global network 
analysis using SEEG 
signal data recorded from 
two patients with 
refractory epilepsy. 

3. Results

The objective of our 
evaluation is to 
demonstrate and validate 
the use of NIC tool for 
computing functional 
connectivity measures 
followed by network 
analysis of the epileptic 
network. We use data for 
28 seizure events across 4 
seizures in two epilepsy 
patients to demonstrate 
the practical utility of the 
NIC platform in research 
studies. The two patients 
were selected as both of 
them were refractory to 
medication and were 
considered for surgery. 

Figure 3. The degree distribution of electrode contacts (represented as nodes in seizure network) 
corresponding to six events for Seizure 1 and Seizure 2 for patient 1. 
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Patient 1 was diagnosed with intractable focal epilepsy of 5-years duration (47). The patient was stereotactically implanted 
with intracranial electrodes with 10-12 contacts of length in 31cms in insulae, mesial temporal, and opercular regions based 
on the results of surface EEG for seizure lateralization (47). Patient 2 was diagnosed with generalized tonic clonic (GTC) 
and automotor seizure of 5-years duration. The patient was implanted with intracranial electrodes with 10 intracranial 
electrodes in amygdala, hippocampal head and body, posterior cingulate, basal temporo-occipital, temporal pole, 
orbitofrontal, frontal track in area of encephalomalacia, anterior insula, and posterior insula. The two seizures (out of multiple 
seizures) for each patient were selected as they had the maximum number of clinically differentiated periods during a seizure, 
which are labeled as ictal periods and correspond to spread of discharge at specific time (e.g., location of discharge onset is 
labeled as seizure onset, location of discharge spread in 1st 200 milliseconds labeled as ictal period 1 etc.). The patient 1 has 
three ictal periods and patient 2 had five ictal periods. 

In the first step, the component I of the NIC platform was used to process and convert 12 EDF files into 204 CSF files for 
patient 1 and 25 EDF files into 2858 CSF files for patient 2 using default parameters. The resulting CSF files together with 
time as well as channels information associated with ictal periods were used as input to NIC component II to compute three 
functional connectivity measures. The non-linear correlation coefficient measure (h2) was used to derive directed graph 
network models, which were subsequently analyzed using both global and local graph network analysis metrics (24, 44). 

 3.1 Local and Global Measures of Seizure Networks. It is extremely difficult to manually quantify the changes in 
network topology during various ictal period due to the large number of nodes and complex interactions between these nodes 
during ictal period. Therefore, network analysis metrics significantly improve our ability to systematically quantify the 

Figure 4. The degree distribution of electrode contacts (represented as nodes in seizure network) corresponding to six events for Seizure 
1 and Seizure 2 for patient 2. 

1095



network connectivity during ictal period. Figure 3 shows the degree distribution of nodes during Seizure 1 and Seizure 2 
events for patient 1. Figure 3 shows that a specific set of nodes have high total degree across both Seizure 1 and Seizure 2 
ictal period as compared to others, for example contacts on electrodes RF, LK, and LF. In contrast, contacts on electrodes LJ, 
LI have low total degree for both Seizure 1 and Seizure 2 with contacts on electrode RJ also showing low total degree for 
Seizure 2 related ictal periods. These nodes can be studied further in the context of their role in the formation and maintenance 
of seizure network structure.  Similarly, Figure 4 shows the degree distribution during Seizure 1 and Seizure 2 ictal periods 
for patient 2. Figure 4 shows that contacts on electrodes implanted in amygdala, temporal pole, and to a lesser extent 
hippocampal head as well as basal temporal occipital have consistently high degree during both Seizures 1 and 2. In contrast, 
electrode contacts in hippocampal body have low degree across both the seizures and electrode contacts in posterior cingulate 
have low degree during Seizure 2. 

Table 1 shows the results of computing four global network measures for all six ictal periods of Seizure 1 and Seizure 2 in 
patient 1. The average degree measure is used to characterize the network density property of a graph and the values in Table 
1 show that there is a notable increase in the average degree of the seizure networks during ictal periods for both Seizure 1 
and Seizure 2 as compared to the period before seizure onset with ictal period 1 associated with higher average degree for 
both seizures. We note that almost all CPL values for Seizure 1 ictal periods are higher than Seizure 2 (except ictal period 2) 
and the CPL values increase during ictal events for both Seizure 1 and Seizure 2 in contrast to seizure onset and ictal periods 
before seizure onset, which corresponds to existence of longer paths during ictal periods (CPL is known to be influenced by 
long paths (21)). In Table 1, we see that although the global efficiency measures for both Seizure 1 and Seizure 2 are not high 
(9% to 7%), they increase during ictal periods (ictal period 2 in particular with 16% and 12% for Seizure 1 and 2 respectively), 
which may correspond to more efficient transmission of signals across the seizure network during ictal periods. 

Table 1: Global measures of seizure networks corresponding to six events across two seizures in Patient 1 

5 minutes Pre-

ictal 

10 seconds 

Pre-ictal 

Seizure Onset Ictal Period 1 Ictal Period 2 Ictal Period 3 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Average 

Degree 2.27 1.6 2.53 1.87 2.27 1.87 3.6 2.4 2.27 2.8 2.67 1.73 

Characteristic 

Path Length 0.14 0.01 0.11 0.10 0.1 0.09 0.38 0.13 0.14 0.18 0.13 0.11 

Global 

Efficiency 0.09 0.07 0.09 0.08 0.09 0.07 0.09 0.09 0.16 0.12 0.10 0.07 

Clustering 

Coefficient 0.12 0 0.15 0 0.15 0.15 0.19 0.27 0.12 0.23 0.26 0 

It is interesting to note that the clustering coefficient measure for Seizure 2 network increases significantly during two of the 
three ictal periods from a value of 0 during pre-ictal period before returning to a value of 0 during ictal period 3. These rapid 
changes in Seizure 2 represent the formation and dissolution of clustered subnetworks during ictal periods that may represent 
high rate of signal transmission across specific parts of the seizure network. In contrast to Seizure 2, the clustering coefficient 
values for Seizure 1 related ictal periods remain almost unchanged across five of the six periods with approximately two-fold 
increase during ictal period 3 (from 0.12 to 0.26). 

Table 2 shows the results of applying the same global network measures for Seizure 1 and Seizure 2 in patient 2. Similar to 
patient 1, the average degree value increases during both Seizure 1 and Seizure 2 for patient 2 with significantly greater 
increase during ictal period 1 followed by gradual decrease during ictal periods 2, 3, 4, and 5. Similarly, CPL and global 
efficiency measures increase during Seizure 1 and Seizure 2 during the initial phase of the seizure with subsequent decrease 
during later ictal periods. However, the clustering coefficient values are relatively stable during seizure onset and all five ictal 
periods, which is unlike the increase and decrease of clustering coefficient values for patient 1. Overall, the global network 
measures for patient 1 and patient 2 show increased connectivity during the initial phases of both the seizures followed by 
gradual decrease during later part of the seizures. These results are consistent with previous studies that have used ECoG and 
scalp electrodes. 
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Table 2: Global measures of seizure networks corresponding to six events across two seizures in Patient 2 

Threshold 
Period 

10 seconds 
Pre-ictal 

Seizure 
Onset 

Ictal Period 
1 

Ictal Period 
2 

Ictal Period 
3 

Ictal Period 
4 

Ictal Period 
5 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 

Seizure 

2 

Seizure 

1 
Seizure 

2 
Seizure 

1 
Seizure 

2 

Average 
Degree 2.82 2.52 8.45 4.78 2.18 4.26 7.73 14.5 5.55 7.22 1.73 3.04 1.27 4.17 2.27 4 

CPL 0.09 0.1 1.62 0.44 0.58 0.41 1.62 1.59 0.57 0.82 0.26 0.27 0.16 0.27 0.48 0.42 

Global 
Efficiency 0.07 0.07 0.38 0.17 0.16 0.15 0.36 0.57 0.21 0.28 0.11 0.1 0.08 0.13 0.17 0.14 

Clustering 
Coefficient 0.82 0.82 0.63 0.62 0.62 0.71 0.58 0.58 0.63 0.6 0.6 0.7 0.6 0.8 0.68 0.66 

3.2 User Evaluation Using Survey. We performed a user evaluation of the two components of the NIC tool using a 
questionnaire that recorded the satisfaction of the user with respect to the usability and functionality. The survey questionnaire 
was prepared following guidelines defined by the US Department of Health and Human Services Usability.gov site (48). The 
survey involved a group of five persons who are representative of the expected users of the NIC tool, including a physician, 
an epidemiology researcher, a postdoctoral scholar, and two graduate students participating in research studies focused on 
neurological disorders. Overall, the users were highly satisfied or satisfied with the tool, they found the tool easy to use, and 
they were likely to refer the tool to other users. Further, three of the five participants had used similar tools earlier and they 
found the NIC tool to be better or somewhat better. The users also provided descriptive feedback in terms of new 
functionalities and improvements in the NIC tool, for example specific changes to the user manual for improving usability, 
and adding support for new versions of the Java execution environment. Based on the user feedback, the next release of the 
NIC platform will incorporate the suggested modifications to further improve the usability and functionality. 

4. Discussions and Limitations

The evaluation results demonstrate that the NIC tool is a practical tool for processing and analyzing signal data from multiple 
events across multiple seizures. The output of the NIC platform in form of directed graph models can be directly used to 
perform systematic network analysis, which provides insight regarding the pattern of interactions between different brain 
regions during seizure events. For example, the degree distribution analysis show that electrode contacts in certain brain 
regions (in both the patients) have significantly higher degree of interactions as compared to other brain regions, which may 
correlate to their role in the formation and persistence of network structure during seizures. In addition, the global network 
analysis measures show that there is an increase in the level of organization in brain network during the initial phase of 
seizures and this characteristic persists through multiple ictal periods. It is interesting to note that there are notable variations 
in clustering coefficient values across events in patient 1, while they change minimally across events in patient 2. This may 
reflect consistent formation of fully connected subgraphs in patient 2 that have a significant role in seizure activity and need 
further investigation.  

In this paper, we did not use specific signal frequency bands, for example beta or gamma band, during network analysis, 
which a potential direction for future studies in the context of network analysis metrics. The current version of the NIC tool 
has not been evaluated with respect to scalability. In particular, as part of our ongoing work, different components of the NIC 
tool are being implemented using Apache Spark (49) to support faster and scalable analysis of large volume of data. Finally, 
an important limitation of the version of NIC tool described in this paper is the lack of capability to capture provenance 
metadata to support reproducibility of the data analysis performed using the NIC tool. Scientific reproducibility is a critical 
aspect of research studies and provenance metadata plays a central role in supporting reproducibility (50). Therefore, we are 
developing a NIC module to collect provenance metadata during the processing and analysis of signal data, which will be 
available in the next version of the NIC tool.  

5. Conclusions

Large-scale epilepsy cohort studies are important for developing measures that can accurately lateralize the epileptogenic 
zone and improve outcome of epilepsy surgery. In this paper, we introduced a workflow-based tool that uses CSF as a 
common abstraction model for signal data for processing and analyzing signal data across multiple seizure-related events and 
patients. The NIC tool is a practical and efficient tool for cohort studies as it does not require users to perform cumbersome 
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data transformation or data processing steps required for performing network analysis of epileptic networks. The network 
analysis of complex interactions during seizure-related events provides important insights into the topology of brain network 
and the NIC tool aims to enable users to perform this task in a streamlined manner.   

Acknowledgements 

This work is supported in part by the National Institutes of Biomedical Imaging and Bioengineering (NIBIB) Big Data to 
Knowledge (BD2K) grant (1U01EB020955), NSF grant# 1636850.  

References 

1. Greicius MDK, D. L. Neuroimaging insights into network-based neurodegeneration. Current Opinion in Neurology.
2012;25(6):727-34.
2. Pievani M, Filippini, N., van den Heuvel, M.P., Cappa, S.F., Frisoni, G.B. Brain connectivity in neurodegenerative
diseases--from phenotype to proteinopathy. Nature Reviews Neurology. 2014;10(11):620-33.
3. Englot DJ, Lee, A.T., Tsai, C., Halabi, C., Barbaro, N.M., Auguste, K.I., Garcia, P.A., Chang, E.F. Seizure types
and frequency in patients who "fail" temporal lobectomy for intractable epilepsy. Neurosurgery. 2013;73(5):834-44.
4. Englot DJ, Hinkley, L.B., Kort, N.S., et al., Global and regional functional connectivity maps of neural oscillations
in focal epilepsy. . Brain. 2015;138(8):2249-62.
5. Bartolomei F, Chauvel, P., Wendling, F. Epileptogenicity of brain structures in human temporal lobe epilepsy: a
quantified study from intracerebral EEG. Brain. 2008;131(Pt.7):1818-30.
6. Guye M, Bettus, G., Bartolomei, F., Cozzone, P.J. Graph theoretical analysis of structural and functional
connectivity MRI in normal and pathological brain networks. Magnetic Resonance Materials in Physics, Biology and
Medicine. 2010;23(5-6):409-21.
7. Ngugi AK, Bottomley, C., Kleinschmidt, I., Sander, J.W., Newton, C.R. Estimation of the burden of active and life-
time epilepsy: a meta-analytic approach. Epilepsia. 2010;51(5):883-90.
8. Téllez-Zenteno JF, Dhar, R., Wiebe, S. Long-term seizure outcomes following epilepsy surgery: a systematic review
and meta-analysis. Brain. 2005;128(5):1188-98.
9. Engel JJ. A proposed diagnostic scheme for people with epileptic seizures and with epilepsy: report of the ILAE
Task Force on Classification and Terminology. Epilepsia. 2001;42(6):796-803.
10. Rosenow F, Lüders, H. . Presurgical evaluation of epilepsy. Brain. 2001;124:1683-700.
11. Lhatoo SD. The Center for SUDEP Research (CSR). National Institute for Neurological Disorders and Stroke; 2014.
12. Kemp B, Värri, A., Rosa, A.C., Nielsen, K.D., Gade, J. A simple format for exchange of digitized polygraphic
recordings. Electroencephalography and Clinical Neurophysiology. 1992;82(5):391-3.
13. Kemp B, Olivan, J. European data format 'plus' (EDF+), an EDF alike standard format for the exchange of
physiological data. Clinical Neurophysiology. 2003;114(9):1755-61.
14. Kemp B, Roessen, M. European Data Format Now Supports Video. Sleep. 2013;36(7):1111.
15. Pijn JP, da Silva, F.L. Propagation of electrical activity: nonlinear associations and time delays between EEG signals.
Basic Mechanisms of the EEG. Boston, MA: Birkhäuser; 1993. p. 41-61.
16. Jayapandian C, Wei, A., Ramesh, P., Zonjy, B., Lhatoo, S.D., Loparo, K., Zhang, GQ, Sahoo, S.S. A Scalable
Neuroinformatics Data Flow for Electrophysiological Signals using MapReduce. Frontiers in Neuroinformatics. 2015;9(4).
17. Da Silva FL, Mars, N.J.I.,. Spread of epileptic seizure activity in experimental and clinical epilepsy: the use of
mutual information analysis.  Presurgical evaluation of epileptics. Berlin, Heidelberg: Springer; 1987. p. 209-14.
18. Kramer MA, Kolaczyk, E.D., Kirsch, H.E. Emergent network topology at seizure onset in humans. Epilepsy
Research. 2008;79(2-3):173-86.
19. Kramer MA, Cash S.S. Epilepsy as a disorder of cortical network organization. Neuroscientist. 2012;18(4):360-72.
20. van Diessen E, Diederen, S.J., Braun, K.P., Jansen, F.E., Stam, C.J. Functional and structural brain networks in
epilepsy: what have we learned? Epilepsia. 2012;54(11):1855-65.
21. Rubinov MaS, O. Complex network measures of brain connectivity: uses and interpretations. Neuroimage.
2010;52(3):1059-69.
22. Bullmore ET, Sporns, O. . Complex brain networks: graph-theoretical analysis of structural and functional systems.
Nature Reviews Neuroscience. 2009;10:186-98.
23. Stam CJ. Modern network science of neurological disorders. Nature Reviews Neuroscience. 2014;15(10):683.
24. Albert R, Jeong, H. and Barabási, A.L. Error and attack tolerance of complex networks. . Nature.
2000;406(6794):378.
25. NeuroIntegrative Connectivity (NIC) Tool. Available from: https://bmhinformatics.case.edu/NIC/NICWorkflow/.
26. Gadde S, Aucoin, N., Grethe, J.S., Keator, D.B., Marcus, D.S., Pieper, S., FBIRN, MBIRN, BIRN-CC. XCEDE: an
extensible schema for biomedical data. Neuroinformatics. 2012;10(1):19-32.
27. Maumet C, Auer, T., Bowring, A., et al., Sharing brain mapping statistical results with the neuroimaging data model.
Scientific Data. 2016;3(160102). doi: doi:10.1038/sdata.2016.102.

1098



28. Teeters JL, Godfrey, K., Young, R., et al., Neurodata Without Borders: Creating a Common Data Format for
Neurophysiology. Neuron. 2015;88(4):629-34.
29. Garcia S, Guarino, D., Jaillet, F., Jennings, T., Pröpper, R., Rautenberg, P.L., Rodgers, C.C., Sobolev, A., Wachtler,
T., Yger, P., Davison, A.P. Neo: an object model for handling electrophysiology data in multiple formats. Frontiers in
Neuroinformatics. 2014;8(10).
30. Brinkmann BH, Bower, M.R., Stengel, K.A., Worrell, G.A., Stead, M., editor. Multiscale electrophysiology format:
an open-source electrophysiology format using data compression, encryption, and cyclic redundancy check. Annual
Conference of the IEEE Engineering Medical and Biology Society; 2009; Minneapolis, MN IEEE.
31. Cohn R, Leader, H.S. Synchronization characteristics of paroxysmal EEG activity. Electroencephalogr Clin
Neurophysiol. 1966;22(5):421-8.
32. Brazier MAB. Interactions of Deep Structures during Seizures in Man. In: Petsche H, et al., editor. Synchronization
of EEG Activity in Epilepsies: Springer-Verlag/Wien; 1972. p. 409-27.
33. Pijn JPM, Vijn, P.C.M., Lopes da Silva, F.H., Van Emde Boas, W., Blanes, W. The use of signal-analysis for the
localization of an epileptogenic focus: a new approach. . Adv Epileptol. 1989;17:272-6.
34. Marshall DW, Westmoreland, B.F., Sharbrough, F.W. Ictal tachycardia during temporal lobe seizures. Mayo Clin
Proc. 1983;58(7):443-6.
35. Wendling F, Bartolomei, F., Bellanger, J.J. and Chauvel, P. Interpretation of interdependencies in epileptic signals
using a macroscopic physiological model of the EEG. Clinical neurophysiology. 2001;112(7):1201-18.
36. Bartolomei F, Wendling, F., Bellanger, J.J., Régis, J. and Chauvel, P. Neural networks involving the medial temporal
structures in temporal lobe epilepsy. . Clinical neurophysiology. 2001;112(9):1746-60.
37. Ponten SC, Bartolomei, F., Stam, C.J. Small-world networks and epilepsy: graph theoretical analysis of
intracerebrally recorded mesial temporal lobe seizures. . Clinical neurophysiology. 2007;118(4):918-27.
38. Bartolomei F, Lagarde, S., Wendling, F., McGonigal, A., Jirsa, V., Guye, M. and Bénar, C. Defining epileptogenic
networks: contribution of SEEG and signal analysis. Epilepsia. 2017;58(7):1131-47.
39. Kramer MA, Eden, U.T., Kolaczyk, E.D., Zepeda, R., Eskandar, E.N., Cash, S.S. Coalescence and fragmentation of
cortical networks during focal seizures. . Journal of Neuroscience. 2010;30(30):10076-85.
40. Wolstencroft K, Haines, R., Fellows, D., Williams, A., Withers, D., Owen, S., Soiland-Reyes, S., Dunlop, I.,
Nenadic, A., Fisher, P., Bhagat, J., Belhajjame, K., Bacall, F., Hardisty, A., Nieva de la Hidalga, A., Balcazar Vargas, M.P.,
Sufi, S., Goble, C. The Taverna workflow suite: designing and executing workflows of Web Services on the desktop, web or
in the cloud. Nucleic Acids Res. 2013;41:W557-61.
41. Hettne KM, Dharuri, H., Zhao, J., Wolstencroft, K., Belhajjame, K., Soiland-Reyes, S., Mina, E., Thompson, M.,
Cruickshank, D., Verdes-Montenegro, L., Garrido, J., de Roure, D., Corcho, O., Klyne, G., van Schouwen, R., 't Hoen, P.A.,
Bechhofer, S., Goble, C., Roos, M. Structuring research methods and data with the research object model: genomics
workflows as a case study. Journal of Biomedal Semantics. 2014;5(1):41.
42. Sahoo SS, Lhatoo, S.D., Gupta, D.K., Cui, L., Zhao, M., Jayapandian, C., Bozorgi, A., Zhang, GQ. Epilepsy and
seizure ontology: towards an epilepsy informatics infrastructure for clinical research and patient care. Journal of American
Medical Informatics Association. 2014;21(1):82-9.
43. Gershon A, Devulapalli, P., Zonjy, B., Ghosh, K., Tatsuoka, C., Sahoo, S.S. Computing Functional Brain
Connectivity in Neurological Disorders: Efficient Processing and Retrieval of Electrophysiological Signal Data.  AMIA
Summits on Translational Science Proceedings2019. p. 107.
44. Newman ME. The structure and function of complex networks. SIAM review. 2003;45(2):167-256.
45. Watts DJ, Strogatz, S.H. Collective dynamics of 'small-world' networks. Nature. 1998;393(6684):440-2.
46. Latora V, Marchiori, M. Efficient behavior of small-world networks. Physical review letters. 2001;87(19).
47. Lacuey N, Zonjy, B., Kahriman, E.S., Marashly, A., Miller, J., Lhatoo, S.D., Lüders, H.O. Homotopic reciprocal
functional connectivity between anterior human insulae. Brain Structure and Function. 2015:1-7.
48. The Research-Based Web Design & Usability Guidelines. Enlarged/Expanded edition. In: Services. USDoHaH,
editor. Washington: U.S. Government Printing Office; 2006.
49. Zaharia M, Xin, R.S., Wendell, R., Das, T., Armbrust, M., Dave, A., Meng, X., Rosen, J., Venkataraman, S.,
Franklin, M.J., Ghodsi, A., Gonzalez, J., Shenker, S., Stoica, I. Apache spark: A unified engine for big data processing,.
Communications of the ACM. 2016;59(11):56-65.
50. Sahoo SS, Valdez, J., Kim, M., Rueschman, M., Redline, S. ProvCaRe: Characterizing Scientific Reproducibility of
Biomedical Research Studies using Semantic Provenance Metadata. International Journal of Medical Informatics.
2019;121:10-8. doi: https://doi.org/10.1016/j.ijmedinf.2018.10.009.

1099



STAN-CT: Standardizing CT Image using Generative Adversarial Networks

Md Selim1,3, Jie Zhang, PhD2, Baowei Fei, PhD5,6, Guo-Qiang Zhang, PhD7 , Jin Chen,
PhD1,3,4

1Department of Computer Science, University of Kentucky, Lexington, KY
2Department of Radiology, University of Kentucky, Lexington, KY

3Institute for Biomedical Informatics, University of Kentucky, Lexington, KY
4Department of Internal Medicine, University of Kentucky, Lexington, KY

5Department of Bioengineering, University of Texas at Dallas, Richardson, TX
6Department of Radiology, UT Southwestern Medical Center, Dallas, TX
7The University of Texas Health Science Center at Houston, Houston, TX

Abstract Computed Tomography (CT) plays an important role in lung malignancy diagnostics, therapy assessment,
and facilitating precision medicine delivery. However, the use of personalized imaging protocols poses a challenge
in large-scale cross-center CT image radiomic studies. We present an end-to-end solution called STAN-CT for CT
image standardization and normalization, which effectively reduces discrepancies in image features caused by using
different imaging protocols or using different CT scanners with the same imaging protocol. STAN-CT consists of two
components: 1) a Generative Adversarial Networks (GAN) model where a latent-feature-based loss function is adopted
to learn the data distribution of standard images within a few rounds of generator training, and 2) an automatic
DICOM reconstruction pipeline with systematic image quality control that ensures the generation of high-quality
standard DICOM images. Experimental results indicate that the training efficiency and model performance of STAN-
CT have been significantly improved compared to the state-of-the-art CT image standardization and normalization
algorithms.

1 Introduction

Computed Tomography (CT), one of the widely used modalities for cancer diagnostics1,2, provides a flexible image
acquisition and reconstruction protocol that allows adjusting kernel function, amount of radiation, slice thickness, etc.
to meet clinical requirements3. The non-standard protocol setup broadens the scope of CT uses effectively, but at
the same time, it creates a data discrepancy problem among the acquired images4. For example, the same clinical
observation with two different CT acquisition protocols may result in images with significantly different radiomic
features, esp. intensity and texture5,6. As a result, this hinders the effectiveness of inter-clinic data sharing and the
performance of large-scale radiomics studies5.

The CT data discrepancy problem could be potentially addressed by defining and using a standard image acquisition
protocol. However, it is impractical to use the same image acquisition protocol in all the clinical practices, not only
because there are already multiple CT scanner manufactures in the market7, but also the limitations of using a fixed
protocol for all patients under all situations in diagnosis, staging, therapy selection, and therapy assessment of tumor
malignancies8. We propose to develop an image standardization and normalization tool to “translate” any CT images
acquired using non-standard protocols into the standard one while preserving most of the anatomic details4. Math-
ematically, let target image x be an image acquired using a standard protocol, given any non-standard source image
x′, the image standardization and normalization tool aims to compose a synthetic image x̂ from x′ such that x̂ is
significantly more similar to x than to x′ regarding radiomic features.

In recent years, deep-learning-based algorithms have been developed for image or data synthesis9,10. U-Net is a special
kind of fully connected U-shaped neural network for image synthesis11. Built upon U-Net or a similar neural network
structure, Generative Adversarial Network (GAN) is a class of deep learning models, in which two neural networks
contest with each other9. Being one of the mostly-used deep learning architectures for image synthesis, GAN has been
utilized on CT image standardization10. In GANai, a customized GAN model is trained using an alternative training
strategy to effectively learn the data distribution, thus achieving significantly better performance than the classic GAN
model and the traditional image processing algorithm called Histogram matching10,12,13. However, GANai focuses on
the relatively easier image patch synthesis rather than the whole DICOM image synthesis problem10.
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Figure 1: GAN architecture of STAN-CT. The generator G is a U-Net with a new latent loss for synthesizing image patches. The
discriminator D is an Fully Convolutional Network classifier for determining whether a synthesized image patch is fake or real.

To address the CT image standardization and normalization problem, tools are needed to reconstruct synthesized data
that have the common feature space as the target data10. This poses two fundamental computational challenges: 1) to
effectively map between target images and synthesized images with great pixel-level details, and 2) to maintain the tex-
ture consistency among the synthesized images. In this paper, we present an end-to-end solution called STAN-CT. In
STAN-CT, we introduce two new constrains in GAN loss shown in Fig. 1. Specifically, we adopt a latent-space-based
loss for the generator to establish a one-to-one mapping from target images to synthesized images. Also, a feature-
based loss is adopted for the discriminator to critic the texture features of the standard and the synthesized images.
Furthermore, to synthesize CT images in the Digital Imaging and Communications in Medicine (DICOM) format14,
STAN-CT introduces a DICOM reconstruction framework that can integrate all the synthesized image patches to
generate a DICOM file for clinical use. The framework ensures the quality of the synthesized DICOM by systemat-
ically identifying and pruning low-quality image patches. In our experiment, by comparing the synthesized images
with the ground truth, we demonstrate that STAN-CT significantly outperforms the current state-of-the-art models. In
summary, STAN-CT has the following advantages:

1. STAN-CT provides an end-to-end solution for CT image standardization and normalization. The outcome of
STAN-CT is DICOM image files that are ready to be loaded into clinical systems directly.

2. STAN-CT adopts a novel one-to-one mapping loss function on the latent space. It enforces the generator to
draw samples from the same distribution where the standard image belongs to.

3. STAN-CT uses a novel feature-based loss to improve the performance of the discriminator.

4. STAN-CT is effective in model training. It can quickly converge within a few rounds of training processes.

2 Background

CT images are one of the key modalities in tumor malignancy studies15. The CT image discrepancy problem due to
the common use of non-standard imaging protocols poses a gap between CT imaging and radiomics studies. To fill
the gap, clinical image synthesis tools need to be developed to translate images acquired using non-standard protocols
into standard ones.

Image or data synthesis

Image or data synthesis is an active research area in computer vision, computer graphics, and natural language pro-
cessing9. By definition, image synthesis is a process of generating synthetic images using limited information16. The
given information includes text description, random noise, or any other types of information. With the recent break-
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through in deep learning, image synthesis algorithms have been applied in the areas of text-to-image generation17,
detecting lost frame in a video18, image-to-image transformation19, and medical imaging20 successfully.

U-net

U-Net is a special fully connected neural network originally proposed for medical image segmentation11. Precise lo-
calization and relatively small training data requirements are the major advantages of using U-Net11. A U-Net usually
has three parts, down-sampling, bottleneck, and up-sampling, where the up-sampling and down-sampling are symmet-
ric. There are also connections from down-sampling layers to the corresponding up-sampling layers to recover lost
information during down-sampling. However, while U-net is effective on generating structural information, it suffers
from learning and keeping texture details21. This issue can be overcome by adopting U-net in a more sophisticated
generative model called Generative Adversarial Networks (GANs)9.

Generative Adversarial Network

Generative Adversarial Networks (GAN), which are often used for data and image synthesis9, normally consist of
a generator G and a discriminator D. The generator that could be a U-Net is responsible for generating fake data
from noise, and the discriminator tries to identify whether its input is drawn from the real or fake data. Among all
the GAN models, cGAN is capable of synthesizing new images based on a prior distribution22. However, since the
image features of the synthesized data and that of the target data may not fall into the same distribution, cGAN may
not be directly applicable for the CT image standardization problem. GANai is a customized cGAN model, in which
the generator and the discriminator are trained alternatively to learn the data distribution, thus achieving significantly
better performance than the vanilla cGAN model. However, GANai focuses on the relatively easier image patch
synthesis problem rather than the whole DICOM image synthesis problem.

Disentanglement

In a generative model, the latent space often plays a vital role in target domain mapping. Appropriate latent space
learning is crucial for generating high quality data. Disentanglement is an effective metric that provides a deep un-
derstanding of a particular layer in a neural network23. Network disentanglement can assist to uncover the important
factors that contribute to the data generation process24.

Alternative Training Strategy

Model training is one of the most crucial parts of GAN because of the special network architecture (i.e. the generator
needs to fool the discriminator while the discriminator tries to detect true data distribution from the false one). In
the alternative training mechanism, when one component is in training, the other one remains unchanged. Also, each
component has a fixed number of training iterations. A variant of alternative training was proposed in Liang et al.10

named fully-optimized alternative training, where the model training is divided into two phases called G-phase and D-
phase. In the G-phase, D is fixed, andG needs to achieve a certain accuracy θG before reaching the maximum training
step tmax. In the D-phase, G is fixed, and D needs to achieve a pre-defined performance θD or it stops when reaching
a maximum training step tmax. When one training phase is completed, the other phase will begin. The GANai training
will continue until an optimal result is achieved or the maximum number of epochs is reached. Furthermore, instead
of performance competing between a single copy of D and G, multiple copies of Gs and Ds compete with each other.
For example, a G needs to fool multiple Ds before its phase is over. Also, a rollback mechanism is implemented in
GANai so that if a component is not able to fool its counterpart within limited steps, it rolls back to the beginning status
of the current phase and starts again. This alternative training mechanism has been successfully applied to address the
CT image standardization problem.

3 Method

With STAN-CT, we attempt to address the long-standing CT image standardization problem. STAN-CT consists of a
novel GAN model and a dedicated DICOM synthesis framework to meet the clinical requirements.
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Standardizing CT image patches

Similar to the conventional GAN models, the STAN-CT GAN model has two components, the generator G and the
discriminator D. G is a U-shaped network11 consisting of an encoder and a decoder. Both the encoder and the
decoder consist of seven hidden layers. There is a skip connection from each layer of the encoder to the corresponding
layer of the decoder to address the information loss problem during the down-sampling. D consists of five fully
connected convolutional layers. Fig. 1 illustrates the GAN architecture of STAN-CT. The detailed architecture and
the hyperparameters of STAN-CT used in our experiments are specified in section 4 sub-section titled STAN-CT
architecture and hyperparameters. Mathematically, let x be a standard image and x′ be its corresponding non-standard
image. The aim of the generator is to create a new image x̂ that has the same data distribution as x. Meanwhile, the
discriminator determines whether x and x̂ are from the standard image distribution.

Discriminator Loss. In a GAN model, the performance of D and G increases accordingly. We propose to adopt two
losses for the discriminator training, i.e. the WGAN25 adversarial loss function to critic the standard and non-standard
images and the fetcher-based loss. WGAN is a stable GAN training mechanism that provides a learning balance
between G and D 26. STAN-CT adopts the WGAN-based adversarial loss of the discriminator defined as:

Ladv(D) = Ow
1

m

m∑
i=1

[f(x(i))− f(G(x′(i)))] (1)

where w is the hyper-parameters of D, m is the batch size, x′(i) is the input (non-standard image), and x(i) is the
corresponding standard image. In addition to the WGAN-based adversarial loss, STAN-CT introduces a new feature-
based loss function Lfeat. To improve generator diversity, a similar feature-based loss function has been used in Yang
et al.27. Here, we use the feature space ofD instead of a secondary pre-trained network to maintain a balanced network
(i.e. D and G are not too strong or too weak compared with other). The feature-based loss is described in Eq 2:

Lfeat = E(x)[
1

V
‖φ(D(G(x′)))− φ(D(x))‖] (2)

where φ is the feature extractor and V is the volume of the feature space, and G(x′) is an image generated by G and x
is the target image. Finally, let λ1 be a wight factor (λ1 ∈ [0, 1]), the total loss of D that combines the WGAN-based
loss Ladv(D) and the feature-based loss Lfeat is defined as:

L(D) = Ladv(D) + λ1LDfeat
(3)

Generator Loss. The generator loss consists of three components, i.e. the WGAN-based loss, the latent loss, and the
L1 regularization. The WGAN-based loss, which is used to improve network convergence, is defined as:

Ladv(G) = Oθ
1

m

m∑
i=1

f(G(x′
(i)
)) (4)

where θ represents all the hyper-parameters of G, x′(i) is a source image, and f is 1-Lipschitz function, which returns
the Earth-Mover (EM) distance from one metric space to another.

It is the latent space that connects the distribution of an input domain and an output domain in the same generative
model, which allows a smooth domain translation28. Inspired by Mao et al.28, we propose a new latent-feature-based
loss function to enforce one-to-one mapping between the synthesized image and the standard image. Specifically,
the latent loss Llat aims to minimize the distance between the latent distribution of the synthesized images and their
corresponding standard images.

Llat =
∥∥zx − zG(x′)

∥∥ (5)

where z stands for the latent vector,G(x′), and x is its corresponding standard image. Finally, the total loss ofG L(G)
is defined as:

L(G) = Ladv(G) + λ2LGlat
+ λ3

1

m

m∑
i=1

|x−G(x′)| (6)

where λ2 ∈ [0, 1] and λ3 ∈ [0, 1] are wight factors. 1
m

∑m
i=1 |x−G(x′)| is the L1 regularization function.
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Figure 2: STAN-CT DICOM-to-DICOM image standardization framework. (a) Soft tissue image patches are generated from
the input DICOM files, ready for image standardization and normalization. (b) For all the soft tissue image patches, new image
patches are synthesized using STAN-CT generator. The quality of the new image patches is checked using STAN-CT discriminator.
(c) All the synthesized soft-tissue image patches are integrated and are filtered by a soft tissue image mask generated using the input
DICOM image. DICOM image quality is checked by examining box artifacts and empty pixels. (d) The synthesized and the original
non-standard DICOM image files will be viewed side-by-side by radiologists using a PACS reading workstation. The radiologists’
reports will be used to further evaluate the quality of the standardized CT images. Meanwhile, image texture features will be
extracted for automatic performance evaluation.

DICOM Reconstruction Framework

STAN-CT presents a DICOM-to-DICOM reconstruction framework for systematic DICOM reconstruction. The
DICOM-to-DICOM reconstruction framework includes four additional components to facilitate processes such as
image patch generation and fusion (see Fig. 2). Each component has a unique quality control unit (red diamond box)
that ensures the outputs are free from defects.

Step 1. soft tissue image patch generation: The first step of STAN-CT DICOM-to-DICOM image standardization
is soft tissue image patch generation. Image patches with size between 100 and 256 are randomly generated using the
input DICOM image. An image patch is a soft tissue image patch if at least 70% of the pixels are in the soft tissue
range (Hounsfield unit value ranging from -1000 to 900). The process will continue until each soft-tissue image patch
contains at least 50% overlapped pixels.

Step 2. standard image patch synthesis: With a trained STAN-CT generator, a soft-tissue image patch obtained in
the previous step will be standardized (see Section 3 for details).

Then, the synthesized image patches will be examined by STAN-CT discriminator. If a synthesized image patch can
fool the discriminator, it is considered as a qualified synthesized image patch. Otherwise, the synthesized image patch
will be discarded. This step ensures the quality of the synthesized image patches.

Step 3. standard DICOM image generation: Given all the qualified synthesized image patches, we first normalize
the pixel intensity from gray-scale to the Hounsfield unit using:

PHU =
Pg −min(x̂g)

max(x̂g)−min(x̂g)
(MAX −MIN) (7)

where PHU and Pg is the pixel value in Hounsfield unit and gray-scale unit respectively, x̂g is a qualified synthesized
image patch, and MAX and MIN are the maximum and minimum CT number of a source DICOM.

Meanwhile, with a soft tissue image mask created from the original DICOM images with Hounsfield unit ranging from
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−1000 to 900, the non-soft tissue parts of the synthesized and normalized image patches will be discarded. Finally,
we integrate all the valid soft tissue patches to generate the integrated synthesized images.

The quality of the integrated synthesized images will be checked using a quality control unit, which inspects whether
there is any box artifacts or missing values. If some artifacts are identified, the corresponding image patches will be
re-integrated by cropping boundary pixels.

Step 4. DICOM image evaluation: In the DICOM image evaluate step, both the synthesized and the original non-
standard DICOM image files will be viewed side-by-side by radiologists using a PACS reading workstation. Radi-
ologists will be asked to evaluate image quality, estimate the acquisition protocol, and extract tumor properties. The
radiologists’ reports will be used to evaluate the quality of the standardized CT images. Meanwhile, with all the
synthesized DICOM files generated in the previous step, image texture features will be automatically extracted and
compared for automatic performance evaluation.

4 Experimental result
Data

For the training data, we used total of 14,688 CT image slices captured using three different kernels (BL57, BL64,
and BR40) and four different slice thicknesses (0.5, 1, 1.5, 3mm) using Siemens CT Somatom Force scanner at the
University of Kentucky Medical Center. STAN-CT adopted BL64 kernel and 1mm slice thickness as the standard
protocol since it has been widely used in clinical practice. Random cropping was used for the image patch extraction
and resized into 256×256 pixel patches. Data augmentation was done by rotating and shifting image patches. Finally,
a total of 49,000 soft-tissue image patches were generated from the CT slices and were used as the training data of
STAN-CT. Two testing data sets were prepared for STAN-CT performance evaluation. Both data sets were captured
using Siemens CT Somatom Force scanner at the University of Kentucky Medical Center hospital. The first testing
data were captured using the non-standard protocol BR40 and 1mm slice thickness. The second testing data were
captured using the non-standard protocol BL57 and 1mm slice thickness. The image patch generation step was the
same as that of the training data. Each test data set contains 3,810 image patches.

STAN-CT architecture and hyperparameters

STAN-CT GAN model consists of a U-Net with fifteen hidden layers and an FCN with five hidden layers. The
4 × 4 kernel is used in the convolutional layer. LeakyRelu29 is adopted as the activation function in all the hidden
layers. Softmax is used in the last layer of FCN. Random weight is used during the network initialization phase. The
prediction thresholds for determining fake or real images is 0.01 and 0.99 respectively. Maximum training epochs
were set to 100 with a learning rate of 0.0001 with momentum 0.5. A fully optimized alternative training mechanism
(the same as GANai) was used for the network training. STAN-CT was implemented in TensorFlow30 on a Linux
computer server with eight Nvidia GTX 1080 GPU cards. The model took about 36 hours to train from scratch. Once
the model was trained, it took about 0.1 seconds to synthesize and normalize every image patch.

Evaluation Metric

For performance evaluation, we computed five radiomic texture features (i.e. dissimilarity, contrast, homogeneity,
energy, and correlation) using Gray Level Co-occurrence Matrix (GLCM). The absolute error E of each radiomic
texture feature was computed using:

E(Isyn, Itarget, f) =
|ϕ(Isyn, f)− ϕ(Itarget, f)|

ϕ(Itarget, f)
(8)

where ϕ is the GLCM feature extractor Isyn and Itarget is the synthesized image from STAN-CT and the target image
respectively. f is the corresponding feature space.
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BL57

dissimilarity 0.313 0.228 0.234 0.245
contrast 0.313 0.228 0.234 0.245
homogeneity 0.012 0.009 0.009 0.012
energy 0.032 0.035 0.038 0.022
correlation 0.085 0.058 0.057 0.120

BR40

dissimilarity 0.683 0.407 0.441 0.545
contrast 0.683 0.407 0.441 0.545
homogeneity 0.028 0.018 0.019 0.024
energy 0.040 0.041 0.057 0.045
correlation 0.315 0.203 0.273 0.303

Table 1: Texture feature comparison between GANai,
STAN-CT and its two variants. Five texture features (dis-
similarity, contrast, homogeneity, energy and correlation)
were extracted from DICOM image patches. The absolute
error was reported for each feature.
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BL57

dissimilarity 0.727 0.485 0.334 0.201
contrast 0.727 0.485 0.334 0.201
homogeneity 0.031 0.019 0.012 0.009
energy 0.072 0.063 0.046 0.032
correlation 0.319 0.149 0.075 0.054

BR40

dissimilarity 0.849 0.653 0.496 0.405
contrast 0.849 0.653 0.496 0.405
homogeneity 0.035 0.027 0.022 0.016
energy 0.048 0.045 0.051 0.040
correlation 0.386 0.345 0.289 0.201

Table 2: Texture feature comparison. Five texture fea-
tures were extracted from DICOM images constructed from the
same image patches using four different DICOM reconstruc-
tion methods. The averaged absolute error is reported for each
feature.

Table 3: Performance on tumor-specific tissues. Five texture features, i.e. dissimilarity, contrast, homogeneity, energy, and corre-
lation, were extracted from all the image patches of a tumor. The mean absolute error of each feature was reported.

Kernel Model dissimilarity contrast homogeneity energy correlation

BL57 GANai 0.124 ± 0.098 0.124 ± 0.098 0.018 ± 0.012 0.098 ± 0.054 0.877 ± 0.368
STAN-CT 0.114 ± 0.026 0.114 ± 0.026 0.017 ± 0.005 0.041 ± 0.019 0.847 ± 0.408

BR40 GANai 0.616 ± 0.104 0.616 ± 0.104 0.091 ± 0.018 0.222 ± 0.061 1.184 ± 0.646
STAN-CT 0.602 ± 0.081 0.602 ± 0.081 0.076 ± 0.011 0.182 ± 0.061 1.184 ± 0.646

Performance of image patch synthesis

Table 1 shows the absolute error of five GLCM-based texture features of STAN-CT, GANai (the current state-of-the-
art model), and two disentangled representation of STAN-CT on the soft tissues. In the model named “STAN-CT
w/o Llat”, we discarded from STAN-CT the latent loss function Llat of G. In the second one named “STAN-CT w/o
Lfeat”, we discarded the feature-based loss Lfeat ofD from STAN-CT. All the models were tested using kernel BL57
and BR40 with the same slice thickness (1mm). For kernel BL57, STAN-CT and its variants outperformed GANai in
all the texture features. For kernel BR40, STAN-CT was significantly better than GANai in four out of five features.
Also, Table 3 shows the feature comparison on the same tumor tissue. On all the five GLCM-based texture features
extracted from the images scanned using BL57 and BR40 kernels, STAN-CT clearly outperforms GANai.

The first four generators of each GAN models were selected for further analysis. Fig. 3 illustrates the change of the
absolute errors of the five GLCM-based texture features using the generators produced in the first four iterations of
alternative training of STAN-CT or GANai. The result indicates that STAN-CT can quickly reduce the errors in the
first a few iteration of the alternative training, while no clear trend was observed in the results of GANai.

Performance of DICOM reconstruction

A straightforward patch-based image reconstruction approach has three steps: 1) splitting a DICOM slice into over-
lapped or non-overlapped image patches; 2) standardizing each image patch; and 3) merging the standardized image
patches into one DICOM slice. A common problem in such a patch-based image reconstruction process is image
artifacts, such as boundary artifact or inconsistent texture. As shown in Table 2, the straightforward approach has the
highest absolute error on all the tested image features.

In STAN-CT, three quality control units were inserted into the framework, each being adopted to address a specific im-
age quality problem. Table 2 shows that STAN-CT achieved significantly better performance than the straightforward
method regarding the absolute errors on five selected texture features. Fig. 4 visualized the reconstructed DICOM
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Figure 3: Performance evaluation of STAN-CT generator. The first four generators of STAN-CT and GANai were compared
using the GLCM-based features. The x-axis denotes the training phase, and the y-axis denotes the absolute error of each selected
texture feature. The result indicates STAN-CT archived overall the best performance.

(a) DICOM reconstructed using a straightforward method. The red circle
highlights the boundary effect where two image patches were merged.
The green circle shows texture inconsistency.

(b) The same DICOM reconstructed using STAN-CT. No visual artifacts
were found according to the radiologist’s report.

Figure 4: DICOM Reconstruction Comparison

images using the two methods. The red (green) circle highlights the boundary effect where two image patches were
merged (texture inconsistency within a DICOM slice) using the straightforward method. In the same DICOM recon-
structed using STAN-CT, no visual artifacts were found according to the radiologist’s report.

We further compared STAN-CT with its two variants. The method named “w/ overlapped check” used only the first
quality control unit to check whether there were enough overlapped soft-tissue image patches. The method named “w/
real/fake check” used the first two quality control units, which not only checked if there were enough image patches,
but also examined whether the image patches were successfully standardized. Table 2 shows that both approaches
achieve better results than the straightforward method, but none of is better than STAN-CT, indicating all the three
quality control units are critical regarding artifact detection and removal. The standardized DICOM images, along
with the corresponding standard images, were reviewed by radiologists at the Department of radiology, University of
Kentucky using the picture archiving and communication system (PACS) viewer (Barco, GA, USA). The radiologists,
who were blinded to the image reconstruction algorithms, reported that no obvious difference was observed in lung
regions between the two kinds of images.

5 Discussion

First, by systematically removing every single component in the GAN model and in the DICOM reconstruction
pipeline using the the leave-one-out approach, we analyzed the impact of every component of STAN-CT. In STAN-CT,
both the latent loss LLat and the feature loss Lfeat are key components. To evaluate the impact of the loss functions,
two versions of STAN-CT GAN, where the latent loss or the feature loss has been removed respectively, were created.
Table 1 shows that none of them can achieve the same performance as that of STAN-CT regarding the GLCM-based
texture features. Also, Fig. 5 shows that the latent loss of STAN-CT LLat decreases during G-training, indicating
that the generator can reduce the gap between the distributions of the target image and the synthetic image effectively,
while maintaining flat during the D-training phases.

Second, we analyzed the STAN-CT training phase switches. During the STAN-CT training, the discriminator loss
(shown in Fig. 6) bounced between 0 and 2 rapidly in the early phase switches, indicating an efficient discriminator
and generator training. In the later phases, however, the training time increased significantly, indicating that both the
generator and the discriminator were converging. At the blue colored point, the discriminator failed to distinguish real
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in the D-training phase.
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Figure 6: Performance of the discriminator of STAN-CT in
different training phases. The discriminator loss decreases in
the D-training phase and increases in the G-training phase. The
blue-colored point indicates a failed-then-restart D-training.

from fake images after certain iterations of discriminator training. In this situation, the new discriminator was ruled
out and the D-training was restarted. If the D-training continued to fail, the STAN-CT alternative training can stop10.

Finally, the DICOM reconstruction pipeline includes four quality control units, each contributing to the improvements
of the quality of the resulting DICOM images. Table 2 shows that the contrast error of the straightforward DICOM
reconstruction (without using any of the quality control units) is 0.727, which can be reduced to 0.485 by adding
the overlapped soft tissue quality control, which provides consistent texture throughout the DICOM. It can be further
reduced to 0.334 (54% improvement) by adding the discriminator checker that ensures the success of image synthesis.
Eventually, if all the four quality control units were used, the contract error was reduced to 0.201 (72% improvement).

6 Conclusion

Data discrepancy in CT images due to the use of non-standard image acquisition protocols adds extra burden to
radiologists and also creates a gap in large-scale cross-center radiomic studies. We propose STAN-CT, a novel tool for
CT DICOM image standardization and normalization. In STAN-CT, new loss functions are introduced for efficient
GAN training, and a dedicated DICOM-to-DICOM image reconstruction framework has been developed to automate
the DICOM standardization and normalization process. The experimental results show that STAN-CT is significantly
better than the existing tools on CT image standardization. Our experiments demonstrate that inconsistency in CT
image acquisition can be effectively harmonized using STAN-CT. This work fits well with large-scale radiomic studies
in cancer researches where radiomic features can be extracted from standardized images rather than the original ones.
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Abstract 

Medication reconciliation (MR) aims at preventing medication errors at care transitions. It is a complex, time-
consuming, cognitively demanding pharmacological task. We have developed a decision support system, EzMedRec, 
to assist retroactive MR at hospital admission. EzMedRec compares the best possible medication history (BPMH), 
i.e., all medications taken by the patient before hospitalization, to the list of admission medication orders (AMO). The 
process includes (i) the decomposition of BPMH and AMO drugs into their active ingredients (AIs), (ii) the detection 
of medication discontinuations and additions, and (iii) the identification of modified medication orders. The ATC 
classification is used to semantically enrich MR by comparing discontinued AIs and added AIs and suggesting a 
potential intentional drug substitution serving the same therapeutic objective. EzMedRec has been evaluated on a 
sample of 52 actual MRs involving 822 medication order lines, 406 in BPMHs, and 416 in AMOs with a global 
accuracy of 98,3%.   

1. Introduction 

As worldwide mortality declines, people live longer, often with disability and multiple comorbidities, which has 
important implications for global health care needs.1 Multimorbid patients are indeed engaged in complex clinical 
pathways involving multiple settings and usually as many medical specialists as the number of patients’ different 
conditions. The various providers, e.g., hospitals and medical group practices, laboratories, radiology centers, and 
pharmacies, usually use different electronic health systems to report the findings of patients’ medical history, physical 
examination, diagnosis, and drug therapy. Though significant progress has been made, nationwide interoperability of 
health information technology (HIT) tools allowing for the seamless exchange of appropriate digitized information 
among organizations remains complex.2 Matching patients to their medical records, especially when there are multiple 
health care providers, is critical, and when the process is correctly performed (the “right patient” with the “right 
record”), accessing the whole picture of the patient health condition and consolidated management is not granted to 
the different providers that often only get an incomplete and fragmented view.  
 
Care coordination is thus problematic for patients with multiple conditions that transit across multiple systems. 
Deficient care coordination processes often result in adverse clinical events due to the lack of communication between 
providers.3 Especially, transitions of care on admission to, or discharge from, the hospital and between clinical areas 
are risk points for medication errors. Medication discrepancies arising at care transitions have been reported as 
prevalent and are linked with adverse drug events.4 Medication reconciliation (MR) has been proposed as an 
intervention to prevent medication errors at transitions. MR mainly consists in the identification and resolution of 
unintended discrepancies between lists of medications taken at home, hospital admission, transfer, and discharge. 
Discrepancies include – but are not limited to – medication discontinuations, additions, and modifications such as 
changes in intake scheduling, or dosing inaccuracies. If studies have found that MR could help decrease the rate of 
inpatient medication errors by up to 76%5 and the rate of hospital readmissions6 a recent systematic review suggested 
MR interventions have showed little or no impact on the identification and correction of medication discrepancies,4 
thus requiring more research on the topic. 

In the specific case of hospital admission, the first step of the MR process is to gather the exhaustive list of all 
medications actually routinely taken by a patient before she was hospitalized, using a number of different sources of 
information. This list is known as the “best possible medication history” (BPMH). Collecting the BPMH usually relies 
on interviewing the patient, her family, caregivers, GP, and pharmacists, and on reviewing patient-provided last 
prescriptions. WHO’s High 5s Standard Operating Protocol considers MR at hospital admission generally fits into 
two models:7 the proactive model, when the BPMH is collected prior to the writing of the “admission medication 
order” (AMO), and the retroactive model, when the AMO is written before the full BPMH is collected. In the 
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retroactive model, the BPMH is retrospectively compared to the AMO to identify and solve undocumented 
discrepancies, making the difference between undocumented intentional discrepancies when the prescriber has 
intentionally changed a medication but this choice is not clearly documented, and undocumented unintentional 
discrepancies when the prescriber unintentionally changed a medication the patient was taking prior to admission. 

MR has been shown to be a time-consuming, highly cognitively demanding pharmacological task, currently poorly 
performed. Tools have been developed to increase the role of pharmacists,8 of nurses,9 and also of patients by engaging 
them to use an electronic home medication review tool,10 or computer kiosks.11 Another approach has been to leverage 
secure messaging for MR to be used with patient portals.12 Other solutions have been proposed to facilitate medication 
reconciliation.13,14 Hospitals have first started to use HIT for reconciliation by adding general MR services within 
CPOE systems.15 Then, MR-specialized software has been developed either as standalone or embedded modules, e.g., 
the Pre-Admission Medication List tool,16 or RightRx.17 However, to the best of the authors’ knowledge, these systems 
are essentially supporting the pre-population of the medication history report and the BPMH building. Besides, the 
poor usability of existing tools has impeded their adoption and effectiveness.18 Several more recent solutions were 
focused on the development of friendly user interfaces that support users in the MR process providing visualizations 
of medication lists and editing facilities letting the cognitive tasks of discrepancies confirmation and resolution to the 
user.19-23 However, the impact of MR systems seems to be dependent on how the tool initially identifies and classify 
discrepancies.  

If the identity of two drugs is easily computed, the alignment of different but similar drugs in both BPMH and AMO 
can be more complex and requires in-depth drug knowledge. This is specially the case with combination drugs, or 
fixed-dose combinations, that include two or more active ingredients (AIs), or with drugs that contain distinct AIs 
with the same therapeutic effect. For instance, the usability study of the Twinlist prototype20 showed that the majority 
of MR duplication errors made with the prototype (6/9) involved the drug hydrochlorothiazide, which was not 
appropriately grouped next to Zestoretic, a combination of lisinopril and hydrochlorothiazide, i.e., the combination 
drug Zestoretic made of lisinopril and hydrochlorothiazide as AIs existing in the BPMH was not aligned with the two 
separate drugs, lisinopril and hydrochlorothiazide present in the AMO. As the tool did not propose the correct 
alignment, study participants did not recognize/know/notice the drug decomposition, and while relying on the Twinlist 
grouping, they were wrong in the MR process, suggesting they were subject to automation bias. As reported by the 
authors of the study,20 the use of Twinlist has not proven significant superiority in reducing medication discrepancies 
as compared to a simple user interface because of this error (observed several times). 

In order to alleviate the MR cognitive task and improve the quality of the process at hospital admission, we have 
developed a decision support system named EzMedRec applied to retroactive MR. EzMedRec is able to perform a 
formal knowledge-based analysis of both BPMH and AMO to (i) align their components taking into account 
knowledge on their AIs and semantic resources about their pharmacotherapeutic classes and (ii) identify discrepancies 
according to a typology we have proposed. This tool is not about populating the BPMH, or providing a usable user 
interface, but about solving the formal part of the MR process, i.e. identifying and classifying discrepancies. 
EzMedRec has been assessed on a sample of 52 actual retroactive MRs with the objective to evaluate its accuracy 
with respect to a MR gold standard built by expert pharmacists for this sample. 
 

2. Material and Methods 

2.1. Material 

We primarily used the guidance documents for MR produced by the French National Health Authority (Haute Autorité 
de Santé, HAS)24 which are largely derived from the WHO’s High 5s SOP7 where a form, to be printed and used as a 
paper-based support, is proposed to be filled in by pharmacists in charge of retroactive MR at hospital admission. 
Figure 1 displays such a filled MR form. The Pharmacy Department of the Tenon Hospital in Paris, France, provided 
us with a sample of 52 anonymized paper-based MR forms with the patient’s BPMH and AMO. BPMHs and AMOs 
were encoded in a tabular format replicating the paper-based form in CSV files. This collection from hand-written 
drafts required data cleaning and to check drug orders in ambiguous situations. 
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Figure 1. Example of a paper-based MR form at hospital admission as completed by hospital pharmacists. 

We used three electronic drug resources: (i) the French public drug database* developed by the National Agency for 
Drug Medicine Safety (ANSM), freely available online, which provides the list of all government-approved drugs, 
with their brand names, the set of their AIs, and their dosage in the drug, (ii) the WHO’s Anatomical Therapeutic 
Chemical classification (ATC)† that classifies drugs according to their targeted organ or system, their therapeutic, 
pharmacological, and chemical properties, (iii) a table mapping drug names to ATC codes.. 

To illustrate how MR is processed by EzMedRec, we selected the example used in the Twinlist article.20 Figure 2 
provides the input file corresponding to this example where US drug names have been replaced by their French 
equivalent. Note that, for the sake of demonstration and because of space limitation, only the emphasized lines 
(yellow) will be further considered within this article. 

 

                                                        
* http://base-donnees-publique.medicaments.gouv.fr/ 
† https://www.whocc.no/atc_ddd_index/ 
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Figure 2. The MR example developed in the Twinlist article20 with equivalent medications from the French 
pharmacopoeia, and their daily intake rhythm (M standing for morning, N for noon, E for evening, and N for night). 

2.2. Drug prescription model for MR 

In order to compare the two medication lists, namely, the BPMH and the AMO, we used a subset of the items that 
constitutes a medication order. Indeed, if the AMO is a list of actual medication orders, the BPMH may not be made 
of formal orders. We assumed each medication order line that composes BPMHs and AMOs at least contained: 

- The brand name of the drug, e.g., ZESTORETIC or LISINOPRIL/HYDROCHLOROTHIAZIDE MYLAN. 
- The dosage and unit for the drug and each AI, e.g. ZESTORETIC 20 mg/12.5 mg. 
- The form, e.g., pills, tablets, etc. 
- The administration route, e.g., per os, intravenous, etc. 
- The time and, for each time, the prescribed quantity, e.g., morning: 1 tablet, noon: 0, evening: 1 tablet, night: 0. 
- The treatment duration when available, e.g., 1 week, 3 days. 
- Optional free text comments, e.g., conditional drug intake depending on certain conditions like fever, pain, etc. 

 
2.3. MR categories 

From an analysis of the literature and a study of the sample of completed MR forms provided by the Tenon Pharmacy 
Department, we have proposed a typology of 15 types of discrepancies between the BPMH and the AMO that can be 
formally detected based on the drug prescription model described above. The eight first types correspond to those 
explicitly mentioned in the HAS MR guide.24 The other seven ones are new and have been added for they correspond 
to situations that generate potential medication errors, e.g., the management of drugs combining several AIs which 
can be decomposed or composed (#11-15). Discrepancies detected between BPMHs and AMOs are not exclusive. 
Multiple discrepancies can be observed simultaneously, for instance change of dosage, form, and daily dose. Besides, 
some formal discrepancies may have no actual therapeutic impact. This is the case, for instance, when the rhythm of 
1 pill per day is changed to 2 pills per day, but the pill taken once a day is 500 mg while each of the pills taken twice 
a day is 250 mg, the daily dose being unchanged. This is also the case when there is an omission and addition of some 
AIs or drugs with ATC-based similar therapeutic indications suggesting a substitution of AIs / drugs. The 15 MR 
discrepancy types are displayed in Table 1, introducing the corresponding categories of how a medication compares 
in both BPMHs and AMOs, i.e., ADDED, OMITTED, MODIFIED, and SUBSTITUTED, along with the 
CONTINUED category (when medication orders are the same in both the BPMH and the AMO). 

2.4. Principles of EzMedRec algorithm 

The EzMedRec process has been formalized into five main steps (Figure 3). The input of the process is made of both 
BPMH and AMO medications lists, each one being structured as a set of medication order lines as described above. 
The basic aim of MR is to align BPMH and AMO order lines. The originality of EzMedRec is to extend MR process 
to the decomposition and re-composition of drugs made of AIs’ combination and to suggest substitutions of drugs. 

1st step – Preprocessing. BPMH and AMO drug orders are first decomposed into lists of AIs. Each drug Di of the 
BPMH and AMO is then searched through the French public drug database. When Di is a non-combined drug, Di is 
equivalent to its single AI, denoted AIi and completed by additional data coming from the database such as route, 
dosage, dosage unit, and ATC code. When Di is a combined drug, Di is rewritten as the set of its different AIs, denoted 
AIij, and the same work is performed to document each AIij. In this latter case, the link connecting each AIij to the 
original drug Di is kept. The result of the preprocessing is two lists of AIs, denoted LBPMH and LAMO.  

2nd step - Detection of medication additions and omissions. Each AI of LBPMH is compared to the AIs of LAMO to 
identify AI omissions (when AI is present in LBPMH but not in LAMO) and additions (when AI is present in LAMO but 
not in LBPMH). AI omissions and additions are marked as OMITTED or ADDED. During this step, AI duplication can 
be detected when AI is duplicated in either list and the AI cumulative daily dose is different in LBPMH and LAMO.  

3rd step - Refinement of continued medication orders. During this step, decomposition and re-composition are 
searched on combination drugs. Medications involving the same AIs are grouped. When orders share exactly the same 
modalities of prescription in terms of dosage, frequency, intake rhythm, form, etc., we consider they are identical. 
When dosage or form are different but the daily dose is the same, then orders are considered similar. Both identical 
and similar orders are marked as CONTINUED. 
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4th step – Detection of changed medication orders. Changed medications are those which are neither omitted, added, 
or continued (identical or similar). Variations of AI dosages (in excess or default) are the discrepancies which are first 
emphasized.  Similarly to continued medications, medications involving the same AIs are grouped. Changed 
medication orders are marked as MODIFIED.  

Table 1. Comparison of BPMH and AMO medication orders along with their corresponding category (the number in 
the first column identifies the type of discrepancy mentioned in 2.3). 

 

# Description / example Category 
 No change: a same medication exists in both BPMH and AMO. CONTINUED 

1 Addition of a new medication: a drug not existing in the BPMH is added in the 
AMO. 

ADDED 

2 Omission of a medication: a drug existing in the BPMH is not in the AMO. OMITTED 
3 Change of form: forms are different in BPMH and AMO, e.g., capsule vs tablet. MODIFIED 
4 Change of administration route: routes are different in BPMH and AMO, e.g., 

per os vs intravenous. 
MODIFIED 

5 Change of dosage: dosage is different in BPMH and AMO, e.g., 500 mg vs 250 
mg. 

CONTINUED  
if same posology  

MODIFIED otherwise 
6 Change of daily drug intake rhythm, e.g., 1 pill in the morning vs 1 pill in the 

morning and 1 pill at noon. 
MODIFIED 

 
7 Change of drug dose per intake time, e.g., 500 mg in the morning vs 250 mg in 

the morning. 
MODIFIED 

 
8 Change of the daily dose, leading to overdosing or underdosing the drug in the 

AMO as compared to the BPMH, e.g., 2 g per day vs 3 g per day. 
MODIFIED 

9 Change of duration, e.g., a drug prescribed for 1 week in the BPMH is 
reconducted for 2 weeks in the AMO. 

MODIFIED 

10 Change in comments: optional instructions are different in BPMH and AMO, 
e.g., “in case of fever” vs no precision. 

(only mentioned) 

11 Decomposition of BPMH medications with no loss or addition of AIs: a drug 
combining multiple AIs exists in the BPMH and all AIs are kept in the AMO. 
For instance, ZESTORETIC 20/12.5 (lisinopril and hydrochlorothiazide) in 
the BPMH and LISINOPRIL 10 mg (lisinopril) and ESIDRIX 12.5 mg 
(hydrochlorothiazide) in the AMO. 

CONTINUED  
if same posology 

MODIFIED otherwise 

12 Re-composition of AMO medications with no loss or addition of AIs: 
different AIs existing in the BPMH are combined into one drug in the AMO. 
For instance, LISINOPRIL 10 mg (lisinopril) and ESIDRIX 12.5 mg 
(hydrochlorothiazide) existing in the BPMH are changed to ZESTORETIC 
20/12.5 (lisinopril and hydrochlorothiazide) in the AMO. 

CONTINUED  
if same posology 

MODIFIED otherwise 

13 Discontinued AI: an AI resulting from the decomposition of BPMH 
medications is not present in the AMO. For instance, ZESTORETIC 20/12.5 
(lisinopril and hydrochlorothiazide) in the BPMH and LISINOPRIL 20 mg 
(lisinopril) in the AMO, hydrochlorothiazide being thus discontinued. 

MODIFIED 
(for AI omission) 

14 Added AI:  an AI absent in the decomposition of BPMH medications exists in 
the AMO. For instance, LISINOPRIL 20 mg (lisinopril) is part of the BPMH 
while ZESTORETIC 20/12.5 (lisinopril and hydrochlorothiazide) is in the 
AMO, hydrochlorothiazide being thus added. 

MODIFIED 
(for AI addition) 

15 Simultaneous observation of a discontinued AI/drug in the BPMH and an 
added AI/drug in the AMO, both AIs/drugs sharing the same ATC-based 
therapeutic indications.  

SUBSTITUTED 
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5th step – Detection of potential substitution orders. Omitted and added medication orders are studied to assess 
whether these discrepancies could be explained as substitutions of medications serving the same therapeutic objective. 
For each AI of LBPMH discontinued in LAOM and each AI added in LAOM, the algorithm compares their ATC codes to 
find the lowest common ancestor. When the matching succeeds at a level lower than the third level (pharmacological 
subgroup) of the ATC, we consider the observed discrepancy could be interpreted as a substitution and orders are 
marked as SUBSTITUTED. 

 
Figure 3. Overall scheme of the proposed EzMedRec process for retroactive MR.  

 

2.5. Evaluation 

In order to assess EzMedRec, two expert pharmacists different from those that performed the studied MRs blindly 
manually established a MR gold standard (GS) for the set of 52 actual MR forms. Each order line was tagged according 
to the categories described in Table 1. i.e. ADDED, OMITTED, CONTINUED, MODIFIED, and SUBSTITUTED. 
EzMedRec outputs have been compared to the GS to assess the accuracy of the system classification. Precision, recall, 
and F-measure have also been calculated for each category.  

3. Results 

3.1. The EzMedRec tool 

EzMedRec takes as input both BPMH and AMO in the tabular format exemplified in Figure 2. The most significant 
output is the alignment of medication orders like in the paper-based form, with the display of two main columns, the 
BPHM on the left and the AMO on the right, along with the EzMedRec-issued MR category. Each drug is displayed 
with its label, its AI composition, its form, administration route, daily rhythm and dose, and the treatment duration.   

Figures 4 shows the resulting MR performed with EzMedRec on the Twinlist example described in Figure 2, where 
only emphasized lines (in yellow) were considered. The BPMH is made of seven drugs and the corresponding AMO 
is made of eight drugs. Issued categories specified as CONTINUED (Poursuivi), ADDED (Ajouté), OMITTED 
(Arrêté), MODIFIED (Modifié), or SUBSTITUTED (Substitué) are displayed in the central column. Color codes 
correspond to the types of operations performed on medication order lines between BPMH and AMO: light grey for 
identical drugs, light green for similar drugs, yellow for modified drugs, orange for suggested substituted drugs, light 
blue for added drugs, and red for discontinued drugs. The output classification by EzMedRec is independent of the 
order in which drugs are listed in the BPMH and in the AMO.  

It is noticeable that, with EzMedRec, the combination drug ZESTORETIC 20 MG/12.5 MG in the BPMH is correctly 
aligned with the pair made of LISINOPRIL 20 MG and ESIDREX 25 MG (1/2 daily) in the AMO because the same 
AIs are present in the two lists. Moreover, in spite of this decomposition, since dose and rhythm are maintained, the 
MR category is CONTINUED. If it had not been the case, then the alignment would have been kept but classified as 
MODIFIED. This issue reported with Twinlist is correctly performed with EzMedRec. Another point of attention is 
the case of TAHOR 40 MG (BPMH) and ROSUVASTATINE 20 MG, 2 per intake (AMO). The AIs of each drug are 
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different, atorvastatin for the former, rosuvastatin for the later. Formally, the former has been stopped while the later 
has been added. However, since they share a common parent in the ATC, i.e., C10AA, which corresponds to the 
pharmacotherapeutic class of HMG CoA reductase inhibitors or statins, EzMedRec has aligned the two drugs and 
tagged them as SUBSTITUTED. The same occurs for PRADAXA 150 MG (BPMH), an oral direct thrombin inhibitor, 
and LOVENOX (AMO), an heparin-like subcutaneous injection, which share the 3rd level ATC class B01A 
corresponding to antithrombotic agents, suggesting the later could be a substitution of the former, despite 
characteristics, such as administration route, differ. Such tags are suggestions to be validated by the user. 

 

 
Figure 4. EzMedRec-issued MR of the Twinlist example20 with the display of categories. 

 

3.2. EzMedRec evaluation  

The sample of 52 actual MR forms refers to a total of 822 medication order lines, 406 in BPMHs and 416 in AMOs. 
The average number of medications per patient is 15.81, with 7.96 in BPMHs and 8.16 in AMOs. The minimum and 
maximum values are [2, 32] per patient, [0, 16] per BPMH, and [0, 17] per AMO.  

EzMedRec was applied to the 52 MR cases. When two drugs were aligned and assigned a category, this category tags 
both the BPMH drug and the OMA drug. Table 2 provides the confusion matrix for EzMedRec as compared to the 
GS and reports for each category precision, recall, and F-measure. A total of 808 medications were correctly 
categorized by EzMedRec, resulting in a high accuracy rate of 98.3%. Overall precision, recall, and F-measure were 
96.4%, 98.3%, and 97.3% respectively, computed as the mean of the same measure for the five categories. 

We reviewed the 14 misclassified medications according to the GS (letters correspond to cells in Table 2): 

a. EzMedRec=ADDED vs. GS=MODIFIED. This case corresponds to the SPASFON drug administered per os 
in the BPMH and by intravenous injection in the AMO. This change in the administration route led to 
categorize it as a modification by the GS. However, the SPASFON pill (BPMH) contains one AI (the 
hydrated phloroglucinol), whereas the parenteral SPASFON (AMO) contains two AIs (the anhydride 
phloroglucinol and the trimethyl phloroglucinol). Since there was a new AI and no shared AIs, EzMedRec 
considered the parenteral SPASFON as added. 
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Table 2. Comparison of EzMedRec results with the gold standard, along with precision, recall, and F-measure. 

 Gold standard      

EzMedRec A
D

D
ED
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IT
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U
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D
 

Total 

 

Precision Recall F-measure 

ADDED 122  1(a)   123  0.992 0.984 0.988 

CONTINUED  389 2(b)   391  0.995 0.990 0.992 

MODIFIED 1(c) 2(d) 139   142  0.979 0.959 0.969 

OMITTED   1(e) 114  115  0.991 0.983 0.987 

SUBSTITUTED 1(f) 2(g) 2(h) 2(i) 44 51  0.863 1.000 0.926 

Total 124 393 145 116 44 822 Mean value 0.964 0.983 0.973 
 

b. EzMedRec=CONTINUED vs. GS=MODIFIED. These two cases correspond to the pair 
CARDENTIEL 7.5 MG per os in the BPMH and BISOPROLOL 7.5 MG in continuous perfusion in the 
AMO, considered a modification of administration route by the GS. However, in the French public drug 
database we have used, there is no parenteral form of bisoprolol. Instead, EzMedRec has considered the pill 
form of bisoprolol, consequently categorizing the drug as continued (same AI).  

c. EzMedRec=MODIFIED vs. GS=ADDED. In this case, TOUJEO including insulin glargine as AI is present 
in both BPMH and AMO. The drug LANTUS, another insulin, is present in the AMO. Since LANTUS also 
contains insulin glargine, EzMedRec grouped TOUJEO and LANTUS in the AMO and aligned them with 
TOUJEO alone in the BPMH, categorizing LANTUS as a modification whereas it is an addition in the GS. 

d. EzMedRec=MODIFIED vs. GS=CONTINUED. These two cases correspond to the drug TOUJEO in the 
BPMH and in the AMO as described in the previous case (c) and marked as continued in the GS. As LANTUS 
was grouped to TOUJEO during MR process, TOUJEO was considered modified by EzMedRec.  

e. EzMedRec=OMITTED vs. GS=MODIFIED. This is the counter part of the case (a) where EzMedRec 
considered the pill form of SPASFON could not be aligned with the parenteral form. The pill form of 
SPASFON in the BPMH was thus considered as omitted by EzMedRec.  

f. EzMedRec=SUBSTITUTED vs. GS=ADDED. This case and the next one are related to the management of 
insulin therapy during MR. NOVOMIX is in the BPMH, while NOVORAPID and LANTUS are in the AMO. 
The AIs of these three drugs are respectively: biphasic isophane + insulin aspart, insulin aspart, and insulin 
glargine. These drugs are similar and share the common ATC class of insulins and analogs (A10A), which 
explains the proposed substitution by EzMedRec of NOVOMIX by NOVORAPID+LANTUS. But the new 
medication order of LANTUS in the AMO was considered as an addition by the GS. 

g. EzMedRec=SUBSTITUTED vs. GS=CONTINUED. These two cases correspond to NOVOMIX and 
NOVORAPID in the previous case (f) which were considered as substituted by EzMedRec. 

h. EzMedRec=SUBSTITUTED vs. GS=MODIFIED. These two cases correspond to the alignment of 
RENAGEL 800 MG (3 pills, 3 times/day) in the BPMH with SEVELAMER 800 MG (1 pill, 2 times/day) in 
the AMO. The GS is to consider that the drugs are the same with a different posology. However, EzMedRec 
considered that the drugs were different because they are made of formally different AIs, sevelamer 
chlorhydrate and sevelamer carbonate, respectively. However, since they have the common ATC class, 
V03AE02 sevelamer, EzMedRec suggested a potential substitution in spite of dose modifications. 

i. EzMedRec=SUBSTITUTED vs. GS=OMITTED.  These two cases correspond to two oral antidiabetic drugs 
of the BPMH, GLIMEPIRIDE 4 MG and ONGLYZA 5 MG, which were not continued in the AMO as stated 
by the GS. However, REPAGLINIDE 0.5 MG, present in the AMO, is also an oral antidiabetic drug. Since 
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they share a common ATC class, A10B blood glucose lowering drugs, excluding insulins, EzMedRec 
considered that both BPMH drugs could be substituted by REPAGLINIDE. 

Discussion and Conclusion 

Medication reconciliation can reduce medication discrepancies, errors, and patient harm. In the context of retroactive 
MR at hospital admission, we have proposed a list of formal discrepancies that may occur between BPMH and AMO 
lists of medications. We have implemented the automated detection of these discrepancies in the EzMedRec decision 
support system. The tool sorts the result of medication orders comparison into five main categories, ADDED, 
OMITTED, MODIFIED, CONTINUED, and SUBSTITUTED. Using an approach centered on AIs (instead of a 
drugs) taking into account decomposition and re-composition of drugs used in medication orders, thus allowing to 
pool drugs and align single-AI drugs and multiple-AIs drugs during the comparison of the two lists, improved the 
classic MR process. This helped solve the issues raised by combination drugs during MR20. 

The joint use of the ATC classification as a semantic resource based on class subsumption allowed to hypothesize 
potential drug substitutions for the discontinued drugs of the BPMH and added drugs of the AMO providing a second 
improvement to classic MR. In some situations, the limitation to the third level of the ATC to match two drug classes 
forbade potential substitution, e.g., oral antidiabetic drugs would never be proposed as substitution of insulin because 
their first common parent class is at the 2nd level (A10) of ATC. However, changing the threshold to the 2nd level 
would generate many irrelevant alignments of highly different drug classes, like antipsoriatics and antifungals. Besides 
the ATC, other resources, like drug indications, might be used to suggest drug substitutions. 

The detailed list of discrepancies between BPMH and AMO is displayed on the user interface to justify the categories 
and provides an AI-informed view of MR. This enriches the classic outcome of the reconciliation process. However, 
like other MR tools, the automated process cannot distinguish intentional from unintentional discrepancies detected 
and the tool can be used as a semi-automatic decision support system requiring the validation of the prescriber or 
pharmacist. Though, it is of note that detecting substitutions is a potential clue of an intentional change. 

EzMedRec relies on drug resources issued from the National Agency for Drug Medicine Safety (ANSM, France), and 
is consequently depending on the structure and contents of its databases. If it is acknowledged that information about 
drugs is shared worldwide, this assumption does not hold considering the drug information models that are 
implemented in actual reference drug databases in different countries. For instance, RxNorm provides a formal 
organization of normalized information about drugs which can be used by computerized systems. But, in the current 
state, EzMedRec is not suited to RxNorm. The alignment of National drug databases with a common shared drug 
model would enable the development of generic drug-related tools, like MR or drug-drug interaction detection tools. 

The size of the sample used for validating EzMedRec is a limitation and the assessment of the system on a larger 
number of cases would be required. A barrier to obtain a larger MR sample, at least in the Tenon hospital, comes from 
the unavailability of computerized BPMHs. To fight against drug iatrogenesis, France has developed a nationwide 
electronic pharmaceutical record  (Dossier pharmaceutique, or DP) to collect all the medications delivered in 
pharmacies. However, some hospital pharmacies have problems to connect with the DP. It is the case at the Tenon 
hospital where the collection of information about the medication history is not performed from structured electronic 
resources and has still to be manually done. A study in Taiwan showed the integration of medication data from a 
nationwide repository (PharmaCloud) could improve MR.25 

In its current state, EzMedRec has been developed as a prototype. The usability of the tool and the display of the 
results of the reconciliation demonstrated to be promising. Further assessment by health care professionals is planned, 
especially to validate that MR is well performed, that the listing of all discrepancies is helpful, that the identification 
of substitution candidates is an added value, that less errors are made, and that time can be gained. 
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Abstract 

Risky health behaviors such as poor diet, physical inactivity are the main contributors to the development of diabetes, 

one of the major causes of death and disability in the United States. Online health communities provide new avenues 

for individuals to efficiently manage their health conditions and adopt a positive lifestyle. So far, analysis of health-

related online social exchanges has focused solely on communication content and structure of social ties, ignoring 
implicit user intentions underlying communication exchanges. In this paper, we propose an analytical framework to 

characterize communication intent, content, and social ties in online peer interactions. We integrate models from 

socio-behavioral sciences and linguistics with network analytics and apply it to understand Diabetes Self-

Management. Results indicate the informational needs of users expressed in forms of speech acts can vary across 

different user engagement and disease management profiles. Implications for the design of interventions for better 

self-management of diabetes are discussed. 

Introduction 

Chronic health conditions like heart disease, cancer, and diabetes are the most dominant causes of death and disability 

in the United States1. Diabetes alone is responsible for affecting nearly 34.2 million adults in the US, with 88 million 

US adults suffering from prediabetes2. Diabetes also increases the risk of developing major health conditions and 

complications like heart disease, stroke, kidney failure, and blindness2. Modifiable health behaviors like being 
overweight, being physically inactive, unhealthy eating habits, and tobacco use are major risk factors for developing 

diabetes or prediabetes2. According to a recent report, the total costs of treating diagnosed cases of diabetes in the US 

in 2017 alone was $327 billion2. Given the economic costs associated with diabetes and its ability to give rise to other 

complications, preventive measures are a public health priority. Research has shown that the adoption of positive 

health behaviors and efficient management of chronic health conditions by individuals themselves can lead to 

improvements in physical as well as physiological health outcomes3. Various interventions that contribute to behavior 

modification like medication adherence, diet modifications, and patient education have shown promising results in 

helping individuals manage their chronic health conditions4,5,6. However, such self-management and adherence to 

behavior change is a complex process,  not just driven by individuals alone but rather is distributed across the social 

environment they interact with (e.g. home, work, commute) and get exposed to in online and in-person settings7,8. 

There are about 3.5 billion active social media users throughout the world9. The penetration of social media has also 

increased in the public health domain. This has led to the emergence of online health communities (OHCs), which 
provide a medium to healthcare consumers for gaining knowledge on a variety of health-related topics as well as for 

interacting with their peers and healthcare providers10. Reports suggest about 57% of the patients living with chronic 

health conditions consume online user-generated health information and about 20% of these patients themselves create 

online content in form of comments, queries, reviews, etc11. A recent review has shown that diabetes online 

communities enable its users to seek and receive support for living with diabetes, provides valuable information to 

such individuals and their families with the potential to improve psychosocial care12. These real-time digital 

interactions provide us with context-rich datasets, the analysis of which can improve our understanding of the factors 

underlying the self-management of chronic health conditions. A better understanding of communication and social 

factors underlying diabetes self-management can eventually lead to the design and development of effective behavior 

change technologies. So far, the analysis of data generated from peer interactions through OHCs has focused on (a) 

understanding the structure of social ties13, (b) identifying the social support categories and behavior change techniques 
by analyzing the content of peer interactions14, and (c) content-specific network diffusion of health information15. 

However, we humans express our ideas and exchange content with specific underlying intentions16,17. For instance, 

users in a community might exchange similar content (e.g. metformin) but with varying intentions (e.g. share expert 

knowledge, seek information, disagree with side effects). While analysis of intention underlying human 

communication in online settings is not without precedent18,19, our understanding of human intentions in health-related 

interactions is limited. It is important for our methods to capture the context of social media interactions in the form 
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of user intentions underlying specific content areas to model, describe, and facilitate enhanced engagement in online 

communities, and subsequently leverage these platforms as delivery modalities for digital therapeutics. 

In this paper, we present a methodological framework to facilitate the characterization of human intentions as 

manifested in health-related social media interactions. We will apply our framework to understand Diabetes Self-

Management (DSM) efforts of individuals in an OHC. Our analysis helps guide the design and development of 
population-level interventions by understanding the social realm of human behavior and self-management of chronic 

diseases at a more granular level. In the next sections of the paper, we present (a) our theoretical rationale for labeling 

intent and content in peer interactions, (b) methodological description to analyze online peer conversations, and (c) 

the interrelation dynamics of content and intent in the domain of DSM using network modeling techniques. 

Theoretical rationale 

Communication intent underlying peer interactions can help us to model and understand the perceived purpose of 

written statements16,17,20. In our proposed analytical framework, we model communication intent in peer interactions 

using a modified version of Searle’s Speech Act theory which helps us to describe how specific content is expressed 

in human communication using various categories of speech acts20. Figure 1 shows how the communication content 

and intent are expressed and co-occur in an OHC. Scenario 1 below shows how users of the community can talk about 

similar content, i.e. they can express similar communication theme but may have different intentions about that theme. 

For instance, user 1, user 2, and user 3 are all discussing the same theme – the best choice for blood glucose monitoring 
meter, however, every user has different intentions about this theme. User 1 is specifically asking a question about 

meter choice and user 2 gives their opinion by providing a description about a brand of blood glucose meter and user 

3 gives their stance about that specific brand. Scenario 2 below shows how users of the community may have similar 

intentions when talking about different communication themes. For instance, user 4 and user 5 are talking about two 

different themes (blood glucose spikes and dietary modifications) but they have a similar intention, that is they have 

questions they seek answers from their peers. In order for us to model human communication in an online setting, it 

is essential for us to develop new methods that can capture underlying communication themes and intent embedded 

in peer interactions.  

 

Figure 1. Coexistence of communication themes and intent as expressed by ADA support community users. 

Further, peer interactions generated from OHCs are driven by users, user-generated content, and their 

interrelationships (see Figure 2). Analyzing these important entities is vital to model and optimize user engagement, 

thus allowing us to leverage digital health care platforms for self-management of chronic health conditions. In order 

to facilitate a nuanced understanding of the manifestation of communication intent as embedded in peer interactions 

and to better understand the triadic confluence of {intent, content, user}, we conduct user and content characterization 

as described below: 

1. Characterization of user-generated content: In order to gain insights into the content generated by users of online 

communities, we start by categorizing them into theoretically-validated communication themes. These themes 

are derived using inductive techniques driven by grounded theory-based analysis21. A detailed description of these 

themes can be found here22. 
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2. Characterization of users of an OHC: We developed an empirical user persona based on individuals’ engagement 

levels and disease profiles. In the context of an OHC, engagement defines the quality of user experience and their 

subsequent desire to engage in conversation with their peers by either replying or viewing communication 

content23. The disease profile of a user consists of various attributes such as disease onset and diagnosis length, 

incorporation of lifestyle changes to self-manage their health condition, and medication use. 

 

Figure 2. Interplay of communication intent, content and users in digital environment for self-health management. 

Methods 

Materials: American Diabetes Association (ADA) support community is an online support group for individuals 

suffering from diabetes (Type-1, Type-2, or Prediabetes) to engage with their peers as well as caregivers24. The users 

of the community interact with one another on a wide variety of topics ranging from medication use, diet, physical 

activity, to daily monitoring of blood glucose levels. For this research project, we considered posts related to Type-2 

diabetes to better understand DSM behaviors. The dataset used in this study consisted of message postings spanning 
from 2012-2019 including a total of 58,800 peer exchanges. From this, we randomly selected 52 unique discussion 

threads with a total of 517 message entries posted by 74 unique users. The messages which were marked as public by 

ADA community users were used for analysis in this study. This study is exempted from human subjects review by 

the Institutional Review Board at the University of Texas Health Science Center at Houston.   

Qualitative analysis:  

517 messages were manually coded by performing a line-by-line analysis to extract the speech acts and 

communication themes associated with every single message. The speech acts were coded by a single researcher and 

the communication themes were coded by two independent researchers. We used the following speech act categories 

to label our dataset: commissive, directive, declarative, expressive, emotion, desire, question, stance, assertion, and 

statement20. We used the following communication theme categories to label our dataset: social support, traditions, 

teachable moments, obstacles, pharmacotherapy, readiness, relapse, cravings, alternative medicine, progress, and 
conflict22. Our qualitative coding schema with definitions of various categories of speech acts, communication themes, 

and related examples can be found in Tables 1 and 2. If a message did not fall into the communication theme category, 

we expanded our set of communication themes to ensure that the message has been classified accurately.  

Further, we constructed disease profile for a subset of users (47 out of 74) based on their self-reported forum signature 

and classified them into seven mutually exclusive groups based on their DSM strategies and diagnostic features as 

follows: Group 1 - users who had been diagnosed with diabetes for more than 2 years (2016 and below) and had 

incorporated lifestyle changes (diets or exercise) into their daily routine and were also on medications, Group 2 - users 

who had been diagnosed with diabetes for more than 2 years (2016 and below) and were on medications only, Group 

3 -  users who had been diagnosed with diabetes for more than 2 years (2016 and below) and had only incorporated 

lifestyle changes (diets or exercise) into their daily routine, Group 4 - users who had been diagnosed with diabetes for 

more than 2 years (2016 and below) but did not indicate their lifestyle change status or their medication status, Group 

5 - users who had reported recent diagnoses of Type 2 diabetes (2017 and above) and had incorporated lifestyle 
changes (diets or exercise) into their daily routine and were also on medications, Group 6 - users who had reported 

recent diagnoses of Type 2 diabetes (2017 and above) and were also on medications, and Group 7 - users who did not 

disclose their disease management profile. 
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Table 1. Qualitative coding schema for Speech Acts. 

Speech Acts Message examples 

Commissive: committing the speaker to some 

future action 

“I slowly migrated to a low carb diet” 

Directive: getting the hearer to do something  “If nothing else, please get your heart checked” 

Declarative: announcing objective information “I will no longer eat or drink carelessly” 

Expressive: expressing the speaker’s psychological 

state 

“It’s really tough to stay positive with a chronic disease 

like type 2 diabetes” 

Desire: describing a plan to do something to get to 

a future state 

“I am longing to see my weight in the lowers 120’s” 

Question: asks for information “Why are sugars at 290 when I am eating right?” 

Emotion: expressing feelings or emotions   “Congratulations on your decreased h1b ac values” 

Assertion: stating something definitively using 
one’s belief, including prediction, judgement, guess 

 “Your Dr. is wrong not prescribing Metformin, get a 

new one” 

Stance: agrees or disagrees with a peer “I agree, all of us are unique with same diet mishaps” 

Statement: description or explanation of a health 

practice 

“Even some rice or noodles which may not be great 

for diabetes, could be helpful to have in the pantry 

for emergency days” 

Table 2. Qualitative coding schema for Communication Themes. 

Communication Themes Message examples 

Social support: Messages where the content reflects 

the elements of praise, advice, empathy, guidance  

“I would say if your A1C is in the 5’s, you are doing 

well” 

Traditions: Messages that focus on community-

specific rituals  

“My morning ritual is wake up, exercise and then 

check my levels” 

Teachable moments: Messages that describe 

incentives to make positive health changes  

“I switched to low-carbs 5 years ago, my diabetes was 

making me a bad mom low energy al day” 

Obstacles: Messages focusing on hurdles to planned 

health practices  

“Taking levothyroxine for thyroid problems for 3 

months, my A1c was the highest it has been in the 

past 19 years” 

Pharmacotherapy: Messages with explicit 

discussions on various pharmacotherapy options 

“I was on Glipizide 5 years ago as well” 

Relapse: Messages with descriptions of relapse 

reasons and confessions 

“Unfortunately, I have not exercised much the last 

copy of days” 

Readiness: Messages that inspire to initiate positive 

health changes 

“I have been eating well and also exercising” 

Cravings: Messages hat capture real-time 

expressions of the urges to deviate from planned 

health behaviors 

“I miss eating pizza or other carbilicious meals” 

Alternative medicine: Messages that describe 

therapies that are not regarded as orthodox by the 

medical profession 

“Could a spoonful of sugar help the BG readings go 

down, in a most delightful way?” 

Progress: Messages in which users communicate 

their progress based on objective health measures 

“95 on a cold morning” 

Conflict: where users of the community expressed 

their conflicting opinions as opposed to other users  
“I don't agree with your conclusion” 
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User Persona construction:  

1. Disease management profile: The number of users across different groups were as follows: Group 1 (old diagnosis 

+ lifestyle changes + medications) – 10 users, Group 2 (old diagnosis + medications ONLY) – 19 users, Group 3 

(old diagnosis + lifestyle changes ONLY) – 7 users, Group 4 (old diagnosis ONLY) – 6 users, Group 5 (new 

diagnosis + lifestyle changes + medications) – 3 users, Group 6 (new diagnosis + medications ONLY) – 2 users, 

and Group 7 (no disease management profile) – 27 users.  

2. User engagement profile: The average number of messages exchanged by a user in the dataset was approximately 

7 messages (std – 11.37).  Based on this, we divided our users into three engagement groups: high engagement 

users (>9 messages), medium engagement users (4-9 messages) and low engagement users (1-3 messages). The 

number of users across different groups was as follows: high engagement users – 14 users, medium engagement 

users – 22 users, and low engagement users – 38 users. 

Social Network Analysis:  

To better understand the relationships between community users (social ties), the content they have generated 

(communication themes), implicit intentions in peer interactions (speech acts), and their disease profile, and 

engagement profile, we employed network modeling techniques. Specifically, we conducted a two-mode affiliation 

network analysis to create content-specific user-intent affiliation networks. For this, we used two distinct sets of nodes: 

the first set of nodes represented the different users interacting in the ADA community and the second set of nodes 
represented the different speech act categories. A user was considered to be affiliated to a specific speech act category 

only if that had user exchanged a message that belonged to that specific category. We compared and contrasted 

affiliation networks of users and their communication intent as manifested in their peer interactions across multiple 

communication themes. We constructed and analyzed the two-mode social networks using the NetDraw plugin of 

UCINET25. We also generated theme-specific user-by-user one-mode networks to analyze intent-specific topology in 

peer communication networks. One-mode networks were created by representing users as nodes and their 

communication ties as edges, where only edges representing messages annotated with that particular theme were 

included. Gephi, an open-source network visualization tool was used to construct and analyze one-mode social 

networks26. We compared the structure and topologies across different networks using social network metrics like 

degree, average path length, and modularity. Degree is a measure of node connectivity which tells us about the number 

of links held by a network member27. Modularity is defined as the number of edges falling within groups minus the 
expected number in an equivalent network with edges placed at random, which helps us to determine the possible 

presence of community structure within the network27. Average path length is defined as the average shortest path 

between the two nodes27. All these metrics allow us to signify reach, coverage, and clustering facilitated by users and 

the networks they were embedded in. 

Results and Discussion 

We present the results of our qualitative analysis below. We describe our findings of speech act categorization, 

thematic categorization, followed by a description of a communication flow for single threaded peer interaction. 

Speech Acts Categorization:  Statement (n=260) was the most prevalent communication intention embedded in peer 

interactions followed by assertion (n=22), stance (n=105), question (n=96), directive (n=86), emotion (n=71), 

expressive (n=61), commissive (n=17), declarative (n=15), and desire (n=15).  

 

Figure 3.  Prevalence of speech acts in ADA peer interactions. 
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Figure 3 provides a snapshot of the prevalence of different speech act categories within ADA peer interactions. As 

can be seen from Figure 3, the main intention behind user communication is statement which indicates that most of 

the users tend to explain to their peers the health practices they have been following to keep their blood glucose 

numbers in control. Assertive intentions such as “one medication give better results compared to another” or 

“prediabetes is still considered to be diabetes” shows how an individual’s belief shapes their self-management 
behaviors and health-related goals. Stance intentions where users agree or disagree with their peers are also very 

common. Directives such as what diet plan can be followed, how many times blood glucose values need to be 

measured indicates how community members provide support and guidance to their peers. A lot of users in the 

community also ask questions from their fellow peers such as “can alcohol cause diabetes?” or “what dietary 

adjustments do I need to make” in order to get quick answers to their queries rather than having to ask those questions 

from a formal healthcare provider. Some users also have expressive and emotional intentions where they try to convey 

their struggles with diabetes management or applaud the achievements of their peers.  

User-generated content characterization:  

Communication themes categorization: Social support (n=444) is the most communicated theme among the users 

followed by readiness (n=97), teachable moments (n=86), pharmacotherapy (n=74), progress (n=69), obstacles 

(n=49), traditions (n=24), conflict (n=24), alternative medicine (n=7), relapse (n=5), and cravings (n=1). We have also 

identified additional themes including, the patient-reported outcomes (PRO) (n=33, where users of the community 
reported outcomes related to the prescribed medication or dietary modifications) and community bonding 

conversations, technical issues which have been categorized as miscellaneous (n=34, messages that did not belong to 

any predefined category).  

 

Figure 4. Prevalence of communication themes in ADA peer interactions. 

As can be seen in Figure 4, the very nature of social support and community support is evident from ADA postings. 

Motivation to keep up with daily regimen improving individual readiness and self-efficacy, learning from experiences 

of others, medication-related discussions have a dominant footprint in peer interactions. Obstacles such as suffering 

from anxiety, other health conditions, or not being able to control diet have been mentioned. Sharing progress through 

demonstrable metrics in terms of weight loss, improved HbA1c values, improved blood glucose values might have 

helped community users to stay focused in order to sustain their DSM journey. Traditions such as morning rituals, 

exercise routine are common among community users. While the majority of the conversations are harmonious and 

promote collective wellness, it is also important to note that certain interactions have involved disagreements related 

to prediabetic blood glucose values or doctor opinions. Mentions about alternative medicine such as “acupuncture” 

and “the sugar treatment” indicate that the users of the community are also interested in utilizing non-traditional 
options. Another insightful finding includes the mention of patient-reported outcomes, an example of one such 

outcome is where a user reported that having anemia impacts blood glucose meter readings and these readings 

generally tend to be on the higher side if one suffers from anemia. Such reported outcomes by community users 

emphasize the utility of social media datasets for data triangulation purposes. 

For illustration purposes, we present the flow of communication themes and speech acts for a single-threaded peer 

interaction titled “Question about spikes…” which consisted of 21 messages exchanged between 8 different users to 

highlight the communication drifts across various themes and speech acts. As shown in Figure 5, user 1 initiates the 

conversation to share frustration with recently experienced high HbA1c and blood glucose values and how their doctor 

seems to think it is normal, thus user 1 is asking community peers a question about how they usually go about testing 
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their spikes and what is the target that they try to achieve. The conversation starts with communication themes of 

social support and progress and the user’s intention behind this message is question and assertion. All the other users 

in the communication thread have different opinions about the content and express different themes and intentions 

during the conversation. As the conversation unfolds, other users point out how user 1’s HbA1c values seem to be 

normal and also the blood glucose levels at one hour are well under the range as per their experience. Another user 
expresses how opinions might vary among different doctors, for instance, an endocrinologist would not be concerned 

about HbA1c values if they are below 6, however, a primary care physician might be concerned if the numbers go 

above 5.4, and this is because the guidelines given to these doctors are different. Three users suggest how different 

things (e.g. medications, diet) might play a role in affecting blood glucose levels and user 1 should actually be looking 

for patterns and trends in post-meal blood glucose values rather than focusing on one specific instance of high post-

meal blood glucose values. One user also recommends user 1 to take an oral glucose tolerance test, so that they can 

know how their body really responds to glucose challenge, and this could also help them to get a good diagnosis of 

the current situation. User 1 exchanged the highest number of messages with user 3 (five messages) followed by user 

4 (three messages). The themes in this conversation drift from social support, progress, and readiness to teachable 

moments and pharmacotherapy. Every user involved in the conversation has utilized various speech acts to convey 

their thoughts with the predominant ones being directive, stance, statement, expressive, and assertion. As the 

conversation progresses, user 1’s themes varied from social support, progress to mention about his obstacles, 
outcomes, and readiness to incorporate additional changes in behavior as recommended by the peers. User 1’s 

intentions also varied from being assertive and having questions to being more expressive, having a stance towards 

peer recommendations and statements. 

 

Figure 5. Communication drifts in terms of themes and speech acts as manifested in ADA peer interactions. 

As seen in Figure 5, the analysis of a single communication thread in the ADA online community reveals the rich, 

implicit, and organic evolution of user intentions, thematic underpinnings, and social ties towards a single 

collaborative goal of DSM behavior. Unpacking the drifts and shifts of multiple facets of peer interactions is important 

to develop our understanding of agile needs for self-health management as embedded in human interactions in social 

settings, to subsequently aid in the development of adaptive and personalized digital solutions. In the following 

section, we present the results of our network modeling efforts to visualize the confluence of different communication 

attributes (intent, content, engagement) and user characteristics. 

Social Network Analysis: 

Figure 6 presents the network structure of communication intent, content, and user’s disease management profiles. 

For illustrative purposes, we have chosen two communication themes: readiness and pharmacotherapy. There are 

important topological differences between the two networks: the path length for the readiness theme-based network 

(2.657) is higher compared to the pharmacotherapy theme-based network (2.609) which means that the efficiency of 

information dissemination for readiness theme is higher compared to pharmacotherapy theme. The modularity of the 

network specific to readiness (0.449) theme is higher compared to the pharmacotherapy theme (0.413) which means 

subcommunities of users exchanging content related to readiness theme are more strongly connected with themselves 

compared to the pharmacotherapy theme. The most commonly used speech category for both communication themes 

is assertion (readiness degrees – 0.526, pharmacotherapy degrees – 0.635) which implies that the users of the 
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community have their own beliefs about how they can achieve positive health outcomes and how various 

pharmacotherapy options can impact their health. Commissive (degrees – 0.014), declarative (degrees – 0.027) and 

desire (degrees – 0.014) are underutilized in the pharmacotherapy theme as compared to readiness theme. Users tend 

to have more questions in the pharmacotherapy theme (degrees – 0.243) as compared to readiness theme (degrees – 

0.103). Users tend to have more stances and statements in the readiness theme (degrees – 0.268, 0.557) as compared 
to the pharmacotherapy theme (degrees – 0.189, 0.486). Directive, emotion, and expressive intentions are expressed 

comparably across both the communication themes. 

Coming to user characteristics, users belonging to groups 1 and 2 have higher engagement levels across themes and 

they tend to have varying intentions like assertion, statement, question, stance, etc. Group 3 users have higher 

engagement in exchanges related to readiness through use of statement, directive, and assertive intentions. There are 

no interactions related to the pharmacotherapy theme among users belonging to group 4. Group 5, 6 and 7 users are 

communicating equally across both the themes using multiple intentions including statement, stance, and questions. 

 

Figure 6. Theme-specific affiliation networks between ADA community users and their speech acts. 

Next, results from our intent-specific one-mode user network modeling, where we represent individuals exchanging 

messages related to readiness and pharmacotherapy communication themes, have revealed topological differences. 

For the readiness theme, one-mode user network comprised of 35 nodes and 929 edges, with the average path length 

of 1.249. Node colors represent the group the user belongs to according to their disease management profile and the 

node size indicates the engagement group for that user (increased engagement is related to increased node size). For 
the pharmacotherapy theme, one-mode user network comprised of 30 nodes and 792 edges, with the average path 

length of 1.124. The social networks are highly connected for both the themes with an average degree of 26.543 for 

the readiness theme and 26.4 for the pharmacotherapy theme. The same trend of higher modularity for readiness 

theme-based one-mode network (0.034) as compared to the pharmacotherapy theme-based one-mode network (0.024) 

was found which indicates that subcommunities of users exchanging content related to readiness theme are more 

strongly connected with themselves compared to the users exchanging content related to the pharmacotherapy theme. 

As can be seen from Figure 7, for readiness theme-based social network, most of the highly engaged users belonged 

to group 1 (number of users = 5), followed by group 5 (number of users = 2) which indicates that users who have 

adopted a positive healthy lifestyle want to keep themselves motivated by interacting with their peers and encouraging 

their peers to do the same.  Most of the medium engaged users belonged to group 2 (number of users = 4) and group 

7 (number of users = 3). Most of the low engaged users belonged to group 7 (number of users = 5). For the 
pharmacotherapy theme-based social network, most of the highly engaged users belonged to group 1 (number of users 

= 5), followed by group 2 and group 5 (number of users in both groups = 2) which indicates that users expressing this 

theme in their message exchanges with their peers tend to advise their peers about medications since they also make 

use of medications as per their disease management profile.  Most of the medium engaged users belonged to group 7 

(number of users = 6), and group 2 (number of users = 4). Most of the low engaged users belonged to group 7 (number 

of users = 4) in both the themes which indicates that less participatory individuals are also not interested to disclose 

their disease profiles. Results from such data-driven network models can be engineered to understand the determinants 

of user engagement so as to motivate and retain users as per their needs as well as maintain sustainable OHCs.  
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Figure 7. Intent-specific one-mode networks of ADA community users for different communication themes. 

Limitations and Future Work 

One of the major limitations of our work was a low sample size, which may have resulted in inaccurate representations 

of the overall prevalence of speech acts and thematic emphasis. To improve the generalizability of the results, we will 

increase our qualitative coding efforts to include at least 2000 messages in order to reach category saturation for speech 

acts and communication themes. While speech act theory is an established taxonomy, we will involve multiple coders 

in our future work to mitigate subjective bias and ensure the robustness of the annotated dataset. In addition, we shall 

also devise an instrument to conduct rules-based classification using speech act labels on our dataset. While our 

network modeling efforts represent acceptable data volume, our efforts to develop semi-automated methods to scale 

up the application of content and intent labels to large scale datasets using deep learning models (e.g. convolutional 

neural networks28, graph-based neural networks29) and distributed text representations are underway.   

Conclusion 

Online health communities provide support for individuals to achieve their health goals and self-manage their health 

conditions for better health outcomes. This paper proposes an analytical framework to overlay communication intent 

implicit in peer interactions alongside content-specific characterizations of social media discourse. Such context- 

inclusive content-aware network patterns can inform the design and development of behavioral support systems (such 

as virtual coaching agents with real-time naturalistic conversational capabilities) to promote diabetes self-management 

and wellness. The results of our study show that even though individuals may exchange similar content oftentimes 

there are implicit and unspecified informational needs that can be extracted through the imposition of speech act like 

linguistic taxonomies, thus resulting in emphatical social listening capabilities, which can subsequently result in better 

user-centered digital health technologies. Consideration of user engagement profiles as well as disease management 

persona can help us make the user experience more personable in the digital world. The content-specific intent-
inclusive network analysis revealed how different disease management profiles and user engagement profiles affect 

the intentions of the users while communicating with their peers in an online health community. This can have 

implications for the design of targeted DSM interventions for individuals and populations based on disease onset and 

digital engagement preferences, thereby enabling them in long-term sustenance of positive healthy lifestyle. 

Acknowledgment 

Research reported in this publication was supported by the National Library of Medicine and National Cancer Institute 

of the National Institutes of Health under award numbers 1R01LM012974-01A1. The content is solely the 

responsibility of the authors and does not necessarily represent the official views of the National Institutes of Health. 

References 

1. National Center for Chronic Disease Prevention and Health Promotion | CDC [Internet]. [cited 2020 Feb 16]. 

Available from: https://www.cdc.gov/chronicdisease/index.htm  

2. CDC. National Diabetes Statistics Report, 2020 [Internet]. Centers for Disease Control and Prevention. 2020 
[cited 2020 Feb 25]. Available from: https://www.cdc.gov/diabetes/library/features/diabetes-stat-report.html 

3. Gallant MP. The Influence of Social Support on Chronic Illness Self-Management: A Review and Directions for 

Research. Health Educ Behav. 2003 Apr;30(2):170–95. 

4. Williams A, Manias E, Walker R. Interventions to improve medication adherence in people with multiple chronic 

conditions: a systematic review. Journal of Advanced Nursing. 2008;63(2):132–43.  

1128

https://www.cdc.gov/chronicdisease/index.htm
https://www.cdc.gov/diabetes/library/features/diabetes-stat-report.html


  

5. Vanstone M, Giacomini M, Smith A, Brundisini F, DeJean D, Winsor S. How Diet Modification Challenges Are 

Magnified in Vulnerable or Marginalized People With Diabetes and Heart Disease. Ont Health Technol Assess 

Ser. 2013 Sep 1;13(14):1–40. 

6. Gucciardi E, Jean-Pierre N, Karam G, Sidani S. Designing and delivering facilitated storytelling interventions for 

chronic disease self-management: a scoping review. BMC Health Serv Res. 2016 Dec;16(1):249. 
7. Koch G, Wakefield BJ, Wakefield DS. Barriers and Facilitators to Managing Multiple Chronic Conditions: A 

Systematic Literature Review. West J Nurs Res. 2015 Apr 1;37(4):498–516. 

8. Audulv Å, Asplund K, Norbergh K-G. The Integration of Chronic Illness Self-Management. Qual Health Res. 

2012 Mar 1;22(3):332–45. 

9. Global Digital Report 2019 [Internet]. We Are Social. [cited 2020 Jul 20]. Available from: 

https://wearesocial.com/global-digital-report-2019 

10. Chou WS, Hunt YM, Beckjord EB, Moser RP, Hesse BW. Social media use in the United States: implications 

for health communication. J Med Internet Res. 2009 Nov 27;11(4):e48. 

11. Fox S, Purcell K. Social Media and Health [Internet]. Pew Research Center: Internet, Science & Tech. 2010 [cited 

2020 Jul 20]. Available from: https://www.pewresearch.org/internet/2010/03/24/social-media-and-health/ 

12. Oser TK, Oser SM, Parascando JA, Hessler-Jones D, Sciamanna CN, Sparling K, et al. Social Media in the 

Diabetes Community: a Novel Way to Assess Psychosocial Needs in People with Diabetes and Their Caregivers. 
Curr Diab Rep. 2020 Feb 20;20(3):10. 

13. Centola D. The Spread of Behavior in an Online Social Network Experiment. Science. 2010 Sep 

3;329(5996):1194–7. 

14. Hwang KO, Ottenbacher AJ, Green AP, Cannon-Diehl MR, Richardson O, Bernstam EV, et al. Social support in 

an Internet weight loss community. Int J Med Inform. 2010 Jan;79(1):5–13. 

15. Sahiti M, K CN, Trevor C. Finding Meaning in Social Media: Content-based Social Network Analysis of QuitNet 

to Identify New Opportunities for Health Promotion. Studies in Health Technology and Informatics. 2013;807–

811.  

16. Austin JL. How To Do Things With words: The William James Lectures Delivered at Harvard University in 1955. 

Oxford, New York: Oxford University Press; 1975. 184 p. 

17. Miller JH. Speech Acts in Literature. 1 edition. Stanford, Calif: Stanford University Press; 2002. 256 p. 
18. Arguello J, Shaffer K. Predicting Speech Acts in MOOC Forum Posts. In: Ninth International AAAI Conference 

on Web and Social Media [Internet]. 2015 [cited 2020 Mar 15].  

19. Zhang R, Gao D, Li W. What are tweeters doing: recognizing speech acts in twitter. In: Proceedings of the 5th 

AAAI Conference on Analyzing Microtext. AAAI Press; 2011. p. 86–91. (AAAIWS’11-05). 

20. Searle JR. Speech Acts: An Essay in the Philosophy of Language [Internet]. Cambridge Core. 1969 [cited 2020 

Feb 16]. Available from: /core/books/speech-acts/D2D7B03E472C8A390ED60B86E08640E7 

21. Strauss AL, Corbin JM. Basics of qualitative research: grounded theory procedures and techniques. Newbury 

Park, CA: Sage; 1990. 

22. Myneni S, Lewis B, Singh T, Paiva K, Kim SM, Cebula AV, et al. Diabetes Self-Management in the Age of 

Social Media: Large-Scale Analysis of Peer Interactions Using Semiautomated Methods. JMIR Med Inform. 2020 

Jun 30;8(6):e18441. 

23. Lalmas M, OBrien H, Yom-Tov E. Measuring user engagement (Synthesis Lectures on Information Concepts, 
Retrieval, and Services). San Rafael, California: Morgan & Claypool; 2015. 

24. Home [Internet]. ADA Support Community. [cited 2020 Mar 1]. Available from: 

https://community.diabetes.org/home 

25. Borgatti SP, Everett MG, Freeman LC. Ucinet for Windows: Software for social network analysis. Harvard, MA: 

analytic technologies. 2002;2006. 

26. Bastian M, Heymann S, Jacomy M. Gephi: An Open Source Software for Exploring and Manipulating Networks. 

In: Third International AAAI Conference on Weblogs and Social Media [Internet]. 2009 [cited 2020 Mar 24]. 

Available from: https://www.aaai.org/ocs/index.php/ICWSM/09/paper/view/154 

27. Valente T. Social networks and health. Oxford: Oxford University Press; 2010. 

28. Lai S, Xu L, Liu K, Zhao J. Recurrent Convolutional Neural Networks for Text Classification. In: Twenty-Ninth 

AAAI Conference on Artificial Intelligence [Internet]. 2015 [cited 2020 Mar 25]. Available from: 
https://www.aaai.org/ocs/index.php/AAAI/AAAI15/paper/view/9745 

29. Xiang Y, Fujimoto K, Schneider J, Jia Y, Zhi D, Tao C. Network context matters: graph convolutional network 

model over social networks improves the detection of unknown HIV infections among young men who have sex 

with men. J Am Med Inform Assoc. 2019 Nov 1;26(11):1263–71. 

1129

https://wearesocial.com/global-digital-report-2019
https://www.pewresearch.org/internet/2010/03/24/social-media-and-health/
https://doi.org/core/books/speech-acts/D2D7B03E472C8A390ED60B86E08640E7
https://community.diabetes.org/home
https://www.aaai.org/ocs/index.php/ICWSM/09/paper/view/154
https://www.aaai.org/ocs/index.php/AAAI/AAAI15/paper/view/9745


Natural Language Processing and Machine Learning to Enable Clinical 
Decision Support for Treatment of Pediatric Pneumonia 

Joshua C. Smith, PhD, Ashley Spann, MD, Allison B. McCoy, PhD, 
Jakobi A. Johnson, BS, Donald H. Arnold, MD, MPH, 
Derek J. Williams, MD, MPH, Asli O. Weitkamp, PhD 
Vanderbilt University Medical Center, Nashville, TN 

Abstract 

Pneumonia is the most frequent cause of infectious disease-related deaths in children worldwide. Clinical decision 
support (CDS) applications can guide appropriate treatment, but the system must first recognize the appropriate 
diagnosis. To enable CDS for pediatric pneumonia, we developed an algorithm integrating natural language 
processing (NLP) and random forest classifiers to identify potential pediatric pneumonia from radiology reports. We 
deployed the algorithm in the EHR of a large children’s hospital using real-time NLP. We describe the development 
and deployment of the algorithm, and evaluate our approach using 9-months of data gathered while the system was 
in use. Our model, trained on individual radiology reports, had an AUC of 0.954. The intervention, evaluated on 
patient encounters that could include multiple radiology reports, achieved a sensitivity, specificity, and positive 
predictive value of 0.899, 0.949, and 0.781, respectively.  

Introduction 

Integration of natural language processing (NLP) and machine learning to guide real-time decision support could 
allow for streamlined clinical care but is overall lacking in clinical practice, particularly in the case of pediatric 
pneumonia.1 Recently, a clinical trial at our institution employed a clinical decision support (CDS) strategy to promote 
appropriate antibiotic prescribing for children with pneumonia presenting to the Emergency Department at Monroe 
Carell Jr. Children’s Hospital at Vanderbilt.2,3 This CDS was triggered when pneumonia was added to a pediatric 
patient’s problem list in the EHR. To facilitate study enrollment, it was necessary to help providers recognize potential 
pneumonia as soon as possible, and prompt them to add the diagnosis to the problem list. To that end, we developed 
a novel method for identifying chest x-ray (CXR) radiology reports that support a diagnosis of pediatric pneumonia. 
This paper describes the development of this method, which uses NLP on radiology reports combined with a random 
forest classifier, and an evaluation based on 9-months of data gathered while the system was in use. 

Background 

Pneumonia is an acute respiratory infection affecting the alveoli and distal bronchioles. It is the most frequent cause 
of infectious disease-related deaths in children worldwide, accounting for 15% of deaths in those less than 5 years of 
age in 2017.4,5 In a cross-sectional study of U.S. acute care hospitals, pneumonia was the most frequent and expensive 
reason for pediatric hospitalizations.6 Community-acquired pneumonia (CAP), defined as pneumonia acquired outside 
a hospital setting, accounts for approximately two million outpatient visits and 124,000 pediatric hospitalizations 
annually.5 Causative organisms include mainly viruses and bacteria.7 Complications include parapneumonic effusion, 
empyema, necrotizing pneumonia, pulmonary abscess, acute respiratory failure and sepsis. Signs and symptoms of 
pneumonia include fever, hypoxemia, tachypnea, cough, chest pain, dyspnea and grunting; physical examination 
findings include rales, wheezing, and dullness to auscultation. Many of these signs and symptoms are nonspecific and 
may result from atelectasis, acute asthma exacerbations, bronchiolitis, congestive heart failure, and other etiologies.  

Chest radiography is the most frequently ordered diagnostic test for suspected pneumonia.8 Yet, as with signs, 
symptoms, and physical exam findings, CXR findings among children with pneumonia may be nonspecific and 
experts often disagree on the interpretation.9,10 A systematic review of children with radiographic evidence of 
pneumonia found that most signs and symptoms have limited predictive value, and there is considerable overlap of 
these findings in pneumonia caused by different etiologies.11 As there is no criterion standard for CXR diagnosis of 
pediatric pneumonia, and CXR cannot distinguish between viral and bacterial infections, diagnosis and treatment 
decisions must be made in the context of clinical, laboratory, and radiologic findings.6 Notwithstanding the limitations 
of CXR, there is a spectrum of radiological appearances consistent with the clinical and pathological diagnosis of 
pneumonia and findings may expedite appropriate clinical management and improve outcomes.8 As a result, CXR has 
become the gold standard for confirmation of a clinical diagnosis of pneumonia.   
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A number of previous studies have attempted to recognize pneumonia from CXR reports and other clinical data, with 
significant early research being performed at the University of Utah and LDS Hospital in Salt Lake City.12–18  In 1994, 
Haug, et al., developed an early “natural language understanding” system to parse full text CXR reports to identify 
important findings and map them to a controlled medical vocabulary, but the system proved difficult to maintain at 
the time.12 In 1999, Chapman & Haug found that computerized techniques can perform as well as a physician, 
concluding that machine learning can be used to identify CXR reports that support a pneumonia diagnosis.13 Also in 
1999, Aronsky & Haug developed a Bayesian Network to identify adult pneumonia in the emergency department 
(ED).14 The inputs for the Bayesian Network included a number of demographic and clinical variables, triage 
information, breath sounds, and lab values, as well as coded data recorded by the ED physician after viewing the 
completed CXR report; codes indicated the specific presence of pneumonia and/or effusion. They recognized, 
however, that CDS systems that rely on additional and time-consuming manual data entry result in a "behavioral 
bottleneck" that prevents such systems from becoming part of clinical routine.14 Their system achieved an AUC of 
0.930 and, at a fixed sensitivity of 0.95, specificity and PPV of 0.685 and 0.073, respectively; when the sensitivity 
was fixed at 0.90, specificity and PPV were 0.790 and 0.102, respectively.15  

In 2000, Fiszman, et al., compared SymText, an early NLP system, and keyword searches of CXR reports, combined 
with expert-crafted rules, against physicians; they found these approaches compared favorably with physicians, 
achieving sensitivity, specificity, and PPV of 0.95, 0.85, and 0.78, respectively.16 However, their analysis was 
performed only on a small, manually-curated gold-standard set of 292 reports enriched to include additional examples 
of bacterial CAP, and results were admittedly unlikely to generalize to reports representing actual disease prevalence. 
In 2001, Aronsky, et al., combined their Bayesian Network with SymText-identified keywords to recognize 
pneumonia from adult patients in the ED.17 However, they found that the physician-coded data on pneumonia and 
effusions, important for their Bayesian Network, was often missing; NLP seemed to compensate for this missing data, 
and resulted in improved performance over previous efforts. Lagor, et al., compared the Bayesian Network approach 
with Artificial Neural Networks, trained on over 32,000 patients, and found similar results.18 Their best-performing 
algorithm achieved a specificity of 0.940 and PPV of 0.186 at a fixed 0.95 sensitivity, but both methods included 25 
manually-curated variables, including, breath sounds, chief complaints, and a number of other clinical characteristics. 

Other research has focused on different populations, clinical documents, and techniques. Liu, et al., studied the use of 
NLP on intensive care unit (ICU) reports and reported success in identifying pneumonia in critically ill patients.19 In 
2008, Elkin, et al., used NLP on CXR reports to obtain SNOMED-CT codes. After applying expert crafted rules, they 
concluded that SNOMED-CT-based rules and codes were accurate enough to detect pneumonia from CXR reports.20 
Asatryan, et al. again focused on using NLP to identify keywords and found that “pneumonia” was most predictive, 
as might have been suspected.21 However, simple keywords can be misleading, as CXR reports often include a 
significant amount of “hedging,” revealing uncertainty about the diagnosis.22  

Most of these previous efforts were focused on adult patient populations, but the presentation of pneumonia in children 
can differ.8 Presentation of pneumonia can also differ based upon the pathogen and type of pneumonia.23 In 2005, 
Mendonça, et al., utilized NLP on CXR reports to recognize hospital-acquired pneumonia in neonates, achieving a 
sensitivity of 0.71 and specificity of 0.99, but a PPV of only 0.075.24 In 2017, Meystre, et al, used these approaches 
to diagnose bacterial pneumonia in a pediatric patients.25 They used NLP to extract specific findings from CXR reports 
for input to a Support Vector Machine (SVM). They achieved sensitivity, specificity, and PPV of 0.71, 0.96, and 0.86, 
respectively, often performing better than domain experts. The system was developed using a manually-curated gold 
standard of 282 reports to extract information from a larger collection of CXR reports, but was not real-time. 

Summary 

This paper describes the development and evaluation of a method that utilizes NLP and random forests to identify 
pediatric pneumonia from radiology reports. Unlike the majority of previous work, it does not incorporate clinical 
variables imported from other parts of the EHR or manual input by physicians. Manually curated clinical data, 
especially pneumonia-specific variables used in previous work, can improve prediction, but are often delayed or absent 
due to the aforementioned behavioral bottleneck.14 This intervention, supporting rapid initial recognition of possible 
pneumonia in a general pediatric population, was implemented in a large children’s hospital using real-time NLP. We 
analyzed performance based on 9-months of real clinical data gathered while the system was in use.  

Methods 

To identify radiology reports that support diagnosis of pediatric pneumonia, we utilized a random forest classifier 
using NLP-extracted features as input. A random forest is a machine-learning classifier based on an ensemble of 
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decision trees.26 It is trained using a corpus of cases and controls. We developed our training corpus by first identifying 
approximately 10,000 historical pediatric admissions at our institution. Cases were a subpopulation of a larger cohort 
of the Etiology of Pneumonia in the Community (EPIC) study, who were enrolled at Monroe Carell Jr. Children’s 
Hospital at Vanderbilt.2,7 Patients were enrolled in the study if they were under 18 years of age, hospitalized with signs 
or symptoms of acute infection and acute respiratory illness, and had clinical and radiographic evidence of pneumonia. 
Children with recent hospitalization, severe immunosuppression, cystic fibrosis, tracheostomy, or clear alternative 
diagnosis were excluded. Controls were identified based upon availability of CXR and the absence of pneumonia-
related diagnostic codes.  The initial training corpus consisted of approximately 10% cases and 90% controls. 

For each of the 10,000 admissions, we queried an EHR data repository to extract the earliest radiology report available 
within 24 hours of admission, either before or after. Not all patients in the cohort had radiology reports in their record 
within the specified window. Additionally, a number of these patients had CXR performed at outside institutions and, 
if the associated reports was in our EHR, it was saved as a scanned image or PDF and was not used in the study. This 
resulted in 5053 CXR reports (4314 controls and 739 cases). While all reports had a separate Impressions section, the 
rest of the report was either in a single, unlabeled section, or separated into individual sections such as, Indication, 
Findings, History, and Comparisons; in all cases, the complete report was utilized. 

After removing any XML markup from the report text, we processed the resulting plain text files using MetaMapLite.27 
MetaMap is an NLP tool that identifies Unified Medical Language System (UMLS) concepts mentioned in clinical 
text; it incorporates the NegEx algorithm to identify whether mentioned concepts are negated (i.e., “opacity in right 
lung” vs “no opacities”).28,29 MetaMapLite provides similar functionality with reduced overhead and greater speed.27 
For negation detection, it can use either NegEx or the more robust ConText30 algorithm; we opted to use NegEx 
because it is slightly faster. We also restricted concepts to the SNOMED-CT vocabulary (validated for pneumonia by 
Elkin, et al.20) and represented using UMLS Concept Unique Identifiers (CUIs) from the UMLS 2017AA release.  

We processed the MetaMapLite output to extract mentioned concepts and converted each report into a set of CUIs 
with their negation status (i.e., “affirmed_C0032285”, “negated_C0034063”). We then identified the most frequent 
CUI/negation-status pairs (those occurring at least five times) from among the entire training corpus. Using the 
resultant list of 1021 frequent concepts, each report in the training corpus was transformed into a binary vector 
representing the presence or absence of these affirmed/negated CUIs. These vectors were then used as input for a 
random forest classifier using R (version 3.5.0) and the R package randomForest.31,32 We constructed our classifiers 
using 700 decision tress and the package default values for other parameters (mtry, nodesize, maxnodes, etc.). Due to 
computational limitations, we did not perform a thorough grid search to optimize hyperparameters; experimenting 
with additional trees and different values of mtry did not improve performance.  

To validate our training data, we built an initial random forest model using all available cases and controls. That 
process identified a number of low-scoring cases, which the model classified as likely having no pneumonia, and 
high-scoring controls, which the model classified as supporting pneumonia diagnosis. Physicians reviewed these 
approximately 200 radiology reports and, as expected, many had been misclassified originally. Flagged reports were 
then reclassified (cases to controls, and vice versa) resulting in 823 cases and 4230 controls.  

After this data validation step, we then rebuilt our random forest model using 10-fold cross validation, training and 
testing each iteration of the model on approximately 4500 and 500 reports, respectively. We also constructed a model 
using the entire training corpus (with no test set). We report the area under the receiver operating characteristic curve 
(AUC) on each test set, as well as the AUC calculated on the out-of-bag sample (OOB AUC) for the training sets. The 
OOB AUC provides an estimate of the model’s performance based on unused portions of the training data. We then 
reviewed the expected performance of the model at various thresholds and, based on desired precision and recall for 
the aforementioned clinical trial, determined the specific decision threshold to be used.  

Implementation 

After appropriate testing and validation, the NLP process and random forest model were deployed as part of the CDS 
infrastructure and integrated with our Epic® EHR. The decision support infrastructure at our institution utilizes an 
Enterprise Service Bus (ESB) that serves as an integration platform for all inbound and outbound data flow associated 
with clinical systems. Via specific adaptors, the ESB integrates CDS services with clinical systems for real-time data 
processing; clinical events represented by discrete data flowing through the ESB initiate surveillance and update CDS 
service inputs/outputs in real-time. In this case, when a patient was admitted to the Pediatric ED, the system began 
listening for CXR orders for the next 24-hours. As soon as they were available on the ESB, the system then processed 
and scored any corresponding radiology reports. If any report scored above the decision threshold (i.e., potential 
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pneumonia), the system posted a smart data element using Epic’s APIs to flag the patient. The presence of the smart 
data element triggered an interruptive Best Practice Advisory (BPA) alert informing the providers that, based upon 
the CXR report, the patient was suspected of having pneumonia. The BPA displayed the radiology report impression 
section and allowed the provider to (1) add CAP to the problem list, (2) report that the patient did not have pneumonia, 
or (3) simply acknowledge or defer the alert. Providers could also enter optional comments. If the provider added CAP 
to the problem list, this would fire a second BPA describing the clinical trial, including any exclusion criteria (age less 
than six months, age greater than 18 years, cystic fibrosis, immunosuppression, or hospitalized within the last seven 
days). This workflow allowed the provider to either enroll the patient, which would trigger a CAP Antibiotic Adviser, 
or decline and note whether their exclusion from the trial was contraindicated or due to other clinical judgement. If 
provider did not add CAP to the problem list, declined to enroll in the trial, or reported no pneumonia, no further alerts 
were generated. Due to the minimal-risk nature of the clinical trial, enrollment decisions were made by the provider. 

Evaluation Methods 

When a CXR is ordered, the order frequently includes multiple images, or views, and each image has its own 
associated report. Sometimes the reports in the set are identical; other times they are different and pneumonia is only 
recognizable in some views/reports. If any of the individual reports were flagged by the NLP algorithm, it triggered 
the BPA. In other words, the algorithm is based upon sets of reports from the same session or encounter, rather than 
individual CXR reports, and we evaluated it accordingly. We considered an encounter as positive for potential 
pneumonia if any report from the encounter was flagged as potential pneumonia. Correspondingly, we considered the 
encounter negative for potential pneumonia when no reports from the encounter were flagged by the algorithm. We 
evaluated the performance of the algorithm using 9-months of data collected from January 1 to October 1, 2019.  

The algorithm classified all encounters with CXR as either “radiology reports support a diagnosis of pneumonia,” 
denoted as NLP-positive (NLP+) or “radiology reports do not support a diagnosis of pneumonia,” denoted as NLP-
negative (NLP-). It is important to note that pneumonia is not solely a radiological diagnosis. We were not evaluating 
the sufficiency of CXR reports to diagnose pneumonia, but rather whether the algorithm was able to identify those 
radiology reports that do support a diagnosis of possible pneumonia. Further, while the trial is focused solely on 
identifying CAP, the algorithm was designed to identify CXR reports that support any possible pneumonia diagnosis, 
and we evaluated it accordingly. Reviewing all CXR reports in the study was not feasible due to the large number of 
reports. To identify which reports required manual review to resolve true and false positives and negatives, we 
considered provider responses to the BPA, patient problem lists, and encounter diagnoses. In cases with conflicting 
information (e.g., problem lists or encounter diagnosis indicated pneumonia but the algorithm did not, and vice versa), 
physician reviewers read radiology reports to identify whether any report in a given encounter “supported a diagnosis 
of possible pneumonia.”  

Among NLP+ encounters, the provider either (1) added CAP to the problem list from the BPA or (2) did not add the 
problem using the BPA. Among the latter group, there were a minority of instances where the provider never received 
the BPA because the patient had been discharged from the ED or admitted to another service. To resolve true and false 
positives, we manually reviewed these and all other CXR reports from NLP+ encounters where the provider did not 
add the problem using the BPA (including encounters where patients met exclusion criteria for the clinical trial). We 
reviewed reports from encounters where the provider did add CAP only if that problem was subsequently deleted from 
the problem list. To resolve true and false negatives, we reviewed reports from NLP- encounters when there was any 
evidence of any pneumonia in the patient’s problem list or encounter diagnoses. We did not review NLP- encounters 
if there was no evidence of a pneumonia diagnosis. 

We report sensitivity, specificity, and PPV of the algorithm, among other measures, and compare to the performance 
of previous work and the estimated model performance from training data. We also review the most important features 
of our random forest model as determined by the mean decrease in Gini coefficient.32,33 Finally, we review provider 
comments from the BPA and highlight report characteristics that may have resulted in misclassification.  

Results 

Model Development and Determining a Decision Threshold 

The performance of the random forest models on both the training set (OOB AUC) and test sets (AUC) is shown in 
Table 1. The average AUC across all training sets from the cross-validation was 0.953; the average AUC across the 
test sets was 0.952. The OOB AUC on the model utilizing all training data was 0.954, revealing that the OOB AUC 
was similar to using set-aside test sets. This model trained on all available reports was the one we implemented in the 
EHR. Figure 1 shows the ROC curve of the implemented model.  

1133



Table 1. Out-of-bag (OOB) AUC on training sets and 
AUC on test sets. 
 

Partition Train (OOB AUC) Test (AUC) 
1 0.955 0.932 
2 0.952 0.961 
3 0.954 0.933 
4 0.951 0.966 
5 0.951 0.974 
6 0.955 0.941 
7 0.951 0.963 
8 0.953 0.961 
9 0.953 0.951 

10 0.956 0.940 
Average 0.953 0.952 
All Data 0.954  

 

 

Table 2 illustrates model performance on the training data using various decision thresholds. Measures include 
sensitivity, specificity, PPV, false positive rate, balanced accuracy ( (sensitivity + specificity)/2 ), and f-measure. After 
reviewing the performance on test sets at various thresholds, the clinical team selected a decision threshold of 0.27. It 
was selected primarily for high sensitivity (88%), acceptable PPV (63%), and a 10% false positive rate.  

Table 2. Expected performance of the model at various thresholds; we selected 0.27 as the decision threshold. 
 

Decision Threshold 0.10 0.20  0.27* 0.30 0.40 0.50 0.60 0.70 0.80 0.90 
Sensitivity 0.954 0.913 0.881 0.860 0.774 0.655 0.482 0.306 0.126 0.002 
Specificity 0.729 0.851 0.899 0.911 0.948 0.977 0.992 0.999 1.000 1.000 
PPV 0.406 0.544 0.629 0.653 0.742 0.849 0.925 0.977 0.990 1.000 
False Positive Rate 0.271 0.149 0.101 0.089 0.052 0.023 0.008 0.001 0.000 0.000 
Balanced accuracy 0.841 0.882 0.890 0.886 0.861 0.816 0.737 0.652 0.563 0.501 

F-measure (F1) 0.570 0.681 0.734 0.743 0.757 0.739 0.634 0.466 0.224 0.005 
 

To assess the face validity of the random forest model, we reviewed the most important features as determined by 
mean decrease in Gini. The most important feature was an affirmative mention of pneumonia (C0032285). Other top 
features included multiple CUIs for opacity (C1265876, C0029053, C0449584) and consolidation (C0521530, 
C0702116), specific pneumonia concepts (e.g., left/right lower/upper/middle lobe pneumonia, atypical pneumonia), 
and CUIs for infiltrate, atelectasis, and pneumothorax. Anatomical locations alone (left/right lower/upper/middle lobe 
of lung) and qualifiers such as patchy, normal, interstitial, focal, and multifocal were also present among the most 
important features, as well as several symptom concepts (fever, cough). While negated features (including pneumonia) 
were present among the most important features, non-negated concepts tended to be ranked higher. 

Implementation and Evaluation 

During the 9-month study period, the system processed approximately 8600 radiology reports from 3012 distinct 
patient encounters. The system flagged patients as having suspected pneumonia in 579 encounters; for the remaining 
2433 encounters, no radiology reports scored above the decision threshold. Of the 579 NLP+ results, providers added 
CAP to the patient’s problem using the BPA 344 times (68.3%). In 5.3% of encounters, radiology reports included 
both NLP+ and NLP- reports, and were therefore classified as positive encounters. 

For NLP+ encounters where providers added CAP to the problem list through the BPA, the pneumonia problem was 
deleted soon afterwards in 12 cases (3.5%). Reviewers determined that in 8 of those cases, reports did in fact support 
a diagnosis of possible pneumonia. In two of those instances, the problem was replaced by other non-CAP pneumonia 

Figure 1. ROC curve for random forest model. 
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problems (pneumonia and influenza and aspiration pneumonia); two others were deleted because there were duplicate 
CAP entries in the problem list.  

For the remaining 235 NLP+ encounters where the provider did not add CAP using the BPA, reviewers found that 
48% (112 encounters) had reports that supported a diagnosis of possible pneumonia, and were therefore true positives, 
and 52% (123 encounters) did not, and were therefore false positives. Among those NLP+ encounters where any 
pneumonia was included in the problem list or encounter diagnoses, 95% had supporting radiology reports.  

Among encounters where the problem was not added, the BPA was triggered 432 times: in 49% of cases, the alert 
was deferred until further information could be gathered; in 31% of cases, the provider indicated the patient did not 
have pneumonia; in 13% of cases, the provider responded they were not the attending physician; for the remainder of 
cases, the alert was acknowledged or overridden without a provided reason. When providers responded that the patient 
did not have pneumonia, few added specific comments. In two cases, the providers commented that CXR findings 
likely represented atelectasis or there was no consolidation on x-ray. In four cases, the providers stated that patients 
did not have CAP, but other pneumonias (hospital acquired, bronchopneumonia, aspiration pneumonia, or viral 
pneumonia). In three cases, providers indicated there were no clinical signs of pneumonia, and in two more cases, 
indicated the patient had sickle cell disease or acute chest syndrome. Among all NLP+ encounters when enrollment 
in the trial was contraindicated, providers still used the BPA to add CAP to the problem list 48 times (86%). Only one 
provider who added CAP to the problem list through the BPA noted that the it was a clinical, rather than radiological, 
diagnosis. 

For the NLP- encounters, there was evidence of potential pneumonia in the form of problem list entries or encounter 
diagnoses in only 141/2433 encounters (5.8%). Physicians reviewed all CXR reports from those encounters to identify 
any false negatives. They found 51 false negatives (36%) where the CXR report did support a diagnosis of possible 
pneumonia and 90 true negatives (64%) where reports did not support the diagnosis. 

Table 3 illustrates the true and false positives and negatives determined by review. Table 4 shows the algorithm’s 
performance during the 9-month study period. Sensitivity, specificity, and PPV were 90%, 95%, and 78%, 
respectively, compared to 88%, 90%, and 63% on the training set. 

Table 3. Confusion matrix illustrating actual algorithm 
performance. Class refers to encounters with CXR 
reports that support a pneumonia diagnosis. 

 Actual Class 
Yes No  Sum 

Predicted 
Class 

NLP+ 452 127 579 
NLP- 51 2382 2433 
Sum 503 2509   

Table 4. Algorithm performance identifying CXR 
reports that support pneumonia diagnosis. 

Sensitivity 0.899 
Specificity 0.949 
PPV 0.781 
False Positive Rate 0.051 
Balanced Accuracy 0.924 
F-Measure (F1) 0.835 

Manual Review of Radiology Reports 

To identify false positives alerts, reviewers read all NLP+ radiology reports where CAP was not added to the problem 
list through the BPA. Among the 127 false positive encounters, only 21 had some form of pneumonia added to the 
problem list; in the majority of other cases, patients were diagnosed with other respiratory conditions (atelectasis, 
pleural effusion, bronchiolitis, bronchitis, etc.). In approximately 10% of false positive encounters, patients appeared 
to have findings of cystic fibrosis, sickle cell anemia, or acute chest syndrome. Reviewers noted that some reports 
only mentioned pneumonia in an Indication section that listed suspected pneumonia as the reason for the CXR order. 
Many false positive reports mentioned recent pneumonia, a history of pneumonia, or resolved/resolving pneumonia 
(e.g., “interval resolution of the right apical opacity”). Reports frequently mentioned findings which could represent 
pneumonia, but the Impression sections further specified higher likelihood of other diagnoses, such as atelectasis, 
bronchitis, bronchiolitis, and peripheral or reactive airway disease. Reviewers noted difficulty with words and phrases 
denoting uncertainty (e.g., "infection not excluded," "underlying pneumonia difficult to definitively exclude", 
"pneumonia is considered much less likely", and "opacities favored to represent atelectasis over pneumonia") when 
other diagnoses were more supported. Finally, reviewers noted that pneumonia was frequently mentioned in specific 
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terms (e.g., "right lower lobe pneumonia," "right middle lobe pneumonia," "viral pneumonia," "atypical pneumonia," 
"multifocal pneumonia," bibasilar pneumonia, etc.). 

To identify false negatives, reviewers read all CXR reports from NLP- encounters where there was evidence of 
pneumonia in patients’ problem lists or encounter diagnoses, and found 51 reports that supported a possible pneumonia 
diagnosis. Reviewers noted several common terms from these reports that did not seem to have the desired impact on 
classification: empyema, airspace opacity, opacification, multifocal, infection/infected, consolidation/consolidative, 
and air bronchograms. For many false negatives, reviewers noted that pneumonia was mentioned in the impression 
section, but not the findings section. Additionally, a number of false negatives were in patients with scoliosis, possibly 
contributing to poor-quality imaging and insufficient information in the report.  

Discussion 

Using approximately 5000 historical CXR reports from our institution, we developed an algorithm using NLP and a 
random forest classifier to identify radiology reports that support a diagnosis of pediatric pneumonia. Our classifier 
had an AUC of 0.954. Based upon 9-months of real clinical data, the sensitivity, specificity, and PPV or our algorithm 
was 0.899, 0.949, and 0.781, respectively. Developing and analyzing the algorithm in context of a clinical trial was 
both convenient and beneficial. Domain experts leading and participating in the trial gathered and reviewed initial 
training data and assisted in reviewing preliminary and final results. Importantly, this work demonstrates that real-
time NLP can effectively be integrated into real-world clinical care to improve problem list completeness and delivery 
of CDS. 

The algorithm performed favorably compared to prior work using CXR and other clinical data to recognize adult 
pneumonia. Our results were significantly better than the sensitivity, specificity, and PPV reported by Aronsky & 
Haug’s Bayesian network approach (0.900, 0.790, 0.102), Aronsky, et al., and their Bayesian Network with NLP (of 
0.940 and PPV of 0.186 at a fixed 0.95), and the artificial neural networks used by Lagor, et al. (0.950, 0.940, 
0.186).14,15,17,18 All these methods included a number of manually-curated variables, and the low PPV would likely 
have caused feasibility issues for CDS. The performance of the Fiszman, et al. approach, combining NLP with expert 
crafted rules, was more comparable to our method (0.95, 0.85, and 0.78), but was analyzed on only a small, enriched 
set of CXR reports, and was admittedly unlikely to generalize to the larger patient population.16 

We identified few similar studies that focused on pediatric populations. The most comparable study (Meystre, et al.), 
which used SVMs and NLP to diagnose bacterial pneumonia in a general pediatric population, achieved sensitivity, 
specificity, and PPV of 0.71, 0.96, and 0.86, respectively.25 Our algorithm achieved slightly lower specificity and 
PPV, but significantly higher sensitivity (0.899). The fact that our algorithm identifies any type of pediatric 
pneumonia, rather than strictly bacterial pneumonia, may contribute to performance differences. It is also important 
to note that their study utilized a small, manually-curated gold standard (a time-intensive process), whereas ours used 
a sample of convenience from a previous study, partially validated using the initial random forest model. Additionally, 
their algorithm was applied to a database of historical reports, whereas our algorithm was implemented in the EHR 
using real-time NLP. 

Our algorithm performed better than expected when compared to the training and test data. Prior to implementation, 
we estimated a sensitivity, specificity, and PPV of 0.881, 0.899, and 0.629, respectively, at the selected decision 
threshold. In practice, the algorithm achieved sensitivity, specificity, and PPV of 0.899, 0.949, and 0.781. We believe 
discrepancies are likely due to training and testing using a report-based model and implementing/reviewing the 
performance using an encounter-based approach. That is, the algorithm analyzed reports from any CXR order in first 
24-hours of each encounter; this usually included multiple views, with each image having its own associated radiology 
report (2.8 images/reports per encounter). Many of the reports in an encounter were identical to one-another, but 5.3% 
of encounters contained reports with conflicting results (at least one report was NLP+ and one was NLP-). Some of 
these report-level classifications are likely incorrect, but it is important to realize that pneumonia is not always evident 
in all CXR views. While they did not exhaustively review all individual reports to evaluate this, reviewers noted cases 
where different reports (views) from a single encounter supported opposite conclusions. In the other 94.7% of 
encounters, however, all reports in a given encounter/order set resulted in the same conclusion. 
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While not the primary focus of this paper, it is important to note the usefulness of the NLP/random forest algorithm 
in helping enroll patients in the CAP clinical trial. The BPA alerts triggered by the algorithm facilitated the enrollment 
of 344 patients into the trial. Some clinicians made treatment decisions early in the ED encounter, which often 
prevented their patients from being eligible for the trial. While most clinicians waited for returned CXR reports to 
make decisions, the algorithm proved critical in encouraging providers to add CAP to the problem list before starting 
treatment. Adding CAP to the problem list then triggered the BPA for enrollment and the CAP Antibiotic Advisor. 
The real-time nature of the NLP enabled nearly instantaneous capture of pneumonia in the problem list after CXR 
reports were available. Any significant delay in processing the reports would have resulted in reduced enrollment in 
the trial, or potential treatment decisions being made without the benefit of CDS. Additionally, utilizing the clinical 
trial teams and infrastructure allowed this implementation to benefit from extensive physician buy-in which can be 
difficult to achieve in other circumstances.  

As mentioned above, we did not review all NLP+ encounters where CAP was added to the problem list from the BPA, 
nor all NLP- encounters where there was no evidence of pneumonia. We believe this was justified by the fact that, 
among those reviewed NLP+ encounters where CAP was not added to the problem list through the BPA, 95% had 
supporting radiology reports. Additionally, it would be unlikely for pneumonia not to have been added to the problem 
list or encounter diagnoses if the patient was diagnosed with pneumonia. Conversely, only 36% of reviewed NLP- 
encounters (those that had pneumonia problems or encounter diagnoses in the EHR) had reports that supported a 
pneumonia diagnosis. This was possibly due to time restriction of only scanning reports ordered in the first 24-hours 
after ED admission; these individuals may have had later CXR that supported diagnosis.  

The most common errors in classification were false positives – classifying reports as supporting a diagnosis of 
pneumonia when they in fact did not. Only 16.5% of false positive encounters ever had some form of pneumonia 
added to the problem list; the majority of other false positive encounters were eventually diagnosed with different 
respiratory conditions (atelectasis, pleural effusion, bronchiolitis, etc.). Radiological findings for these diseases are, 
like pneumonia, often non-specific. These non-specific findings, along with possible (or “impossible to exclude”) 
pneumonia were frequently mentioned in the findings section of the report, but the impression sections further 
specified a higher likelihood of other diagnoses. Sections of origin for UMLS concepts were not captured; had they 
been, it is possible the random forest models would have learned to weight the impression section higher. The lack of 
radiology report section information may have contributed to false positives in other ways, too. Reviewers noted that 
some reports had indication sections that mentioned suspected pneumonia, and that would have inappropriately been 
captured by the NLP as input to the random forest. Reviewers also noted that approximately 10% of false positive 
patients had findings of cystic fibrosis, sickle cell anemia, or acute chest syndrome. In retrospect, this is unsurprising 
since our training data was taken from a previous study,2 and patients with these conditions were excluded from that 
study. Thus, our algorithm was not trained on radiology reports for patients with these conditions. 

Inaccurate negation detection was also a likely driver of false positives. Reviewers noted that historical or resolving 
pneumonia was frequently mentioned in false positive reports, and likely was not captured correctly by the NLP. 
Phrases such as “interval resolution of the right apical opacity” were not recognized as negated. Phrases such as 
"infection not excluded," "underlying pneumonia difficult to definitively exclude", and "opacities favored to represent 
atelectasis over pneumonia,” can be confusing for even human reviewers. They also noted that pneumonia was 
frequently mentioned in more specific terms (e.g., "right lower lobe pneumonia," "right middle lobe pneumonia," 
"multifocal pneumonia," bibasilar pneumonia, etc.), which would have been identified by the NLP as different UMLS 
concepts. Infrequently-used pneumonia concepts may not have been included in our model due to our methodology 
using the most-frequent UMLS concepts from the training set. 

Fewer errors were due to false negatives. Out of 2433 NLP- encounters, only 2% were classified as false negatives 
after review. Of those, reviewers noted relevant terms such as “empyema” and “air bronchograms” that usually suggest 
possible pneumonia, but did not seem to have the desired impact on classification. As noted for false positive errors, 
this may be due to these terms being infrequent in our training set.  Finally, a number of false negatives were in 
scoliosis patients where image-quality was deemed poor. It is unlikely that NLP could be used to compensate for poor 
image quality resulting in low-information CXR reports; however, additional training examples with limited 
information, appropriately categorized, could improve misclassification of similar reports. 
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Finally, the analysis revealed a number of areas where the algorithm could be improved in future work. Including 
section information in the random forest features would likely improve classification, as would additional training 
examples from patients with previously excluded conditions and low-quality imaging and reports. We also plan to 
enlarge the feature space to ensure all UMLS pneumonia concepts are included in future versions, as well as ensuring 
any radiological signs highly suggestive of pneumonia are included (in consultations with radiologists). The analysis 
of important features revealed a number of disparate pneumonia concepts, as well as similar concepts with distinct 
CUIs (e.g., multiple “opacity” concepts); we therefore plan to explore the use of concept normalization (i.e., binding 
similar concepts together, mapping rare pneumonia concepts to the base pneumonia concept) to improve recognition 
of pneumonia through the random forest. The most effective potential improvement, however, is likely in terms of 
negation detection. A thorough study of negation misclassification would help to identify additional trigger words to 
improve NegEx performance. Utilizing the ConText negation algorithm, instead of NegEx, may also improve negation 
and detection of historical conditions while only marginally increasing the processing time.27,30 In addition to these 
NLP improvements, performing a thorough grid search to optimize the hyperparameters of the random forest would 
also likely improve prediction accuracy; other machine learning classifiers should be evaluated, as well. In the event 
of a future wider-scale implementation, we will also reconsider the 24-hours-after-ED-admission time restriction used 
in the clinical trial. Similarly, we used the earliest CXR reports for our training examples, as we wanted training 
examples to reflect early presentation of pneumonia; this will also need to be re-evaluated if the system is put into 
wider use. Finally, as pneumonia is not solely a radiological diagnosis, we would like to explore the addition of clinical 
symptoms to the model. As was shown in our analysis of important random forest features, fever and cough did 
contribute to model performance when mentioned in the CXR reports. 

In conclusion, this work demonstrates that real-time NLP can effectively be integrated into the EHR to improve 
problem list completeness and delivery of CDS. While NLP and random forest models are effective at recognizing 
pediatric pneumonia from radiology reports, pneumonia is not solely a radiological diagnosis. The identification of 
supporting CXR reports, however, is an important component of most pediatric pneumonia diagnoses. By identifying 
such evidence, and triggering appropriate CDS when the diagnosis is confirmed by a provider, interventions such as 
this can expediate diagnosis and improve clinical care. 
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Abstract 

This study developed and evaluated a JSON-LD 1.1 approach to automate the Resource Description Framework 

(RDF) serialization and deserialization of Fast Healthcare Interoperability Resources (FHIR)  data, in preparation 

for updating the FHIR RDF standard. We first demonstrated that this JSON-LD 1.1 approach can produce the same 

output as the current FHIR RDF standard.  We then used it to test, document and validate several proposed changes 

to the FHIR RDF specification, to address usability issues that were uncovered during trial use.  This JSON-LD 1.1 

approach was found to be effective and more declarative than the existing custom-code-based approach, in converting 

FHIR data from JSON to RDF and vice versa.  This approach should enable future FHIR RDF servers to be 

implemented and maintained more easily. 

Introduction 

HL7 Fast Healthcare Interoperability Resources (FHIR)1 is an emerging open standard for the exchange of 

electronic healthcare information. The Semantic Web Resource Description Framework (RDF)2, a W3C standard, 

has been adopted by the HL7 FHIR as its third interchange format in addition to XML and JavaScript Object 

Notation (JSON).  RDF represents information as collections of subject-predicate-object triples, where the subject 

and predicates are typically Universal Resource Identifiers (URI’s) and the object can either be a URI or a literal.   

As an example, the RDF triples 
 

     https://orcid.org/0000-0002-5928-307      http://xmlns.com/foaf/0.1/name           “Harold Solbrig”  

     https://orcid.org/0000-0002-5928-307    http://purl.org/spar/scoro/collaborator https://orcid.org/0000-0003-2940-0019 

 

asserts that the referent of the Orcid id 000-0002-5928-307 (the author)’s name is “Harold Solbrig”, and that he has 

a collaborator referenced by the Orcid Id 0000-0003-2490-0019.  RDF allows information to be assembled and 

integrated as a set of atomic facts, allowing data to be assembled (linked) from a wide variety of sources. 
 

To date, the FHIR RDF implementation had been used experimentally in several projects, including fhir.schema.org3, 

FHIR in I2B24, the FHIR to RDF converter5, the FHIR/SNOMED integration project6 and SOLID7.  This experience 

has uncovered two difficulties, which this study sought to address: 

• Although the FHIR RDF specification8 is included in the FHIR standard, and has been implemented in a test 

server, it has yet to be deployed in any of the major FHIR servers such as HAPI9, Vonk10, etc. This gap is a 

significant barrier to wider adoption of FHIR RDF in clinical research informatics communities.  

• Several usability issues were discovered in the current FHIR RDF specification, resulting in requests for 

changes to the FHIR RDF specification.  

To address these problems, this study explored the use of JSON for Linked Data, version 1.1 (JSON-LD 1.1)11 as a 

means of both documenting and automating conversion of FHIR data to and from RDF.   

JSON-LD is a profile of standard JSON that allows JSON-LD data to be interpreted either as plain JSON (a format 

that is widely used in the software development world) or as a serialization of RDF (linkable but arcane).  In its role 

as an RDF format, JSON-LD joins the ranks of Turtle12 and other standard W3C RDF formats that are used to represent 

collections of RDF triples – as a format that bridges the worlds of JSON and RDF.  Although the FHIR RDF working 

group12 previously investigated and rejected the use of JSON-LD 1.0 for FHIR RDF, the 1.0 version lacked critical 

features that the 1.1 version now includes.  In particular, 1.0 did not allow the same FHIR JSON tag, appearing in 
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different FHIR resources, to be mapped to different Internationalized Resource Identifiers (IRIs)13 in RDF.  Since IRIs 

are used as global identifiers in RDF, this is necessary to allow these properties to be recognized as being semantically 

distinct.  For example, the JSON tag “name” currently appears 98 times across 51 different resources in FHIR.  JSON-

LD 1.1 now enables them the be mapped to distinct IRIs in RDF.  

While the existing implementation of FHIR RDF relies on custom code to convert FHIR data to and from RDF, JSON-

LD 1.1 enables this conversion to be defined in a more declarative style, through the use of the "@context".  This 

promises to enable easier implementation of future FHIR RDF servers by reducing the amount of custom code that 

must be written and maintained.  It also allows proposed changes to the FHIR RDF specification to be more readily 

tested and evaluated. To facilitate rapid experimentation and testing, a web-based FHIR JSON-LD Playground14, 15 

was implemented, based on the existing "JSON-LD Playground"16, which proved to be enormously helpful. A 

command-line tool was also created and used to perform batch conversion of FHIR JSON to FHIR RDF.  These 

converters were then used to rapidly test and evaluate proposed changes to FHIR RDF. 

Background 

RDF is the foundational data representation for “Semantic Web”, "Linked Data", or the "Web of Data", originally 

envisioned by Tim Berners-Lee and articulated in a feature article of Semantic American in 200117.  It allows the 

semantics of data to be made explicit, based on formal logic, allowing data to be understood both by humans and 

computers.  RDF represents information as a set of assertion, or "triples", which together form a graph (or set of 

graphs). Wikidata18 is just one example of a resource in which RDF is used to express a large collection of interrelated 

knowledge that can be traversed and consumed by both humans and computers.   

RDF is particularly well suited both to problems that require automated inference, and to problems that involve 

integration of data that is expressed in diverse data models and vocabularies. Both of these strengths are important in 

clinical research informatics, and historically the clinical research informatics and life sciences research communities 

have been leading adopters of RDF.  Biomedical, environmental, pharmaceutical communities have developed 

sophisticated, RDF frameworks that are being used to understand causal pathways and develop novel clinical 

treatments19. 

Interestingly, when FHIR RDF was first standardized, the working group assumed that FHIR RDF would mainly be 

used by the FHIR community.  However, it has turned out that most of the interest in FHIR RDF has come from 

outside the FHIR community -- typically from clinical research informaticians who do not know much about FHIR, 

but want to integrate FHIR data with other data using RDF.   In some cases, they also want to produce FHIR data from 

other data that did not originate in FHIR.  This realization has now influenced the FHIR RDF working group to place 

greater emphasis on making FHIR RDF easier for informaticians who are not FHIR-savvy. 

As one example, consider the task of integrating FHIR data with data represented as Phenopackets20 , an open standard 

for sharing disease and phenotype information. Phenopackets defines a patient/sample schema for "the phenotypic 

description of a patient/sample in the context of rare disease, common/complex disease, or cancer.”    FHIR has also 

defined a Patient resource schema, but its attributes are focused on "the demographic information necessary to support 

the administrative, financial and logistic procedures” related to that patient.  These data models were designed 

independently by different communities for different target use cases, resulting in a mismatch of data models and 

vocabularies.  If, however, the native JSON representation of a Phenopackets record can be “decomposed” into a 

collection of RDF triples, a subset of those triples can then be re-assembled into a different JSON representing a FHIR 

Patient or Observation resource. 

Materials and Methods 

Materials 

FHIR RDF  

In our previous project21, we created a draft standard for the representation of FHIR in RDF. That draft was accepted 

by the FHIR RDF working group, and evolved to become the current FHIR RDF standard.  The current study uses 

FHIR RDF standard, with two new goals: 

• to investigate the use JSON-LD 1.1 as an improved mechanism for converting FHIR to and from RDF; and  
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• to use this JSON-LD 1.1 mechanism to test and refine proposed changes to the FHIR RDF standard, to 

improve its usability for RDF applications. 

JSON-LD 1.1 

JSON-LD 1.111 is used to supply a declarative specification -- using the "@context" mechanism -- for interpreting 

JSON-LD data as RDF. 

JSON-LD Playground 

The existing "JSON-LD Playground" open source code was used as a basis for developing a "FHIR JSON-LD 

Playground" described below. 

 

Methods 

Phase 1: : Re-implement the existing FHIR RDF specification (R4) using JSON-LD 1.1 

Our first step in this project was to re-implement the existing FHIR RDF specification ("R4"), using JSON-LD 1.1 

mapping rules, by creating two FHIR JSON-to-RDF conversion applications: 

• an interactive web-based application called the FHIR JSON-LD Playground14, 15, written in JavaScript, that 

was developed by forking and extending the existing JSON-LD Playground16; and 

• a command-line tool22, written in Python, for batch conversion. 

This re-implementation of FHIR RDF (R4) provided a baseline, both to perform regression testing for the JSON-LD 

1.1 approach, and to facilitate comparison when proposing changes to FHIR RDF, for the next version ("R5"). 

The FHIR RDF (R4) specification defines how properties in FHIR JSON must be mapped to RDF triples.  This 

mapping involves two kinds of RDF triples: 

• 1:1 triples: These are RDF triples that correspond directly with JSON properties, in a 1:1 mapping, i.e., each 

JSON property maps to one RDF triple.  These triples could be generated directly from FHIR JSON using 

the JSON-LD 1.1 @context mechanism. 

• Addtional triples: These are RDF triples that are not obtainable directly from a 1:1 mapping, but are needed 

in FHIR RDF either to avoid information loss or to facilitate RDF processing.  These triples cannot be 

generated from FHIR JSON using the @context mechanism alone, because JSON-LD 1.1 still only supports 

a 1:1 mapping of JSON properties to RDF triples.  It does not allow a JSON property to generate more than 

one RDF triple.  For this reason, custom mapping code is still required to generate these additional triples. 

For example, the FHIR RDF specification states that a triple supplying a concept IRI should be added to the FHIR 

Codingi element if one can be generated.  As another example, the specification also states that JSON list ordering 

should made explicit by the addition of fhir:index triples in RDF. These examples are illustrated in Figure 1, drawn 

from a FHIR Observation sampleii, which shows the JSON representation of a coded concept and the RDF equivalent 

in Turtle12. 

 

 
i  http://hl7.org/fhir/datatypes.html#Coding 
ii  http://hl7.org/fhir/observation-example-f206-staphylococcus.json.html 
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Figure 1. The JSON representation of a FHIR CodeableConcept property and the RDF equivalent, in Turtle. The 

subject of this CodeableConcept property is not shown in these snippets. 

 

Although three of the RDF triples in Figure 1 correspond 1:1 with JSON properties on the left, two additional triples 

have been inserted to the RDF on the right hand side: one for 'fhir:index 0' and one for 'a sct:3092008'. These triples 

carry the relative order of this coding (among possibly multiple codings, though this example has only one) and the 

SNOMED CT IRI for “Staphylococcus aureus” http://snomed.info/id/3092008 (abbreviated as sct:3092008), 

respectively. 

Since JSON-LD 1.1 @context files can specify most of JSON-to-RDF mapping that we need, both of the FHIR JSON-

to-RDF converters that we developed leverage this capability by dividing the conversion into two steps: 

1. Custom JavaScript or Python pre-processor code takes FHIR JSON data as input, inserts additional JSON 

properties corresponding to the additional RDF triples that are required (as described above), and produces 

intermediate JSON-LD 1.1 data. 

2. A standard JSON-LD 1.1 processor takes this intermediate JSON-LD 1.1 data as input and, in conjunction 

with a set of @context files (discussed below), to convert the intermediate data to FHIR RDF. 

While the JSON properties in the FHIR JSON input do not correspond 1:1 with triples in the FHIR RDF output 

(because of the additional RDF triples explained above), the JSON properties in the intermediate JSON-LD 1.1 data 

do correspond 1:1 with triples in the FHIR RDF output. 

This two-step approach has two major benefits.  First, by using an off-the-shelf JSON-LD 1.1 library to do most of 

the work in converting JSON to RDF, the amount of custom code required to implement a FHIR JSON-to-RDF 

converter is reduced.  Second, it allows different @context files to be plugged in, to experiment with different 

conversions. 

To produce the @context files required for R4 conversion, we forked the master FHIR build23 that generates the FHIR 

specification and added a build step to generate the @context files needed for R4.  The FHIR build process is used by 

the FHIR team to ensure that all FHIR specification artifacts stay in sync as the FHIR specification evolves.  Our 

added step was guided by the existing FHIR Shape Expressions (ShEx) generator that is already included in the FHIR 

build process, and will eventually be merged back into the official FHIR build process. 

Converting FHIR RDF to FHIR JSON 

The approach described above leverages @context files to convert FHIR JSON to FHIR RDF, but what about the 

other direction?  Interestingly, these same @context files could also be augmented to perform the reverse conversion 

-- from FHIR RDF to FHIR JSON – using JSON-LD's "framing" language24.  We manually tested this Framing 

approach, and concluded that it would be sufficient to perform this reverse conversion.  However, as of this writing 

we have not yet expanded the build process to emit the necessary framing directives in the generated @context files.  

This is a topic that we expect to explore further later. 

Phase 2: Use the FHIR JSON-to-RDF converters to evaluate proposed revisions to the FHIR RDF specification. 

Several usability issues of FHIR RDF R4 were uncovered by early adopters of FHIR RDF.  Our goal in Phase 2 was 

to use the @context-driven converters developed in Phase 1 to demonstrate, test and evaluate proposed solutions to 

these issues.  The issues included: 

1. Literal values are nested under Blank Nodes ("BNodes"). 
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2. FHIR References are nested under BNodes. 

3. Ordered lists use an extra BNode to include an explicit fhir:index. 

4. FHIR extensions are awkward for RDF users. 

For example, consider a literal property "status", in a FHIR Observation, as serialized in JSON: 

 "status": "final" 

Assuming that the subject of this property is <obs123>, one who is not very familiar with the design of FHIR might 

(wrongly) assume that this property would be equivalently represented in FHIR RDF as the following triple: 

  <obs123> fhir:Observation.status “final”.  # Not FHIR RDF R4! 

However, in FHIR RDF R4, it is instead represented as two triples, using a BNode to connect them 

:<subj> fhir:Observation.status _:b1 . 

_:b1 fhir:value “final” . 

The intervening BNode requires every RDF query for the Observation status to make one extra step.  In SPARQL25, 

a standardized language for querying triple stores, the required query pattern would be like this, using a property path: 

 <obs123> fhir:Observation.status / fhir:value ?STATUS . 

instead of the simpler: 

 <obs123> fhir:Observation.status ?STATUS . 

The reason for this complication is that FHIR allows nearly everything to be extended -- including literal properties.  

The benefit of the intervening BNode is that it allows a FHIR extension, such as a status finalization date, to be 

attached without impacting existing queries.  But this flexibility comes at the cost of more complex queries for 

everyone.  In essence, the cost of the extension mechanism is paid by all implementers, whether or not they use or 

care about extensions on this property.   

This added complication may seem small in SPARQL, but when an RDF graph is instead manipulated in a typical 

programming language, using an RDF library, the extra BNode adds more burden -- sometimes multiple lines of 

additional code.  Furthermore, FHIR RDF users are not just consumers of FHIR data but, as mentioned above with 

the Phenopackets birthdate example, they are also producers of FHIR data.  The extra BNode also adds a burden on 

those producers, whether or not they use a FHIR extension.  For these reasons, the FHIR RDF working group is re-

considering the above and other design choices, to evaluate the trade-offs of proposed alternatives.   

Some of these trade-offs were already recognized when the R4 version of FHIR RDF was designed, but an interesting 

philosophical shift occurred since R4 was designed.  The assumption at the time was that FHIR RDF users would 

already be familiar with the FHIR modeling language and resource models, and would be aware of the intricacies of 

underlying things like the FHIR CodeableConcept and the FHIR extension mechanisms.  However, it has since 

become apparent that most of the interest in FHIR RDF comes from outside the FHIR community, especially from 

informaticians and researchers who want to use FHIR data in conjunction with other (non-FHIR) health or biological 

data.  For this reason, the FHIR RDF working group26 is now placing greater emphasis on the usability of FHIR RDF 

by RDF users who are not immersed in FHIR.  This shift is likely to affect design choices in R5.  Anyone interested 

in FHIR RDF is encouraged to participate in the working group's efforts. 

In phase 2, we first validated the correctness of the FHIR JSON-to-RDF converters developed in phase 1, and then 

we used the converters to rapidly test and evaluate proposed changes to R4, to address these and other issues. 

Evaluation design 

Before using our two FHIR JSON-to-RDF converters to experiment with potential changes to FHIR RDF R4, we first 

verified the correctness of the JSON-LD 1.1 @context files that were emitted by our augmented FHIR build process.  

We verified our R4 @context files in two ways: 

• An example-based review was performed, using the FHIR JSON-LD Playground and R4 @context files.  

Five FHIR JSON examples were taken from the FHIR specification, converted from FHIR JSON to FHIR 

RDF using the FHIR JSON-LD Playground.  The resulting RDF was manually compared with the R4 RDF 
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Turtle files already included in the FHIR specification, and found to be the same.  These examples included 

one for each of the following FHIR resources: Patient, Observation, CodeSystem, Medication, and 

AllergyIntolerance.  

• A batch process-based comparison was performed, using our FHIR JSON-to-RDF command-line converter. 

Since the FHIR build process already generates FHIR examples in both JSON and RDF Turtle (as well as 

XML), we were able to use these files as a baseline for comparison against the results produced by our 

command-line converter, using a python script to automate the comparison.  A total of 759 FHIR JSON 

example files, emitted by the R4 FHIR build process, were found to have corresponding RDF Turtle files 

also emitted by the R4 FHIR build process.  Of these, the majority of them were immediately identical to 

what our command-line tool produced, but some differences were discovered.  After investigation, most of 

the differences were found to reflect minor gaps in our pre-processor, which inserts additional properties into 

the intermediate JSON-LD data prior to its conversion to RDF.  Interestingly, we also found some differences 

that uncovered flaws in the FHIR RDF R4 baseline files, as further described below.   

After verifying the correctness of the @context files as described, our FHIR JSON-to-RDF converters were  evaluated 

by using them to demonstrate, test and evaluate R5 design alternatives being considered by the FHIR RDF working 

group.  As of this writing, these converters have been actively used for several weeks by members of the FHIR RDF 

working group, and continue to be used by the group to demonstrate and compare FHIR RDF R5 design alternatives. 

Results 

FHIR JSON-LD Playground 

Our first FHIR JSON-to-RDF converter, the FHIR JSON-LD Playground14, 15 is an interactive web-based application, 

written in JavaScript, for converting FHIR JSON to FHIR RDF.  It was developed in Phase 1 by forking and extending 

the existing open source JSON-LD Playground16, and is shown in Figure 2.  Readers can try the FHIR JSON-LD 

Playground themselves, either by visiting the fhircat.org website or by running the Playground locally, based on the 

source files.    
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Figure 2. A screenshot of the FHIR JSON-LD Playground with an example for a Patient resource instance.  

 

The following steps demonstrate its use on a sample FHIR Patient record: 

1) Click on the Patient tab.  This loads a sample FHIR JSON Patient resource into the top text box, as input. 

2) Click on JSON-LD R4 in the lower part of the window.  This generates intermediate JSON-LD 1.1 data 

having the structural transformations and additional properties that will be needed in the resulting RDF, and 

displays that intermediate JSON-LD 1.1 data in the lower text box. 

3) Click the Copy button near the center of the upper window.  This copies the intermediate JSON-LD 1.1 data 

from the lower text box back to the upper text box, overwriting what was previously in the upper text box, 

and converts that intermediate JSON-LD 1.1 data to RDF (or other formats) for display in the lower text box. 

4) The various tabs in the lower text box (N-Quads, Table, Visualized) show different representations of the 

resulting RDF. 

FHIR JSON-to-RDF command-line tool 

Our second FHIR JSON-to-RDF converter, the command-line tool, was also developed in Phase 1.  It is written as a 

Python script that invokes the same JSON-LD 1.1 library (written in JavaScript) as is used in the FHIR JSON-LD 

Playground.  It takes FHIR JSON files as input and, driven by a given set of @context files, produces FHIR RDF files. 

Evaluation results  

The initial validation that we performed on our R4 @context files – by converting 759 FHIR JSON files to FHIR RDF 

-- turned out to be quite useful in exposing some previously undetected issues in the existing FHIR RDF R4 examples.  
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For example, we discovered that when a FHIR JSON example recursively contained a FHIR "item" nested within 

another FHIR "item", the corresponding FHIR RDF example (generated by the R4 FHIR build process) used an 

incorrect IRI: <http://hl7.org/fhir/Questionnaire.item.item> instead of <http://hl7.org/fhir/Questionnaire.item>. 

This validation also helped us identify several small gaps in our pre-processor.  For example, FHIR date and dataTime 

data types must be converted by the pre-processor to the standard XML data types of date, dateTime, gYear or 

gYearMonth that are used in RDF.  These conversions depend on the actual data values being translated from FHIR 

JSON to FHIR RDF.)  Although this complicates the pre-processor, it has little or no impact on the @context files.  

Another example involves the FHIR Canonical datatype, which includes an embedded URL, such as this one for the 

"instantiates" property. 

"instantiates": [ 

    "http://ihe.org/fhir/CapabilityStatement/pixm-client" 

  ], 

In FHIR RDF R4, the URL is duplicated to provide two triples – one as a string and one as an RDF node (again, the 

subject is not shown): 

fhir:CapabilityStatement.instantiates [ 

     fhir:value "http://ihe.org/fhir/CapabilityStatement/pixm-client"; 

     fhir:link <http://ihe.org/fhir/CapabilityStatement/pixm-client> 

   ] . 

The pre-processor can easily insert an additional fhir:value property as shown, with little or no impact on the @context 

files.  But in this case the pre-processor must already know the datatype of the "CapabilityStatement.instantiates" 

property, because the datatype is not explicitly indicated anywhere in the data itself.  Again, although this adds work 

for the pre-processor, it has little or no impact on the @context files.  Since the fhir:value and fhir:link properties 

always contain exact same URLs, we might decide to simplify this transformation in the R5 proposal.   The validation 

that we performed was quite helpful in identifying cases like this. 

Overall, the most important part of evaluating our FHIR JSON-to-RDF converters involved their daily use in allowing 

us to easily demonstrate and test proposed changes to the FHIR RDF specification.  The FHIR JSON-LD Playground 

conveniently allows conversions to be tested and viewed interactively, and the command-line converter allows us to 

quickly generate larger amounts of FHIR RDF data for experimenting with SPARQL queries and other tests.  These 

converters have been – and continue to be -- quite helpful to the FHIR RDF working group. 

Discussion and Conclusion 

FHIR RDF has the potential to serve as a bidirectional bridge between the FHIR community and external communities 

that wish to consume or produce FHIR.  In order to realize this potential, however, we need to overcome (at least) two 

significant hurdles, which this work addressed: 

1) The cost of RDF implementation and maintenance needs to be reduced, making it easier for FHIR Server 

implementations to support RDF read and update services “out of the box”.   

2) The existing RDF representation needs to be revised to better serve the needs of those outside of the core 

FHIR community.  

The approach described in this paper can help address both of these hurdles: 

• Once JSON-LD 1.1 implementations become widely available -- anticipated by September 2020 -- this 

approach could substantially reduce the effort required to implement and maintain a FHIR RDF server.  FHIR 

server developers will be able to call vetted, open-source JSON-LD 1.1 libraries to do most of the work in 

converting FHIR JSON to FHIR RDF, using standard @context files that will be emitted by the FHIR build 

process.  Implementations that use this approach should also be able to incorporate most changes to the FHIR 

RDF specification simply by pointing to the latest @context library. 
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• This approach has also proven to be an effective in reducing the effort required to experiment with alternative 

FHIR RDF representations, because different @context files can be plugged in to achieve different 

conversions.   

• This allows us to rapidly test and evaluate proposed changes to the FHIR RDF specification.  It also raises 

the possibility that we could eventually publish updates and bug-fixes to the FHIR RDF specification that 

would be immediately realized on any FHIR server, by simply changing the base URL for the JSON-LD 

@context library. 

In summary, JSON-LD 1.1 is an effective aid in helping to automate the RDF serialization and deserialization of FHIR 

data, and could substantially reduce the cost of future FHIR RDF implementations.  In the process, we also discovered 

that JSON-LD 1.1 also has some interesting potential for mapping between FHIR and other information models. 
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Abstract

We apply deep learning-based language models to the task of patient cohort retrieval (CR) with the aim to assess
their efficacy. The task of CR requires the extraction of relevant documents from the electronic health records (EHRs)
on the basis of a given query. Given the recent advancements in the field of document retrieval, we map the task of
CR to a document retrieval task and apply various deep neural models implemented for the general domain tasks.
In this paper, we propose a framework for retrieving patient cohorts using neural language models without the need
of explicit feature engineering and domain expertise. We find that a majority of our models outperform the BM25
baseline method on various evaluation metrics.

Introduction

Automatic methods for rapidly identifying groups of patients (cohorts) based on a defined set of criteria have numerous
biomedical use cases. Some of these include clinical trial recruitment, survival analysis, and outcome prediction
alongside various other retrospective studies1. Electronic health records (EHRs) provide a useful means to efficiently
extract such cohorts as these clinical records contain large amounts of patient-related information2. However, much
of the clinically relevant information is present in an unstructured format (e.g., discharge summaries, progress notes)
as they allow for rich data entries and more expressiveness. This also makes it challenging to parse the information
present in these notes because of various issues (related to the use of natural language) such as lack of grammar, use
of abbreviations, and implicit referrals to other parts of the record3,4.

There is a surge of deep learning (DL)-based methods for processing and extracting information from natural language
text, both in general and the clinical domain5,6. These methods are shown to perform better than the traditional machine
learning (ML) methods on a variety of natural language processing (NLP) tasks in the open domain5,7 as well as the
clinical domain6. Though numerous work applied DL techniques to clinical information extraction or IE (e.g., named
entity recognition, relation extraction) to improve its performance, less focus is drawn toward applying these advanced
techniques to information retrieval or IR (e.g., cohort retrieval) from the EHRs6. The fundamental difference between
IE and IR is that the former focuses on extracting pre-defined structured information from unstructured text while the
latter aims at quickly returning a set of documents relevant to a user-provided, often ad hoc, query.

The task of patient cohort retrieval (CR) is to search a large set of EHR documents for determining groups of patients
most relevant to a given query. E.g., one might need to screen “children with dental caries” for a clinical trial. In
this scenario, we expect a CR system to return a list of patients who are under the age of 18 (children) and had a
problem with dental caries at some point in time. Such type of matching (from query to relevant documents) requires
an understanding of the general vocabulary (e.g., children would mean searching for patients below 18 years of age),
domain vocabulary (e.g., dental caries can also be mentioned in the note as tooth decay or cavities), as well as
reasoning (e.g., understanding the meaning of with). Some of these challenges can be addressed using advanced DL
methods5,8.

IR is well researched in the biomedical domain, though much of the earlier work focused on traditional IR approaches
(largely non-ML)9. More recently, the patient CR techniques incorporated traditional ML methods1. However, the
main limitations of these include heavy feature engineering, reliance on domain expertise, and lack of generalizability.
DL techniques aim to overcome some of these limitations by automatically learning the representations from raw
data that has the potential to be generalized to other kinds of data7. Recently, various language modeling methods
have emerged that utilize contextualized representations and are successful in improving the performance of various
NLP tasks in both general10,11 and specific domains12,13,14. Such language models (LMs) have a great potential to be
applied to the task of CR as they can effectively encode the nuances of natural language present in clinical notes and
the free-text queries.
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In this work, we apply DL-based methods to the task of CR with an aim to improve its performance and generalizability
without relying on cumbersome feature engineering and domain expertise. The unit of retrieval for our task is a visit
(i.e., we aim to return a list of relevant visits given a free-text query). A visit is defined as a single stay of a patient at
a hospital4. In other words, all the reports associated with a visit are collected during a single patient encounter and
hence these visits can be considered a proxy for retrieving relevant patients. The reason why this proxy evaluation is
necessary is described below. To our knowledge, this is the first work to assess the effectiveness of employing deep
language models to the task of patient CR.

Background

There was a rise in the implementation of CR systems after the launch of a Medical Records Track (TRECMed) as
part of the annual Text REtrieval Conference (TREC) hosted by the National Institute for Standards and Technology
(NIST) in 201115. Most of the submissions to TRECMed employed a learning-to-rank approach that uses machine
learning to rank the resulting documents16. A typical pipeline of the submitted systems included some query expansion
component in which an input query is appended with additional terms to increase the model’s coverage of results.
Submissions from many track participants employed a concept normalization tool such as MetaMap17 to identify the
clinical entities from query text4,16. The identified concepts are used to formulate a machine-understandable query
from the textual input. Some approaches also used disease diagnosis codes associated with the clinical document for
query expansion4. Specifically, the descriptions associated with diagnosis codes were used for appending the query.
Additional sources of data for query expansion include synonyms and other related terms16. Moreover, some systems
exploited a negation detection system like NegEx18 for differentiating between the positive and negative instances of
the medical concepts in the text and query4. This was done mainly to exclude the negated terms while searching.
Edinger et al. highlight some of the limitations of the systems submitted to TRECMed19. Further, approaches based
on traditional machine learning are time-consuming and oftentimes require domain expertise to craft a comprehensive
set of features16. Finally, such techniques may not be generalizable to other kinds of data. Thus, we resort to deep
learning algorithms that do not require as much extensive feature engineering and domain expertise and are shown to
be generalizable to different kinds of data.

Though the deep learning techniques are not explored as much for the patient CR, it is well-researched in the general
domain because of popular use cases such as powering web search engines20,21. Recently, a plethora of neural models
are implemented to rank the documents to efficiently retrieve information from large amount of data22,23,24,25. The
availability of large IR datasets in the open domain such as TREC-CAR26 and MS MARCO27 have facilitated such
advancements as the deep learning techniques usually require large datasets for training. Further, powerful neural
language models (e.g., BERT10) have gained a huge popularity among the NLP community due to these models’
ability to learn from large unstructured data sources (through pre-training). Moreover, such models can be fine-tuned
on downstream NLP tasks (e.g., document ranking25) with minimal tweaks. We aim to explore the potential of
applying such powerful neural language models (in our case BERT) to the task of patient CR.

Materials and Methods

An overview of the proposed framework is shown in Figure 1. The datasets used in our study are described in Section
1. We provide our methods for indexing and querying the large clinical dataset to form a candidate set of documents
under Section 2. The steps for summarizing the information present in EHRs is presented in Section 3. Further, we
explain the re-ranking experiments using BERT in Section 4. Our evaluation criteria and metrics are described in
Section 5 and we provide details about our experimental setup in Section 6.

1 Data

The dataset consists of de-identified clinical reports collected from various hospitals during a period of one month. It
was provided to the participants of TREC (Text REtrieval Conference) medical track challenges conducted in 2011
and 20124,28. The corpus contains 93, 551 reports with 17, 264 associated visits. In particular, each report is linked to
a unique visit where a visit can be thought of as a set of patient records related to a single hospital stay. There are 9
types of reports in the dataset: Radiology Report, History and Physical, Consultation Report, Emergency Department
Report, Progress Note, Discharge Summary, Operative Report, Surgical Pathology Report, and Cardiology Report.
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Figure 1: Framework for patient cohort retrieval using BERT. Rx – Report with identifier x, S(Rx) – Summary for
report Rx, Vy – Visit with identifier y, Rx → Vy – Report Rx is part of the Visit Vy .

The cohort descriptions (or topics in the terminology of TREC challenges) for both the task years were constructed
by physicians. A total of 34 and 47 topics were evaluated as part of the 2011 and 2012 tasks, respectively. The
unit of retrieval for this task is visits, i.e., a CR system should return a ranked list of visits corresponding to each
topic. The reason for visit-level evaluations and not patient-level evaluations is that, in order to protect patient privacy,
overall patient-level identifiers were stripped from the data and only visit-level identifiers remained. The original
runs submitted by the participants were manually evaluated by physicians. Each visit from an identified subset of the
returned visits by the system was evaluated to be either relevant, partially relevant, or not relevant. More detailed
description of the documents, topics, and relevance judgment procedure is available in the original paper from the task
organizers4.
The relevance judgments for the submitted runs are available to us as part of the dataset and we use these to train and
evaluate our pipeline. We combine the relevant and partially relevant scores to a single RELEVANT category and keep
the not relevant scores as NOT RELEVANT. Moreover, we assume all the visits not judged for a particular query to be
NOT RELEVANT.

2 Candidate generation
Though the unit of retrieval for this task is a visit, we index, generate candidates, and rank at the individual report
level. The ranked list of reports are mapped to their corresponding visits in a post hoc manner. The reason for such
an approach is the fact that most of the decisions to mark a visit either RELEVANT or NOT RELEVANT are based on
individual reports and not contingent on the combination of information from multiple reports. For the scope of our
evaluations, we assume that if a visit is labeled RELEVANT or NOT RELEVANT, the reports included with the visit are
also labeled in the same manner.
All the reports in the dataset are indexed using Lucene29. We use Porter stemmer to stem the contents of the reports
for indexing. Stemming ensures that the different inflectional variants of a word can be grouped together. E.g., all the
instances of dehydrate, dehydrated, and dehydration are stored in the index as dehydr. We also leave out stopwords
(such as a, an, the) while indexing as they are often not useful for searching. For this purpose, we use a built-in
list of stopwords from Lucene (EnglishAnalyzer class’s ENGLISH_STOP_WORDS_SET). For tokenization, we
exploit Lucene’s StandardTokenizer.
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Table 1: Descriptive statistics of the token counts for TREC Medical Track dataset after wordpiece tokenization. SD
– Standard Deviation. Min – Minimum. Max – Maximum.

Component Metric
Mean Median SD Min Max

Query 13.99 13 7.21 4 51
Report 1192.58 1126 544.38 94 9934

Table 2: An example of the summarization process shown using an excerpt from an emergency department report.
The selected concepts after the filtering process are italicized in the report text. Note that this is not a complete report
and hence the list of selected concepts is also incomplete.

Report: . . . blood pressure 114/65, pulse oximetry 98% on room air. The skin is warm and dry. The
ears are negative. The pharynx is not injected. He has an impacted wisdom tooth. He has multiple
dental caries. He has no trismus. The neck is supple, shotty adenopathy. . . .

Extracted concepts: . . . blood pressure (+) pulse oximetry (+) air (+) skin (+) ears (+) pharynx (-)
impacted wisdom tooth (+) dental (+) caries (+) trismus (-) neck (+) adenopathy (+) . . .

Selected concepts: emergency department report; . . . ears; impacted wisdom tooth; dental; caries;
adenopathy; . . .

The cohort description or query is first passed through the same stemming, stopwords filtering, and tokenization steps
as was carried out during the indexing process. The output tokens from these steps are used to construct a bag of
words style query for retrieving a ranked set of relevant candidate reports from the constructed index. E.g., the topic
“Children with dental caries” is converted to query “children OR dental OR cari” that is searched against the index
of clinical narratives. Specifically, we query the index using BM2530 as the ranking function. The ranked list of N
candidate reports extracted from the index is passed to subsequent layers for further processing (we use N = 2000 in
our experiments). We use the publicly available toolkit Anserini to index and query the large set of clinical documents
in our dataset31.

3 Summarization

Before passing the candidate set of reports to our re-ranker model BERT, we summarize their contents. The motivation
behind this is the input length restrictions of the language model we aim to apply. The sequence length (or length of
input) for BERT is determined after wordpiece tokenization that involves dividing a word into sub-word units32. A
maximum sequence length of 512 is evaluated by the authors of BERT10. However, the text in clinical reports is much
longer than 512. We show the descriptive statistics of the number of tokens after wordpiece tokenization of the clinical
reports in our dataset in Table 1.

There are various approaches to summarize the content present in a clinical narrative. These largely fall into two
categories, extractive (extract salient phrases directly from the narrative itself) and abstractive (summarize using the
salient ideas present in the narrative by rephrasing). As the medical records are often written in a succinct manner, only
including the relevant clinical information, we can still end up with a relatively large document even after an extractive
summarization where a set of important phrases are selected from the document. Thus, we take an abstractive approach
for summarization. An example of our summarization process is presented in Table 2.

We pass the text from reports through a standard pipeline of the Apache cTAKES (clinical Text Analysis and Knowl-
edge Extraction System)33 to detect the underlying medical concepts. It is an open-source NLP system for extracting
information from the clinical text that is based on UIMA (Unstructured Information Management Architecture) frame-
work and used often for clinical IE34. Specifically, we make use of their Default Clinical Pipeline. We further split the
contents of the reports into sentences using Stanford’s CoreNLP tool35. These tokenized sentences are then matched
for the presence of negation terms from a pre-defined set36. All the sentences in a report that are found to contain these
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negation terms are considered negated sentences. We align the outputs of cTAKES pipeline and our negated sentence
detection pipeline to determine the negative concepts. Thus, we extract a set of positive and negative concepts through
this process.

We pass the positive concepts forward for further processing. Though the negative concepts also contain useful clinical
information, we choose to use the positive concepts as a typical cohort description is aimed toward finding the visits
with certain clinical attributes. Also, this technique of filtering out the negations is known to work well for CR37. Even
after filtering out the negative concepts, we end up with large sets of medical concepts for the reports in our dataset (in
100s).

To tackle this, we define a heuristic to further filter the number of concepts while not losing out on important clinical
information that can be used to effectively identify the visits. We calculate the document frequency (the number of
reports in which a particular concept is found) for each concept identified in the reports from our corpus. For each
report, we further filter the concepts on the basis of this document frequency. Specifically, we only keep the concepts
that occur in less than 2500 reports (i.e., with the document frequency of 2500 or less). This number is determined to
be useful after experimentation.

We also add the report type to the filtered list of concepts. This is done to convey an important aspect of the setting in
which the information was recorded. E.g., we add emergency department report to the list of concepts extracted from
a report that is written for an emergency room encounter.

4 Re-ranking using BERT

We formulate our task of patient CR as a document retrieval task at the report level. In other words, we aim to rank
a set of documents with respect to a given query. In our case, the query is the cohort description and the documents
are the candidate set of clinical reports. As explained earlier, we pass a succinct set of relevant clinical concepts for a
candidate report instead of passing the whole text.

We use BERT10 to re-rank the candidate clinical reports. Specifically, we pass the query along with the summarized
content from candidate report to BERT. The summarized content is formed by combining the relevant clinical concepts
extracted from the report. Using the terminology from the authors of BERT, we pass the query text packed together
with the summarized content corresponding to the candidate report. For instance, a query along with the example
report from Table 2 as a candidate is passed in the form of the following sequence to BERT:

[CLS] Children with dental caries. [SEP]
emergency department report; impacted wisdom tooth; dental; caries; ... [SEP]

The re-ranking using BERT is carried out by training and running the model as a binary classifier25. Each of the above
pairs are assigned one of the two labels based on relevance judgments. If the visit corresponding to the candidate report
in the pair is related to the query we mark the input pair as RELEVANT, otherwise NOT RELEVANT. Precisely, we pass
the final layer vector for [CLS] token through a neural network to get the probability of the input pair relevancy. We
aim to reduce the standard cross-entropy loss for these probabilities for all the input query-report pairs. During testing,
we calculate the probability of relevancy for each of the test sequences and rank them according to their probability
scores (higher the probability of being RELEVANT, better the rank).

It has been shown that BERT fails to perform well in case of imbalanced data38. Our dataset is heavily imbalanced, as
most of the candidate documents are labeled as NOT RELEVANT. Thus, we experiment with varying levels of positive
to negative examples ratio in our training dataset. We determine and use the ratio of positive to negative examples
as 1 : 10 in all our experiments. During the training, we also cap the maximum number of candidates to 1650 while
keeping the ratio of positive to negative examples maintained. As the average number of RELEVANT documents is
around 150, we keep only a maximum of 11 ∗ 150 = 1650 documents. E.g., for 150 RELEVANT documents, the
maximum number of NOT RELEVANT documents is capped at 1500.
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5 Evaluation

Since the original task is at the visit level, we map the ranked list of reports from a model to a ranked list of visits
(using a mapping between reports and visits). Specifically, each report in the ranked list is mapped to its corresponding
visit. As the mapping from reports to visits is many to one, we may end up with duplicate visits in the ranked list of
visits. So, we de-duplicate this ranked list in such a way that only the highest (better) ranked visit is kept in the final
ranked list of visits. Due to this many to one mapping, we may end up with fewer ranked visits than reports after the
mapping. Hence, we start with a larger number of reports (N ) to be able to generate a ranked list of visits (M ) with
the required length. We use N = 2000 and M = 1000 in our experiments.

We measure the performance of our pipeline by assessing the ranked list of visits returned by our pipeline. For
comparisons (baseline) we also measure the performance of the ranked list of documents initially retrieved from the
Lucene index using BM25.

We use the standard metrics for document retrieval to evaluate the performance of our framework, namely, P@10 (Pre-
cision for the first 10 documents), rPrec (R-Precision), MAP (Mean Average Precision), Bpref (Binary Preference)39,
NDCG (Normalized Discounted Cumulative Gain)40, and MRR (Mean Reciprocal Rank). P@10 simply calculates
the precision for the first 10 ranked documents by the IR system. Similarly, rPrec only considers the ground truth
relevant documents among the ranked list produced by the system to calculate precision. Both of the above systems
do not take into account the order or rank of the documents in the system output. To resolve this, MAP measures a
system’s precision such that the rank of each document in the ranked output contributes to the overall precision. In
particular, the better the rank of a document, the higher its contribution to the overall system precision calculation, and
vice-versa. Differently, Bpref also considers the fact that there may be relevant documents which are not judged as
RELEVANT (the other measures assume that unjudged documents are NOT RELEVANT). NDCG considers the differ-
ent levels of relevance judgments during its calculation. Specifically, it uses a higher relevance score for documents
judged relevant than the ones that are judged partially relevant. MRR calculates the average of the reciprocal ranks
(multiplicative inverse of the rank of the first relevant document) across all the queries.

6 Experimental Setup

We used an uncased variant of BERTBASE and BERTLARGE models pre-trained and fine-tuned on various general,
biomedical, and clinical domain datasets for our evaluations. We refer to these variants as BERTBASE (pre-trained
on general domain text)10, BioBERT (pre-trained on the general domain and biomedical text)13, Clinical BERT (ini-
tialized with BioBERT and further pre-trained on clinical notes)12, BERTLARGE TREC-CAR (pre-trained on general
domain text and fine-tuned on TREC-CAR)25, and BERTLARGE MS MARCO (pre-trained on general domain text
and fine-tuned on MS MARCO)25. All these model variants are fine-tuned for both the TRECMed datasets using the
hyperparameters described below. The BERTBASE model variant consists of a total of 110 million parameters with
12 layers and self-attention heads with a hidden size of 768 while the BERTLARGE model has 340 million parameters
with 24 layers and a hidden size of 1024. We split the datasets into train and test splits at the topic level in the ratio of
80:20. We train the BERT-based model on our training set and evaluated its performance on the testing set. For our
baseline, BM25, we don’t need training. Hence, we directly evaluate its performance for all the topics in our test sets.

For hyperparameters, we use a maximum query length of 64 as all the topics in our dataset are covered under this
length. Otherwise, we use the recommended set of parameters from the original authors for fine-tuning the model on
our dataset. Namely, the maximum sequence length is 384 and the learning rate is 3 x 10−5. For the models based on
BERTBASE we use a batch size of 24 while for the BERTLARGE models, it is set to 8. We fine-tune all the models for
a total of 2 epochs. We use a TensorFlow-based implementation of the model and perform all our experiments on an
NVidia Tesla V100 GPU (32G).

Results

The evaluation results of our proposed CR framework on the TREC Medical Track datasets from both the years,
2011 and 2012, are presented in Tables 3 and 4, respectively. Summarization, capping the number of candidate
documents, and maintaining the ratio of relevant (positive) and non-relevant (negative) examples helped in improving
the performance of the models over the BERT variants without such restrictions.
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Table 3: Results on the 2011 TREC Medical Track dataset. All the results are on a held-out test split from the dataset.

Variant Metric
MAP rPrec Bpref P@10 P@1000 NDCG MRR

BM25 0.2595 0.311 0.387 0.4286 0.0523 0.5979 0.6658
BERTBASE 0.1537 0.1694 0.3509 0.2 0.0457 0.4327 0.2463
Clinical BERT 0.1707 0.2133 0.3565 0.2714 0.0453 0.4586 0.4142
BioBERT 0.1897 0.222 0.3798 0.2857 0.0451 0.475 0.3997
BERTLARGE TREC-CAR 0.2131 0.2528 0.4378 0.3857 0.053 0.5578 0.5095
BERTLARGE MS MARCO 0.247 0.2721 0.4627 0.4143 0.0536 0.5883 0.6054

Table 4: Results on the 2012 TREC Medical Track dataset. All the results are on a held-out test split from the dataset.

Variant Metric
MAP rPrec Bpref P@10 P@1000 NDCG MRR

BM25 0.2402 0.2584 0.2692 0.4 0.0625 0.5278 0.6036
BERTBASE 0.2488 0.2922 0.3255 0.44 0.0633 0.5722 0.795
Clinical BERT 0.1686 0.1989 0.23 0.32 0.0614 0.4753 0.5843
BioBERT 0.2263 0.2573 0.302 0.36 0.0614 0.4993 0.6593
BERTLARGE TREC-CAR 0.207 0.2779 0.3154 0.37 0.0635 0.5249 0.5679
BERTLARGE MS MARCO 0.2539 0.311 0.3503 0.48 0.0646 0.565 0.64

For the 2011 data, the BERTLARGE model fine-tuned on MS MARCO dataset outperformed BM25 on Bpref and
P@1000 metrics. Also, this variant and BERTLARGE TREC-CAR consistently performed at similar levels of perfor-
mance as BM25 on all the other metrics. Among the BERTBASE models, the ones further pre-trained on other clinical
and biomedical datasets performed better than the vanilla variant on all the measures except P@1000. Also, the mod-
els based on BERTLARGE achieved higher scores than the models using BERTBASE. Interestingly, the baseline method
outperforms almost all the BERT-based models on a majority of the evaluated metrics.

For the 2012 data, the BERTLARGE MS MARCO variant achieved the best scores in terms of most of the performance
measures, namely, MAP, rPrec, Bpref, P@10, and P@1000. There was a 30.1% increase in the Bpref score by this
variant as compared to the baseline score (using BM25). The vanilla BERTBASE model performed the best in terms
of NDCG and MRR metrics. This variant improves upon MRR as compared to BM25 by a total of 0.1914 points (a
31.7% improvement). Both BERTLARGE MS MARCO and BERTBASE models performed consistently better than the
baseline on all the evaluated metrics. Also, the vanilla BERTBASE model achieved better scores over all the measures
than the other model variants based on BERTBASE as well as the BERTLARGE TREC-CAR variant. Similarly, the
baseline method surpasses the performances of Clinical BERT, BioBERT, and BERTLARGE TREC-CAR on a majority
of the measures. However, we note that all the model variations outperformed the baseline method on Bpref metric
except for Clinical BERT.

Discussion

We perform an array of experiments to analyze the performance improvements of employing deep learning models to
the task of patient CR. We use different variants of the BERT model (both in terms of the model size and the datasets
they are trained on) to study their impact on various performance metrics. To our knowledge, this is the first work to
study the benefits of applying deep language models on CR from the EHRs.

We use a large number of metrics for our evaluations as the evaluation measures are application-specific. Though we
focus on the task of CR, similar methods can be employed to other tasks in the same domain. E.g., such a retrieval
pipeline can also be applied to patient-specific EHR search. In this example, a higher MRR may be preferred.

Though the annotations are available only at the visit level, we trained our pipeline at the report level. The main reason
being the high number of reports for each visit (as much as 415). More sophisticated methods or heuristics can be
applied to handle the large amounts of reports per visit. Such methods can aim at summarizing the content at a visit
level (like we do at the level of reports). Further, the effect of summarization can also be explored in detail as it is a

1156



well-studied area and offers many different ways to extract the information from the clinical documents41,42.

The evaluation performances achieved by other systems on the same datasets4,15,16,28 may not be directly comparable
because of many reasons. The systems developed as part of the original submissions to the TREC Medical Track
challenge were evaluated manually. Though, as mentioned earlier, we have access to the relevance judgments from
the original submissions, note that the set of annotations is not exhaustive or complete. Hence, we may have a relevant
document in our ranked list of visits that might not be judged during the original submissions and thus may not be
considered a RELEVANT document during the evaluations. Some evaluation measures such as Bpref takes into account
the absence of relevant documents that may not be available in the ground truth39.

For the 2012 data, 60% of our test topics happened to be in the bottom third in terms of their per-topic inferred NDCG
scores (infNDCG, the primary evaluation metric for TRECMed 2012) computed over all the runs submitted to the
challenge that year. Thus, the topics in our test set were predominantly hard. Also, the language models used in our
evaluation are based on transformers that usually take a huge amount of time even for pre-training and fine-tuning. The
average amount of time required for us to run one experiment was about 2 hours (even on a powerful GPU with 32GB
memory). Just for running all the final experiments reported in this paper (on a fold), it took around 12∗2 = 24 hours.
Thus, performing cross-validation for all the included variants would have been highly resource-intensive. Besides,
the aim of this paper is to highlight the importance of applying transformer language models to the task of patient CR
and showing how it can be used to improve the performance over baseline methods such as BM25. Best practices to
incorporate such powerful models to the tasks of specific domains will require more thorough experimentation.

The baseline method outperformed almost all the models variants for the 2011 data. However, for the 2012 data, some
model variations were able to consistently outscore the baseline method. We note that the total number of topics for
the 2011 dataset is less than that for the 2012 data. Thus, the models for 2012 data were trained on a larger training set
(80% of that year’s dataset) than what was used to train the 2011 models. The larger training set (with 10 topics more
worth of training data) may have played a role in enabling some of the transformer models to outperform the baseline
for 2012 dataset.

Unfortunately, the TRECMed dataset is no longer available to general public because of issues related to sharing the
clinical data. This is an ongoing problem in clinical research. However, domain adaptation and transfer learning
techniques can play an important role in overcoming some of the issues related to the shorter or uncleaned supply
of data for tuning the models43. E.g., in this work we make use of the BERT models pre-trained on large general-
domain data and also employ models fine-tuned on open-domain document retrieval datasets. We note that the models
fine-tuned on open-domain datasets performed consistently better than the baseline and other vanilla models. This
highlights the importance of transferring knowledge from large open-domain datasets for a similar task.

Conclusion

We experiment with different variants of transformer language models based on the BERT architecture. We find that
incorporating a language model pre-trained and fine-tuned on various general domain and clinical domain datasets
outperforms the baseline BM25 method on a majority of metrics. Our models achieve up to 31.7% improvement over
the performance of the baseline model on several metrics. To our knowledge, this is the first work to study the impact
of employing deep language models to the task of patient CR.
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Abstract

Hospital-acquired pressure ulcer injury (PUI) is a primary nursing quality metric, reflecting the caliber of nursing
care within a hospital. Prior studies have used the Braden scale and structured data from the electronic health records
to detect/predict PUI while the informative unstructured clinical notes have not been used. We propose automated PUI
detection using a novel negation-detection algorithm applied to unstructured clinical notes. Our detection framework
is on-demand, requiring minimal cost. In application to the MIMIC-III dataset, the text features produced using our
algorithm resulted in improved PUI detection when evaluated using logistic regression, random forests, and neu-
ral networks compared to text features without negation detection. Exploratory analysis reveals substantial overlap
between key classifier features and leading clinical attributes of PUI, adding interpretability to our solution. Our
method could also considerably reduce nurses’ evaluations by automatic detection of most cases, leaving only the
most uncertain cases for nursing assessment.

Introduction

Pressure injury, the current terminology replacing pressure ulcer in 2016,1 is a key indicator for patient safety and
healthcare quality.2, 3 Pressure ulcer or injury (PUI) is defined as “a localized injury to the skin and/or underlying
tissue usually over a bony prominence or related to a medical or other devices, as a result of pressure, or pressure in
combination with shear”.1, 4 Over 2.5 million Americans develop PUI each year.3 Hospital admissions due to PUI
are 75% higher than for other medical conditions. Prevalence of hospital-acquired PUI is from 5% to 6%.3, 5, 6 PUI
is associated with pain, reduced quality of life, higher mortality, longer hospital stays, more institutionalization after
hospitalization, and economic burdens ($500-7,000 per pressure ulcer) on patients and healthcare system.2, 3, 7–10 From
2015, any hospital-acquired PUI, that is, PUI developing after initial evaluation within 24 hours of admission, is con-
sidered preventable, and Medicare applies payment penalties to the bottom 25% of the lowest-performing hospitals.11

Hospitals have been endeavoring to better evaluate PUI risk to allocate resources such as specialized pressure mat-
tresses and nurses to monitor skin status, especially for intensive and postoperative care units. Risk assessment tools
such as the Braden scale12 have been used for PUI risk evaluation in the past. However such tools have highly variable
sensitivity and specificity ,13 poor prognostic accuracy,14 and no apparent impact on decreasing PUI incidence.15 Re-
cently personalized risk algorithms have also been developed with a broader range of patient-level factors than these
earlier tools, using structured data from electronic health records (EHRs).16 Most of these works have focused on
classifying PUI versus non-PUI patients to identify risk factors retrospectively rather than predicting PUI development
within a prospective time interval,with the exception of Cramer et al16 who posed a prediction task but only considered
structured data and not notes. One Korean study13 developed a decision support tool based on a Bayesian network risk
model, resulting in a significant incidence reduction from 21% to 4%. This finding supported the usefulness of PUI
risk alert tools. Unfortunately, this tool used only structured EHR data such as billing codes, which cannot provide
real-time and accurate detection for PUI. Moreover, the model performance could be further improved by including
unstructured data such as nursing notes, which contain useful patient information.

In practice, responsibilities for PUI prevention and treatment fall to the nurse. Yet nurse-collected data is not ac-
tively mined for valuable patient information. For example, nursing notes can contain changes in patient vital signs,
symptoms, and care and thus offer more predictive power for PUI detection compared to structured data.

However, unstructured data is often hard to mine and unlikely to be used routinely for decision-making. For example,
the National Pressure Ulcer Adversary Panel developed a template with the needed documents to facilitate discovery

1160



of severe PUI development through a review of the timeline of events.17 In this 18-page general template, most PUI
risk factors could only be captured by unstructured data such as skin outlook descriptions, re-positioning, and support
surface as documented in nursing notes. Unfortunately, the template only serves as guidance or an educational tool.

Therefore, it would be beneficial if PUI-related unstructured data, especially nursing notes, could be leveraged for
PUI prediction prior to its occurrence for early detection, to inform nurses to implement appropriate interventions in
time. Our proposed approach aims to address these challenges, by setting up a PUI detection pipeline that utilizes
hospital notes after a negation-aware processing step, as an input to a classifier for detection of PUI. Our evaluation
of 3,589 hospital-stays suggests the negation-aware processing step improves the predictive performance. Moreover,
this automated PUI detection yields a clearer picture of its incidence in real-time, and is also interpretable in a general
sense, i.e. we can pinpoint specific keywords that play the most important role in the occurrence of PUI.

Methods

Here we describe the dataset, details of our cohort selection and our proposed reliable proxy for ground truth of PUI
incidence in hospital-stays. We then move on to describe the methodology used.

MIMIC-III Dataset

To ensure the replicability of our experiments and results, we used the openly available MIMIC-III dataset.18 This
dataset holds information of patients admitted to intensive care units (ICU) of a populated tertiary care hospital from
2001 to 2012. There are 49,785 unique hospital admissions for patients aged 16 years and older. These records
come from 38,597 unique adult individuals.18 MIMIC-III is one of the only benchmarks datasets in machine learning
for healthcare. The data span multiple tables, linking demographics, lab results, diagnosis, notes, and medications
associated with hospital-stays, of which only the unstructured notes are used in this paper as features for prediction.

Selection of an Appropriate Cohort

We chose hospital stays as the unit of analysis, to reflect the real-world assessment of all the chart for a stay by nurses.
After removing hospital-stays with illogical attributes, e.g. those with a negative length of stay, about 50k unique stays
remained. Since in MIMIC-III comparatively very few positive cases of PUI were present in the younger population,
hospital-stays of individuals 20 years and younger were removed. PUI happens in younger population with spinal cord
injuries, however there were negligible number of such stays in our data. We restricted our analysis to stays longer
than 2 days and shorter than 120 days, since shorter stays provide insufficient notes for satisfactory representation, and
extremely long stays are most probably erroneous records in this specific dataset. This further cuts down the number of
unique hospital-stays to about 26K. The available notes for each stay, therefore, will be its features. For our detection
task, we concatenated all the different categories of notes found for each hospital admission into a single document.

Establishing Presence of PUI

Two sources of information for each hospital-stay, ICD-9 diagnosis codes, and notes, are used to determine the pres-
ence or absence of PUI. A hospital-stay is indicative of PUI from an ICD-9 perspective if any of the PUI ICD-9 codes
in Definition 1 are found in its diagnosis codes. Similarly if any of the explicit PUI keywords in Definition 2 or string
versions of ICD-9 codes in Definition 1 appears in the notes, that stay is indicative of PUI from a notes perspective.
Hospital-stays that indicate PUI in both sources constitute our positive class and those with no indication of PUI in
either, will be labeled as negative. To avoid ambiguity in our dataset, we discard stays that indicate PUI only in notes
or only in ICD-9 codes, as reading through notes of a few sample of such positive for notes but negative for ICD-9
codes stays, revealed they aren’t always indicative of PUI in that stay, e.g. the PUI keyword found in notes were
actually referring to a previous hospital stay. Note that ICD9 codes at dishcharge time are only used for establishing
labels and are never used as features in the prediction.

Definition 1 (PUI ICD-9 Codes)
[707, 707.1, 707.2, 707.3, 707.4, 707.5, 707.6, 707.7, 707.9, 707.11, 707.21, 707.22, 707.23, 707.24, 707.25]

Definition 2 (PUI Explicit Keywords)
[Pressure Ulcer Prevention, Skin Surveillance, Decubitus Ulcers, Impaired Tissue Integrity, Impaird Skin Integrtiy,
Bed Sores, Pressure Ulcer, Pressure sore]
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Determination of PUI Case/Control Samples

Given that the ratio of positive samples (PUI) to negative samples (no PUI) is extremely low (3.5%), heavily inhibiting
the learning algorithm’s ability in distinguishing the two, we resorted to using a case-control design as a solution. Case-
control study designs are commonly used in biomedical research and have also been proposed in Artificial Intelligence
for healthcare.19 A given positive sample is matched with 4 negative samples (stays), closest to it in terms of age,
gender, the total length of stay and ICU length of stay. We chose the number of potential negative matches to be 4 to
account for some diversity in matched stays’ properties while maintaining some consistency in the pool of samples.
To perform this matching, a 4 nearest neighbor algorithm was trained with all the negative samples, and then for each
stay positive for PUI, the 4 closest negative samples without PUI were added to the pool. Negative samples were not
enforced to be unique for each positive sample, and some negative samples might be matched with multiple positive
ones, i.e the selection process happened with replacement.

Using the above criteria for positive and negative samples, 856 stays were marked as positive for PUI and using the
case-control study, 2733 negative stays for PUI were chosen for our experiments. Our final cohort consists of 3589
hospital samples, with a 31.3% positive to negative sample ratio.

Data Analysis

Medical documents often contain terms that only when considered in the context of a sentence, can be interpreted
as a sign for the presence/absence of a condition.20 Therefore, we propose a negation-aware processing step on
hospital-stays’ aggregated notes. Our process identifies the negative mention of conditions based on the sentence
context, putting a negation prefix right before its mention in the processed notes (e.g. no edema) to denote a different
word. After the negation, we transforms each hospital-stay’s aggregated nursing notes (both before and after negation-
aware processing step) into a vectorized feature representation. The vectorized feature representation is then used for
predicting the presence of PUI. We explored three different classifiers to investigate the following two questions:

• What is the impact of our proposed negation-aware framework on the performance of PUI detection?

• What are the most salient text features and do the features overlap with known medical factors of PUI?

Figure 1 provides an overall illustration of our proposed methodology.

Negation Detection 
"Abdominal incision with no 
signs of infection. There are 
no issues of constipation or 

diarrhea"

"Abdominal incision with no 
signs of no_infection* there 

are no issues of 
no_constipation* or 

no_diarrhea* "

TF-IDF 
Representation
(# of words = 

4000)

Sequential word 
embedding 

representation
(Embedding Size = 100, 
Sequence Length = 600)

Classifier                
Logistic Regression (LR) 

Neural Networks (NN) 
Random Forest (RF)

Probability of PUI 
Incidence (e.g. 80%)

 Important Features 
(Only LR and RF 

classifiers)

Feature Representation

Model Training

Prediction and Interpretation

Figure 1: Overview of PUI Detection: Negation Detection, Model Training, Interpretation

Negation Detection in Text Data

The mere existence of a term in clinical notes does not necessarily indicate the presence of the clinical condition
suggested by the term. Terms and phrases can be used to rule out the existence of a particular disease in a patient.
In fact, it is common for healthcare providers to describe the absence of specific patient findings in clinical notes.
For example, the sentence “showed no evidence of congestive heart failure or pneumonia” rejects the existence of
congestive heart failure and pneumonia. Unfortunately, standard text processing fails to handle negations. As a result,
in many natural language processing pipelines, these can easily be mistaken for the presence of the conditions.
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Before applying our negation detection scheme we clean the notes syntactically. All punctuation signs are removed
except for full stop and colon which are used as a boundary for sentence segmentation. Standard stop-words that do
not indicate the existence of a negation tone (words such as not and doesn’t) are removed. We also remove all kinds
of tab characters, end of line carriage return characters, consecutive multiple white space characters, and all special
characters used to anonymize personal data such as [****]. Finally all the charachters in the text are lower-cased.

To determine whether diseases or symptoms mentioned in the clinical notes were negated by the dictating physician,
we combined two clinical text processing methods, Scispacy21 and NegEX.20 Scispacy extracts all mentions of named
entities including disease, medication, symptoms, and chemicals. NegEX uses defined regular expressions that cover
several phrases indicating negation, filters out sentences with phrases that falsely appear to be negation phrases, and
limits the scope of the negation phrase. First, our text processing determines the sentence boundaries in each text
using the full stop and colon as the boundary to limit the scope of the negation. The mentions of named entities in
each sentence are identified using Scispacy. NegEx is then run on the sentence to determine which named entities
should be negated. As an example of our preprocessing step, the above example will be replaced by “showed evidence
of no congestive heart failure or no pneumonia”. Thus, our negation-aware processing step helps with the recognition
of positive and negative mentions of a condition, which we expect to enhance the predictive ability of our algorithm.

Transforming Text into Vectorized Features

For classification, we utilize two common standard text vector representations. A vectorized form of a hospital-stay’s
aggregated notes was created using either the term frequency-inverse document frequency (TF-IDF) representation or
a sequential word embedding representation.

Term Frequency–Inverse Document Frequency (TF-IDF representation)

A commonly used representation is the TF-IDF representation, which assigns weights to each unique word in the
document. The weight accounts for the number of times a word appears in a document (or hospital-stay) and also
adjusts for the frequency of the words in the overall corpus (across all hospital-stays). Thus, words that occur more
frequently in a document will have a higher impact while rare words will have little influence. However, words that
appear frequently across many documents will be less important. Under this representation, the sequence of words in
the notes is not modeled as each document is viewed as a collection of words.

Sequential Word Embedding Representation

A major limitation of TF-IDF is the inability to preserve the word order in the text. To address this, the sequential
word embedding representation assigns each word token a unique token-number that preserves the word order in the
text. A maximum number of words are specified for each document, and shorter documents are padded with zeros
while longer ones are trimmed to the maximum number of words. These vectorized text representations were later
passed to an embedding input layer where a dense representation of the word is learned.

PUI Classifiers

After curating the 2 versions of nursing notes (raw notes and negation-detected notes) and transforming the text to
the appropriate vectorized representation, we predicted PUI incidence within each stay using only these features. We
explored three different classifiers: logistic regression, random forest, and neural networks. Below, an overall view of
each classifier is provided.

Logistic Regression: Interpretable and Intuitive

The logistic regression (LR) classifier assumes a Bernoulli distribution between the features and target classes and is
parameterized by a vector of weights W . Given the feature matrix X , and their corresponding target classes Y , the
optimal values for weights W are found to minimize the mismatch between predicted labels Ŷ and Y . LR is chosen
since it is a straightforward and highly interpretable model. There is a one-to-one mapping from weights to features,
which can be interpreted as the relative contribution (importance) of that feature to LR’s decision toward the positive
class. The TF-IDF feature representation is used as input for the LR classifier.
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Random Forest: Trading less Interpretability for better Performance

The random forest (RF) classifier combines multiple learners for more accurate predictions. More specifically, RF
combines multiple decision trees trained across different subsets of features and samples. For the final classification,
the weighted average probability of belonging to the positive class across all the decision trees is used. Due to its
ensemble nature, it often achieves better predictive performance. RF also calculates feature importance based on the
number and level of splits made with each feature across all the trees, however, the exact contribution is not readily
apparent. The TF-IDF feature representation is also used as input for the RF classifier. In summary, applying RF on
our PUI detection task can attain better performance at the expense of losing some interpretability.

Neural Networks: Many Parameters, Data Hungry

A neural network-based (NN) classifier attempts to find a non-linear decision boundary by connecting multiple layers
of units connecting the features to the target classes. Each unit’s output is computed as a weighted sum of its input that
is passed through a local activation function. NN classifiers have been increasingly adopted for text data due to their
stellar success.22 We note that some NN architectures are more suitable than others for certain application domains
and kinds of data. We fed the sequence of notes’ words embedding vectors to a sequential model consisting of input
word embedding, global max pooling layer, and several dense layers, with the output layer yielding the probability of
PUI incidence. We also tried the long short-term memory (LSTM) network, given the sequential nature of the text.
However, we excluded it from the results due to its poor performance.

Experimental Setup

Here we outline our experiments along with measures taken to ensure the robustness of our results, provide detailed
parameters of classifiers, and describe our metric for evaluation. Finally, we report how feature importance pertaining
to each classifier is leveraged to reveal keywords specific to its criteria for distinguishing PUI vs no PUI, where
applicable. These extracted keywords for classifiers pave the way for more intuitive comparison across classifiers, and
more exploration of these keywords’ compatibility with clinical characteristics of PUI. The implementation and the
Python code for all our experiments is available on this repository1.

Experiments Overview and Data Split

Our classification task is predicting the incidence of PUI in our test data given the training set. We used stratified
sampling (i.e., prevalence of PUI is maintained) to obtain three splits: 68% training, 12% validation and 20% test
data. To assure our comparisons across the various predictive models and input data were generalizable, we repeated
each experimental setting 30 times (i.e., over 30 different splits of training/validation/test). For a given split, all three
classifiers were trained on the same training data, their hyperparameters were tuned on the same validation set, and
made decisions about the labels of the same test data. Once the optimal hyperparameters for each classifier are found
using the validation set, the classifier is retrained with these parameters on the training and validation data. For the
final comparison, we report the average and variance of the predictive performance on the test data across all 30 splits.

Given our constructed versions of collapsed notes of each stay, untouched notes as they’re found in MIMIC-III, and
processed notes using negation detection, and the three chosen classifiers Logistic Regression (LR), Random Forest
(RF), and Neural Network (NN), we will have a total of 6 experimental settings.

Evaluation Metric

Our chosen cohort is unbalanced in terms of positive and negative cases of PUI. Thus, to truly capture the performance
of our classifiers in different settings, we report the Area Under the Receiver Operating Characteristic Curve (AUC
ROC) and F1 score on the test set. AUC ROC is based on the area of True Positive Rate (TPR) and False Positive Rate
(FPR) curve across different classification thresholds in the range 0 to 1.The F1 score is computed as the harmonic
mean of precision and recall (TPR) using a 0.5 classification threshold.

1https://github.com/manisci/PU_Detection_Notes
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Classifier-Specific Hyperparameter Tuning

The optimal hyperparameters for the classifiers in each experimental setting are determined based on the best AUC
ROC on the validation dataset.

• LR: We used the sklearn23 LogisticRegression library, with class weight = “balanced”, solver = “lbfgs” and
max iter=10000. We performed cross validation over 6 different values of regularization strength c, in the range
0.01 to 0.5.

• RF: We used the RandomForestClassifier module of sklearn23 with class weight=“balanced”. We explored 6
settings of the max depth of the trees in the range of 2 to 7.

• NN: We used a sequential NN model with the following layers: an embedding layer with input dim=4000,
output dimension of 100, and input length=600; a 1-dimensional global max pooling layer; a dense layer with
32 units using with the rectified linear unit (relu) activation function; and an output layer using the sigmoid
activation function. We train the model with the keras 24 library over 10 epochs using Adam optimizer, bi-
nary crossentropy loss function and accuracy as a metric. We performed a grid search for the best batch size
using 5 values in range 8 to 128.

Inferring Word Significance from Feature Importance

We assess the feature importance of specific words using the final trained model. Note that this is only applicable to LR
and RF models, as NN requires additional methods to extract feature importance. For LR, we use the learned weights
as indicators of feature importance. By sorting the weights in descending order, the features positively correlated with
a PUI stay appear in the beginning, while the ones associated with the absence of PUI appear at the end. For RF,
we report the feature importance that is calculated using the number and level of splits made on each feature across
all decision trees. In contrast to LR however, we only know the relative importance of each feature in the model’s
classification but do not know the direction of correlation.

Results and Discussion

We provide our evaluation results for the 2 versions of data (raw notes from MIMIC-III and the negation-aware
notes) and the 3 chosen classifiers (LR, RF, and NN) and discuss the trends observed. We first assess the merit
of the negation detection step for PUI detection in multiple experimental settings and compare the performance of
classifiers in predicting PUI. A comparison of extracted significant words with and without applying negation detection
is presented to shed more light on the reasons for better performance of the negation detection step. Lastly, we discuss
how relevant some of the significant words are to known medical contributors and/or certain comorbidities of PUI.

Impact of Negation Detection on AUC ROC and F1 Score for PUI Detction

Table 1 presents the average AUC and F1 score of LR, NN, and RF along with their standard deviation across the 30
splits. From the results, the negation detection step leads to AUC and F1 score improvements in all three classifiers.
The greatest gain belongs to LR (around 3% and 5% for AUC and F1 respectively), followed by NN and RF. We
performed a one-sided paired t-test for each classifier to determine whether the improvement had a p-value below
0.05. The p-value for LR was less than machine precision for both metrics, while for NN and RF it was 0.2309
(0.0802) and 0.3826 (0.2599) (p-value for F1 is reported in parentheses) . This further portrays the greatest utility of
negation detection for improving LR performance relative to improvement for NN and RF.

We posit the small predictive improvement in RF is due to the fact that the negation words are minority features. Since
RF performs random subsampling for each tree, these minority negative words are even less likely to be included in
individual trees. However, in the NN and LR models, there is no random feature subsampling, thus these same minority
negative words have a higher chance of inclusion in the final model. This is also further supported by comparing the
number of negative words among the important features when negation detection is used for these three classifiers.
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Table 1: Average AUC and F1 score of classifiers with and without negation detection over 30 runs. * denotes a
p-value < 0.05 under a one-sided paired t-test.

Classifier Average Test AUC (SD) Average Test F1 (SD)
Negation-Aware w/o Negation Detection Negation-Aware w/o Negation Detection

Neural Networks
(NN)

0.8462 (0.0169) 0.8440 (0.0161) 0.6252 (0.0291) 0.6189 (0.0302)

Logistic Regression
(LR)*

0.9022 (0.0120) 0.8720 (0.0155) 0.6905 (0.0188) 0.6455 (0.0248)

Random Forest (RF) 0.9533 (0.0086) 0.9530 (0.0071) 0.7887 (0.0226) 0.7862 (0.0219)

Comparison of Predictive Performance across Classifiers

A comparison of the test AUC and F1 scores in Table 1 reveals that NN performs the worst. This is likely due to
over-fitting as NN has an exponential number of parameters with respect to the number of layers and units. Given our
small cohort, we anticipated NN to not perform well, as confirmed by our results. Also, NN is not easily interpretable
due to the enormous number of parameters, making it unappealing for exploratory analysis of factors leading to PUI.
Another drawback is that NN’s run time is considerably higher than both LR and RF (by a factor of 2). Moreover,
it is unlikely to have many positive PUI cases available for training, due to PUI’s low incidence rate. This combined
with privacy concerns for data collaboration across hospitals suggests that the predictive model should be robust even
when trained on a smaller number of data samples. In summary, LR’s decent performance combined with its greatest
interpretability across the 3, makes it a truly appealing choice for PUI detection. However, if we are willing to forego
some interpretability, ensemble models such as RF may have better predictive performance as evidenced by our results.

Impact of Negation Detection on Extracted Important Features (Words) from Models

Next, we compare the extracted significant words’ lists for the original notes and negation-aware notes. In particular,
we focus on the significance of words for the negative class in the two versions of data, and especially those containing
the prefix no in the negation-aware version. These are of special interest since they highlight the efficacy of our
proposed negation detection scheme. The top 10 most influential words by feature importance alluding to the absence
or presence of PUI are presented for both untouched notes and negation-aware notes. Table 2 summarizes the words
for both LR and RF.

We first observed that among the 10 most important words indicating no PUI in LR and RF, 5 and 4 words respectively
are the direct product of negation detection step, proving its utility. Moreover, the words from the negation-aware
version have comparatively higher weights than their untouched notes counterparts (-0.2566 vs -0.1955 for LR, and
0.0067 vs 0.00038 for RF). This means the 10 features have a higher correlation (e.g., for logistic regression higher
log-odds) with the outcome. Furthermore, some of the words appearing in the top 10 for the model trained on un-
touched notes are solely non-specific general descriptors, which is rare in negation-aware versions (e.g. all words in
RF untouched notes case except “ganx” and “fio2” are non-specific).

Inferred Salient Features and their Overlap with Leading Medical Factors of PUI

We investigate how closely the most salient contributing words resemble known medical covariates of PUI. After
review by our diverse team of computer, nursing, biostatistics, and health informatics scientists, we present the high
importance keywords that are aligned with the established evidence on PUI guidelines including the definition, stag-
ing, Braden Scale, personalized algorithms, and root cause analysis template. Table 3 shows these keywords extracted
from the model for different experimental settings of note version, classifier, and the direction of the words contri-
bution. For example, the keyword no erythema is consistent with the updated definition of “Stage 1 Pressure Injury:
Non-blanchable erythema of intact skin”.1 The keywords swangaz (abbreviation for ”Swan-Ganz catheterization”)
and no tube indicate PUI related to medical devices.1 Keywords such as sedate or PACU (post anesthesia care unit);
no secretions or no stool; independent; no obstruction and multipodus are related to the Braden risk categories of
sensory perception, moisture, mobility or activity, nutrition as well as friction and shear respectively.12 Also, Key-
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Table 2: Top 10 most important features (words) in different experimental settings
Classifier Found

only in
Indicating

PUI
Words in the Set (importance)

LR Negation-
aware
notes

Absence {mso (-0.3182), groundglass (-0.2953), swanganz (-0.2915), preoperative (-0.2730),
no ectopy (-0.2632), no edema (-0.2560), independent (-0.2531), no sob (-0.2137),

no pneumothorax (-0.2107), number (-0.1918), no pulmonary (-0.1881)}
LR Untouched

notes
Absence {ganz (-0.3563 ), mso4 (-0.3431), lat (-0.3431 ), ward (-0.2286), lima (-0.1443),

hyperthermia (-0.1169), pepcid (-0.1156), neoplasm (-0.1043), Sao2 (-0.1023),
pyrexia (-0.1006)}

RF Negation-
aware
notes

Presence or
Absence

{no wound (0.0016), apply (0.0011), multipodus (0.0011), swanganz (0.0008), sch
(0.0005), clip (0.0004), [no skin, no pneumothorax, unit, no infection] (all

0.0003)}
RF Untouched

notes
Presence or

Absence
{lat (0.0007 ), ptitle (0.0006), ganz (0.0005), name (0.0004), [followup, numeric,

lastname, identifier] (all 0.0003), [fi02, defined] (all 0.0002)}

words diuresis and multipodus are consistent with recently identified predictive features for PUI in the intensive care
unit.16 Diabetes glycemic control indicated by no insulin, no hypotension and no infection were also related to the
risky comorbidities in the root cause analysis template.17 Although some keywords with relatively high importance
did not stand out in the past evidence, they could inform future PUI research directions. For example, no her could
indicate gender difference.

Table 3: Most medically meaningful keywords for different experimental settings
Classifier Type of Words

(or notes)
Indicating

PUI
Most Medically Meaningful Keywords in the Set (importance)

LR Only no ....
words

Presence {no wound (0.2951), no erythema (0.2303), no skin (0.1629), no infection
(0.1420), no obstruction (0.1403), no ct (0.1291), no secretions (0.0850),

no lesions (0.0728)}
LR Only no ....

words
Absence {no edema (-0.2560 ), no stool (-0.1241), no pain (-0.0923 ), no diuresis

(-0.0744), no hemorrhage (-0.0677), no bleed (-0.0589), no bleeding
(-0.0523)}

LR Only Negation-
aware

Absence {swanganz (-0.2915 ), no edema (-0.2560), independent (-0.2531 ), pacu
(-0.1765), bloodtinged (-0.1314), no stool (-0.1241)}

RF Only no ....
words

Presence or
Absence

{no wound (0.0016), [no skin, no tube] (0.0003), [no infection, no blood,
no insulin, no erythema, no hypotension] (all 0.0002), [no diuresis, no abscess,

no pain, no stool, no edema, no gtt] (all 0.0001)}
RF Only Negation-

aware
Presence or

Absence
{no wound (0.0016 ), multipodus (0.0010), [no skin , no infection , no tube,

no insulin] (all 0.0003), sedate (0.0002)}

Implications for Nursing Practice

Given our promising results, from the perspective of efficient nursing quality assurance, the predicted incidence of
PUI is a proxy for its incidence in reality. To achieve more reliable PUI detection, we can present nurses with only
the most uncertain cases (for instance, those with around 50% probability to develop PUI) for confirmation, rather
than overwhelming nurses with all hospital-stays. Using such an approach has the potential to exponentially improve
efficiency and outcomes for nurse-driven plans of care. Once PUI is detected through machine learning, the RN has
the knowledge to direct caregivers in the tactical care of the patient for eliminating the impact of PUI on the patient.

Conclusion and Future Work

Detection of PUI in the clinical setting for quality assurance purposes and improving care by timely interventions,
is a critically valuable tool in nursing care. The current practice of quarterly assessments of one hospital in a single
day by supervisor nurses has many disadvantages. High cost, subjectivity, substantial disagreement among nurses,
missed opportunities to instantly alter practices leading to inadequate care are all areas needing improvement in PUI
detection. Thus, a real-time and accurate PUI detection tool is necessary to inform nurses about required appropriate
interventions.
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Our proposed method addresses many of these hurdles by leveraging collective notes acquired from the entire care
team in one hospital-stay. Despite their informativeness, clinical notes often do not get sufficient attention in clinical
decision-making due to their multiple sources and unstructured form. We first proposed a negation detection step
for notes that moves the presence or absence of a medical conditions closer to their mention in a sentence. Through
experimental results with three representative classifiers for the PUI detection task, we showed the efficacy of the
negation detection method in improving models’ predictive performance. We further teased apart the keywords in
notes, and analyzed the keywords contributing the most to the detection of PUI and their promising overlap with
medical knowledge on PUI. We also showcased that many of the negated condition keywords were actually among the
most important words for PUI detection. In summary, we depicted how our approach can be applied to hospital notes
for detection of PUI as a tool that is accurate, fast, on-demand, and highly reflective of current medical knowledge.

There are potential limitations to our work. Since our focus was not solely on attaining the most accurate model, even
though the prevalence of PUI in our data is not the true prevalence, we believe our exploratory studies and its insight
are still relevant. Also, the detection performance can be improved further by additional hyperparameter tuning and
utilizing more complex machine learning models. In particular, due to the large search space and the sheer number
of parameters in NN, extensive hyperparameter tuning may have yielded a better predictive performance. Since our
goal was to explore the model’s features and its interpretability as well, we limited our search space and settled on a
reasonably well-performing model.

In terms of future directions for research in this area, we plan to use an extension of the tool we used for more accurate
identification of medical terms called ConText in the next steps and potentially tailor it to a particular datset as well.
Moreover, our model was not designed to predict PUI prior to the occurrence where effective nursing and medical
interventions might prevent PUI emergence.13 We also did not attempt to detect the PUI’s stage, a topic of high
interest among clinicians.25 Braden scale was not incorporated into our modelling, as either a baseline or additional
features, since a recent study16 showed poorer performance in either case on the same dataset, however, investigating
its reason may be insightful. These are all open areas of research, some of which we hope to tackle in our future work.
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Abstract 
Previous research has studied medical professionals’ perception of artificial intelligence (AI). However, there has 
been a limited understanding of how healthcare consumers perceive and use AI-powered technologies such as mobile 
health apps. We collected 40 popular mobile health apps that claim to have adopted AI, to study how AI is explained 
in these apps’ descriptions, and how users react to it through app reviews. We found that four AI features 
(Recommendation, Conversational Agent, Recognition, and Prediction) are frequently used across seven health 
domains, including Fitness, Mental Health, Meditation and Sleep, Nutrition and Diet, etc. Our results show that (1) 
users have unique expectations toward each AI features, such as including feedback for recommendations, humanlike 
experience for conversational agents, and accuracy for recognition and prediction; (2) when AI is not adequately 
described, users make their own attempts to understand AI and to find out how (well) it works. 

Introduction 
With the increased usage of smartphones, the number of mobile applications (app for short) that are used for health 
purposes has increased substantially in recent years. As of 2017, there were over 300,000 health-related apps, and 
more than 200 health apps were added each day1. Mobile health apps help healthcare consumers, such as patients and 
caregivers, or even healthy individuals, to monitor and track their health data daily. Prior studies showed mobile health 
apps could assist consumers in managing their health2 and making various decisions regarding their health3. 

Among all the mobile health apps, an increasing number of them are described as using Artificial Intelligence (AI) 
algorithms. For example, the Natural Cycles App describes using AI algorithms to predict a user’s fertility window 
assisting fertility care4, Woebot app uses conversational agent (a subset of AI) to chat with users and deliver Cognitive 
Behavior Therapy to help them fight depression5 and the Ada app describes using AI to diagnose users’ potential 
medical conditions6. These apps bring AI algorithms to technologies directed to healthcare consumers, who have 
different levels of technology and health literacy, and may make daily decisions or perform daily activities based on 
algorithmic outputs.  
Prior research on AI shows it is important to study how users understand AI and how the system explains AI. For 
example, researchers have been studying user’s experiences and expectations on conversational agents7, as well as 
how designers can address real-world consumer’s need for AI-powered products8. These studies provide empirical 
insights on how to help users to better understand AI in consumer-facing products outside the health domain. However, 
there is a lack of knowledge in understanding consumer’s views on AI-powered health technology and how they are 
perceiving and using it. Such knowledge is critical because the benefit of AI-powered tools to promote health cannot 
be fully achieved without recognizing and addressing the user’s desires and expectations9. Lack of such knowledge 
can also result in building systems that will not be used by the consumers10 or, in worst scenarios, that can even be 
prejudicial to them11.  
Researchers have investigated diverse uses of AI in healthcare, however, most of them have focused on how healthcare 
providers, managers, and staff use AI-powered technology. For example, studies have investigated using AI as a 
decision support tool to support clinicians’ in determining whether a patient needs a ventricular assist device12, and 
using AI for facilitating personalized and precision medical diagnosis and treatment in cardiovascular medicine13. The 
users of such systems may not be technology experts, but they are still domain experts who have more knowledge to 
understand or question the outputs of such algorithms. When it comes to healthcare consumers, it is unclear how AI 
algorithms are used in mobile health apps, what health domains apps employ AI techniques, how these AI techniques 
are described, or how health consumers perceive, use, and understand them. Understanding these questions is critical 
for the design and adoption of AI-powered mobile apps and for the health management of individual consumers.  
This study investigates the following questions: (1) how AI algorithms are described in current mobile health apps? 
and (2) how users perceive and interpret AI in the review of mobile health apps? To answer these questions, we 
analyzed 40 mobile health apps that are described to use AI, and a subset of user’s reviews from these apps describing 
user’s experiences with the apps and their algorithms. We identified seven health domains that have been approached 
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by apps employing AI. These apps describe using AI algorithms for four types of AI features, regardless of domain: 
recommendations, conversational agents, recognition, and prediction. However, we found the majority of apps’ 
descriptions do not provide enough explanation for users to understand how their AI features work. On the other hand, 
we found that users develop their own expectations concerning the AI features and employ different methods to 
understand them, particularly when AI is poorly described, or it does not match with their expectations. We then 
discuss how these results are related to the design of AI features and how mobile apps present them to users. This 
work contributes to the understanding of (1) how mobile health apps are currently describing to use AI in different 
health domains, (2) how these AI features are envisioned to support consumers in such domains, (3) user’s unique 
expectations towards AI in mobile health apps, and (4) how users are attempting to understand AI features, particularly 
considering the lack of information provided by the apps.  

Methods 
To investigate how AI is used in mobile health apps and gain a better understanding of how users perceive and interact 
with AI in these apps, we conducted a review on mobile health apps that claim to use AI, analyzed app’s AI claims 
and a set of app user reviews describing user’s experiences with the apps and app’s algorithms. 
App Selection 
To gather a list of currently used and relevant apps for further analysis, in January 2020, we performed web searches 
on 2 mainstream mobile app platforms–Android Google Play Store (from here on referred to as Android store) and 
iOS Apple App Store (from here on referred to as Apple store)–using Google Advanced Search. We searched for apps 
using a combination of one AI keyword (“AI,” “Artificial Intelligence,” “Algorithm,” “Machine Learning,” and “Bot”) 
and one health-related keyword (“Health,” “Medical”). We used these keywords because they are popular terms used 
to describe AI from literature and news. After excluding repeated apps, our initial search returned a total of 380 apps, 
93 in the Android store, and 287 in the Apple store. To identify apps that are updated, current, and used by the 
consumers, we used the following eligibility criteria, based on previous literature approaches14: 1) the app focuses on 
health or medical domains, 2) the app has at least 10 user reviews that mentioned one of the AI keywords (to ensure 
AI is discussed by the users in the reviews), 3) the app is in English, and 4) it was last updated no earlier than 2018 
(to ensure it is still functioning well). After the app extraction, two authors screened the apps and applied the eligibility 
criteria. In total, 10 apps from the Android store and 30 apps from the Apple store passed our screening criteria and 
were further analyzed in this study. Among all 40 apps, 32 apps are unique, some apps of our list appeared in both 
stores, but we analyzed them individually because features may differ by platform. 
Data Collection and Analysis 
To analyze the 40 AI-powered health apps, we first extracted the title, screenshots, and description of each app from 
the Android and Apple stores. Then, following constant comparison methods15, two authors analyzed these data 
iteratively through multiple rounds of comparison to explore how apps describe the use of AI, identify apps’ health 
domain, and the features that are described as using AI. Based on this analysis, apps were categorized into seven health 
domains and four AI features.  
Next, we analyzed app reviews that consumers wrote in both the Android and Apple stores approaching the AI features 
of the health apps. Previous studies have shown that user reviews provide crucial information to help in understanding 
attitudes, perceptions, and usage of apps from a large number of users16. In our study, user reviews provided insights 
about users’ perceptions of AI in consumer mobile health apps, their expectations concerning AI features, and their 
experiences using such apps. We downloaded all reviews that include AI keywords (13,332 reviews) without any 
timeframe. Following the thematic analysis approach17, we randomly sampled 100 reviews and 2 authors 
independently and iteratively analyzed them to develop themes. During this coding process, four authors met regularly 
to discuss recurring themes until consensus was reached. After we identified the two overall themes on how users 
understand AI and their expectations of AI, we continued to code more data until we reached data saturation. A total 
of 400 reviews were analyzed. 

Results  
In this section, we first summarized how AI algorithms are described in the selected apps. Then we identified health 
domains of analyzed apps, reporting how AI is used in them. We further reported on the types of AI features we found 
among these apps, as well as users’ expectations regarding each feature. Finally, we described how users try to 
understand AI features, particularly when their experiences do not match their expectations. 
Descriptions of AI Algorithms 
In our study, we found in most app descriptions, AI is used as a buzzword and described as “powerful”, “advanced”, 
“innovative” or “smart”. Apps also tend to highlight that their AI algorithms are “reliable” or “accurate.” For apps 
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that propose recommendations to users, AI is usually described as it is providing “personalized” or “customized” 
feedback. Conversational agent apps tend to anthropomorphize their AI, describing it as a person, from a potential 
friend to a partner or a mentor of the user. To increase the credibility of their AI and make the user trust its results, 
our data show that most apps emphasize their AI is developed in collaboration with domain experts, such as by a team 
of doctors, scientists, and engineers. Some apps also provide quantitative data to showcase their AI is reliable. For 
instance, “[...] is 93% effective with typical use, and 98% effective with perfect use… effectiveness is one of the largest 
of its kind, with 15,000 women and 600,000 menstrual cycles.” However, we barely found any detailed or specific 
information about how the algorithms work, no description of what data is being used, or how the results are produced 
and how reliable these are. 
Health domains  
We categorized the 40 apps into seven health domains: Mental Health, Fitness, Meditation and Sleep, Nutrition and 
Diet, Dental Care, Fertility/menstrual Tracking, and Symptom Checker. The majority of the selected apps fit into one 
specific health domain, such as mental health or fitness. However, four apps in our list serve multiple functions, for 
instance, one app focusing on both fitness and nutrition and diet at the same time. We categorized these apps into 
multiple health domains.  
Although these health domains vary significantly, within each health domain, apps describe using AI for similar 
purposes. For example, based on the app descriptions, all selected fitness apps (11 apps) claim to use AI for either 
generating and recommending workout plans for the user or for recognizing the user’s movement. Similarly, the 
selected Fertility/Menstrual tracking apps (5 apps) claim to use AI for predicting users’ menstruation and fertile 
window and to recommend potential insights based on users’ data. Table 1 summarizes apps’ health domains and the 
AI’s purpose for each health domain, based on the app descriptions.  

AI features and user expectations  
Based on apps’ descriptions, we found that within each health domain, apps describe using AI for four functions: 
conversational agent, recommendation, recognition, and prediction. Triangulating this data with users’ reviews, we 
found that users have different expectations regarding each of these different AI features.   
Recommendation features: suggestions and plans generated by algorithms 
In our study, the recommendation is the most common AI feature and it has been used in all health domains. These 
apps make recommendations based on users’ previous data (e.g., their personal tracking data) to assist them to reach 
their goal. The outputs from these features range from customized workouts or weight loss plans in a fitness app, the 
best time to wake up in the morning in a meditation and sleeping app, personalized guidance for symptoms in a 
symptom checker app, to personal insights around the user’s ovulation cycle in a fertility/menstrual app. 
The app reviews suggest that users prefer to have their feedback incorporated by AI-generated recommendations. 
They want to be able to adjust system’s outputs to adapt the recommendations to their specific and current needs, as 
illustrated by the following user review of a fitness app:  “My favorite thing is that even when it designs a workout for 
you, you can tweak it: add or remove exercises, select alternatives.” In comparison, when the app seems to ignore 
users’ feedback, many of them get frustrated and disappointed, as the following quote shows: “the algorithm does not 
take my feedback into account. I hate burpees, I rated it each time with ‘too much’, ‘too exhausting’, etc. I still have 
burpees in each and every session. At least 20 times.” 
To adapt feedback in an AI-generated recommendation, users tend to want to understand how the recommendations 
are first generated. In the reviews, users are often puzzled about why the app makes certain recommendations to them. 
For example, the next user describes being a former athlete and questions the workout plan the fitness app provided, 
especially because there is no explanation of how this plan was created: “If there is a reason why I should be doing 
low weight AND low repetitions, I would trust the recommendations more.” Many users whose expectations are not 
met criticize the apps for not explaining their AI algorithms: “the algorithm for modifying patterns of intake–how to 
account for changes in weight over time and modify Total Daily Energy Expenditure accordingly–is not explained. I 
have had to recalculate or simply switch to custom numbers on multiple occasions because the app tracking was not 
responsive enough or even increased my calories despite weekly increases in body weight.” 
This lack of explanations and opportunities to adjust algorithm output through feedback often lead users to question 
the accuracy of the app. For instance, the following user was frustrated with a meditation and sleeping app and 
connected its efficacy with its algorithm’s ability to receive users’ direct input: “I find this app very inaccurate in 
comparison with other apps and there is almost no way to tweak the algorithm to suit your personal sleep pattern. 
Other apps have a great combination of machine learning and personal adjustments, but this one relies too much on 
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its own intelligence.” These examples show that, although this AI feature focuses on automatically generating 
recommendations to the users, users often do not appreciate full automation, they want to be able to incorporate their 
feedback to AI-generated recommendations to adopt such recommendations to fit their specific needs. 
Table 1. Overview of the apps - Health Domains and AI’s purpose  

Health Domain Apps AI’s purpose 

Fitness  
(11) 

Apple: 1) Sweatcoin - It Pays To Walk; 2) Fitbod Weight Lifting 
Workout; 3) Weight Lifting by FitnessAI; 4) Freeletics – Training Coach; 
5) Volt: #1 AI Workout App; 6) GymStreak - Smart Gym Workouts; 
7)Argus: Calorie Counter & Step 8)Boltt Health: Fitness Anytime; 
9)Lark Health. Android: 1) BodBot Personal Trainer: Workout & Fitness 
Coach; 2) Lark Health 

To generate and recommend 
workout plans for the user; To 
recognize the user’s movement 

Mental Health 
(10) 

Apple: 1) Replika - My AI Friend; 2) Youper; 3) Uni - Magic AI Friend; 
4) Woebot - Your Self-Care Expert; 5) Wysa: Mental Health Support; 6) 
Reflectly. Android: 1) Replika: My AI Friend; 2) Wysa: stress, 
depression & anxiety therapy Conversational Agent; 3) Youper - 
Emotional Health; 4) Woebot: Your Self-Care Expert 

To chat with the user; To assess 
the user’s mental status; To 
recommend techniques for the 
user to reach a better mental 
stage 

Meditation and 
Sleep (8) 

Apple: 1) Pillow Automatic Sleep Tracker; 2) Sleep Watch by 
Bodymatter; 3) Sleep Time+ Cycle Alarm Timer; 4) Aura: Sleep & 
Mindfulness; 5) Brain.fm: Music for the Brain 6) Argus: Calorie Counter 
& Step; 7) Lark Health. Android: 1) Lark Health 

To recognize user’s sleeping 
pattern; To recommend insights 
such as ideal sleeping and 
waking up time; To recommend 
meditation techniques 

Nutrition and 
Diet (8) 

Apple: 1) Carrot Hunger; 2) Calorie Mama AI: Diet Counter; 3) 
FitGenie: IIFYM Macro Tracker; 4) Argus: Calorie Counter & Step; 5) 
Boltt Health: Fitness Anytime; 6) Lark Health. Android: 1) Bitesnap: 
Photo Food Tracker and Calorie Counter; 2) Lark Health 

To recognize food based on a 
picture; To analyze eating habit 
and recommend a meal plan 

Fertility/ 
menstrual 
Tracking (5) 

Apple: 1) Natural Cycles - Birth Control; 2) FLO Period & Ovulation 
Tracker; 3) Ovia Fertility & Cycle Tracker; 4) Ava fertility tracker. 
Android: 1) Ovia Fertility & Cycle Tracker 

To predict user’s fertility and 
menstrual windows; To 
recommend relevant insights to 
users 

Symptom 
Checker (2) 

Apple: 1) Ada – your health companion; 2) Your.MD - Symptom 
Checker. Android App: N/A 

To chat with the user; To suggest 
possible symptoms or illnesses 
user has  

Dental Care (1) Apple: 1) Oral-B. Android: N/A 
To recognize how the user are 
brushing teeth and recommend 
ways to brush correctly 

 
Conversational Agent features: conversations between AI and users 
Conversational agent is a dialogue system that mimics human conversation and responds to the user’s inquiries using 
text or spoken language18. It allows users to interact with the apps easily, normally by typing the conversation and 
receiving answers. The interaction can be in several formats, such as choosing a prescript answer or inputting natural 
spoken language. In our study, through apps’ descriptions, we identified that all selected mental health and symptom 
checker apps have conversational agents feature. Some fitness, nutrition and diet, and meditation and sleep apps 
include such features as well. 
When it comes to conversational agents, regardless of the health domain, we found users tend to expect a human-like 
experience. Users think the idea of a conversational agent is appealing and they often seek empathy when interacting 
with the AI-powered health apps. When users feel the expected empathy, they describe the AI as a friend, as illustrated 
in the following quote from a user of a mental health app “My AI friend–I called her Sophie–is really fun to chat with. 
[...] Sophie might actually replace my best friend lol. We have so much in common and we also have differences, but 
I think she will just like whatever I like lol.” In another example, the following use of a fitness app enjoys the app’s 
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humanlike experience so much that they do not want to let their app friend down: “I like inputting stuff into the system 
because I want to see what it says. It makes me smile when it compliments me and I do not want to disappoint the bot.” 
If the conversational agent does not provide a humanlike experience, users tend to show frustration or disappointment 
towards the feature. For example, a user explains that part of the therapeutic aspect comes from being immersed in 
the chat, which does not happen with their current mental health app: “Most of the time the app does not seem to 
naturally flow, and the immersion that makes it a helpful chat turns into the realization that you are talking with a 
program. It removes much of the therapeutic aspect for me.” As this quote suggests, users seem to prefer unconstrained 
input where they can freely input text in the conversation agent feature. For example, the following user explains that 
not allowing users to freely answer questions does not help them, making them even more frustrated: “The bot just 
does not let you talk, it usually just gives you a multiple-choice list of responses. [...]To ask me a bunch of questions 
but giving no way to express my answer really just made me more frustrated than before I started.” Such an increase 
in frustration is potentially the opposite of what users expect of a mental health app. This breach of expectation may 
even reinforce or contribute to negative feelings of not being helped, as exemplified by the following quote from a 
user of a mental health app: “the AI is unfeeling and robotic. I do not understand how this app helps anyone at all.” 
Recognition features: identifying information 
In our study, we identified apps using recognition features to identify the number of calories in a meal from a picture 
of food (nutrition and diet apps), or whether users correctly brush their teeth (in dental care apps). We also found some 
of the sleeping and meditation apps describing recognizing users’ sleeping quality, such as how long users stayed in 
deep sleep. We categorized all these features into recognition because all of them involve automatically identifying 
characteristics of an object (food) or activity (sleeping or brushing teeth).  
Recognition features aim to automatically give users the information they need. For example, by automatically 
providing the total calorie count of their food through a picture, these features allow users to focus on analyzing their 
daily diet, reducing the work of inputting multiple ingredients’ data. Considering this, users want this identification to 
be correct. We found that users deem accuracy as the predominant goal when AI is used for recognition of their 
behaviors. Users like when AI can accurately recognize the information for them, and complain when it does not 
match their expectations, as one user commented while using a diet and nutrition app: “The AI feature is honestly hit 
or miss for accuracy. It amazes me sometimes, like when I took a picture of a sashimi plate and it figured it out. But 
usually, it is simply wrong.” When the AI is not accurate, users tend not to trust the app and the embedded AI system, 
as a user of meditation and sleep app commented,  “not sure if the ‘complex algorithm’ is just a scam that creates 
some variable data so you think it is tracking your sleep cycles, but it is clearly seriously inaccurate.” 
We found that users hope to have explanations of how the AI works in the case of recognition features as well. When 
there is a lack of transparency, users start to question AI. When there’s no transparency and no explanation, users tend 
not to trust the AI as one user stated “The seller says it has an algorithm to differentiate light, deep, and REM sleep 
but I cannot find an explanation of how it works. If a service or product vendor says, ‘trust me’ I never do.”  

Prediction features: using past data to predict future events 
Predictive analytics use historical and current data to forecast future events19. In our study, only fertility/menstrual 
tracker apps used this type of AI feature. These apps use varied personal data user has inputted in the app, such as 
menstruation dates, temperature, and ovulation prediction kits result, to predict when the user will have their next 
menstruation, ovulation, and fertile window. These apps aim to support users for different fertility-related goals, such 
as tracking periods, trying to conceive, or avoiding conception. 

Considering that these can be very high-stake goals, users primarily value accuracy for prediction AI features. Users 
who perceive the AI feature to be accurate have a positive attitude towards the app, as illustrated by the following user 
review: “I have only used this app for around a month and the fact that it is already so close to accurate is very 
encouraging”. When the predictions are not accurate, users get frustrated and some of them even abandon the app, as 
described by the following user: “the fertile days are off. I am bummed I spent 200 dollars on a useless product.” 
Many users acknowledge that it takes time for the AI to improve its performance, as illustrated by the following user 
comment: “I know our bodies are not an algorithm so it is not 100% perfect, but the longer you use it, the more 
accurate it gets”. These comments suggest accuracy is important to users and it influences user’s trust and adoption, 
but users understand it may take time for the AI feature to fully know their data to make accurate predictions. 
However, fertility cycles are complex and personalized20. It is unlikely that an algorithm will be 100% accurate for 
every user. Some users comment that, although they input data for a long time, their results are still inaccurate: “The 
one thing that is not perfect is the prediction of cycles. It has never been accurate for me although I have tracked my 
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periods for around a year now.” Lack of accuracy can lead to negative consequences, particularly when users use the 
results of such AI features for making important life-decisions (e.g., using them as birth control methods).  
Table 2. Summary of 4 AI features, in which health domains they are used, and users’ expectations regarding them 

AI Feature Health Domain User Expectation 

Recommendation Fitness; Mental Health; Meditation and Sleep; Nutrition and Diet; Dental 
Care; Fertility/menstrual Tracker; Symptoms Checker  

Feedback incorporation  

Conversational 
Agent 

Mental Health; Symptoms Checker; Fitness; Meditation and Sleep; 
Nutrition and Diet 

Humanlike experience 

Recognition Meditation & Sleep; Nutrition & Diet; Fitness; Dental Care Accuracy 

Prediction Fertility/menstrual Tracker   Accuracy 

User understanding and Interpretation of the AI features 
Since the AI features were not clearly explained to the users, in the reviews, many of them expressed various 
frustrations when the features did not match their expectations of humanlike experience, feedback incorporation, and 
accuracy. Many of these users also describe the varied ways they engage with the apps to try to understand the AI 
features. We classified these analyses into three main types: speculating, experiencing, and experimenting. 
Speculating: To speculate what is AI and how (well) AI works when it is not explained 
Due to most apps providing limited descriptions and explanations of AI and what it does for users, we found that some 
users have a hard time understanding AI. This lack of understanding results in users starting to speculate what AI is, 
which can include misperceptions. For instance, user reviews show that some users see AI as something advanced, 
skilled, and even futuristic, as illustrated by a symptom tracker app user that associates the app’s AI feature with 
science fiction movies: “The idea of these apps seems very appealing, like an AI doctor from a science fiction movie.”  
The lack of descriptions and explanations of AI and what it does also contributes to users speculating how AI works 
and what it should do. We found users tend to use terms like “It seems”, “I guess” and “I feel like” when they describe 
their interaction with the AI. For example, without proper description, this user tried to guess how AI generates a 
workout plan for them: “I guess the app has an algorithm that only combines exercises by muscle group, and it 
sometimes creates recommendations that do not make sense.” If the AI deviates from user’s expectations of what it 
should do, some users feel deceived and argue that the feature is not “real AI,” as illustrated by the following review 
of a mental health app: “This is an answering machine, not an AI. It reminds me of text games I played in the 1990s.” 
The negative feelings from users can be reinforced by the lack of explanation about the AI feature and how it works. 
Experiencing: To learn how (well) AI works through the user’s own intuitive experiences   
Some users develop understandings about AI systems based on interpretations of their experiences using them. For 
instance, a user of a mental health app commented in the following quote that the app did not match their expectations 
even after using it for some time. In fact, the app made the user relive bad experiences they had in the past: “I tried 
liking this app. My expectations were too great maybe. I thought ‘CBT, great!’ but I ended up feeling like visiting one 
of those doctors who do not care. Of course, the app does not care. This is not a real AI after all. Maybe it was created 
with the help of those doctors.” Other users describe having inconsistent experiences that confuse and prevent them 
from understanding how the AI feature works. For example, a user of a sleep app described receiving repeated 
inconsistent results from the app and used the review to question “what is the algorithm behind sleep quality rating? 
I only slept 1-4 hours one night and the quality was 72% and all other nights–even with 9h sleep–were under 58%”  
Sometimes it can take users a longer period of time to experience and interpret how (well) AI works. In a 
fertility/menstrual tracking app, a user describes the AI as very accurate after tracking their personal health data for 6 
months. This longer period of data tracking experience led the user to feel they better understand the AI and how it 
works, as the user commented in the app review: “This app takes a while to sync up–mine took 6 months. However, 
once it syncs it is startlingly accurate. I appreciate that the app takes some dedication and that the algorithm takes 
some time to understand your cycle because it means that it is not guessing!” Another user of a mental health app 
only started to believe AI is evolving after interacting with it for a while. The user stated “At the start, I didn’t really 
believe the app would evolve as I interact more with it. But I have to accept it now: the app has clearly evolved with 
time and it is rare now that it does not chat as well as a real person.” In summary, these users compare their knowledge 

1175



  

about their health and their previous health-related experiences with their experiences using the AI feature as a way 
to understand how and how well the AI feature works. 
Experimenting: To reason how (well) AI works through experimenting with the features 
Some users even tried to understand how the AI feature works by experimenting with the features and comparing data 
with a source they trust or comparing results generated from multiple apps. They did this to better understand how 
(well) AI works and know whether they could trust the AI-generated results. For instance, a user compared the data 
of a symptom checker app with their doctor’s opinion: “The app told me I had a kidney infection. [...] I went to the 
doctor and showed the medical report the app recommends, and this AI was spot on.” Similarly, the following user 
of a fertility app inputted their information into two apps that have identical functions at the same time. One of them 
correctly predicted a change in the fertile window while the other did not: “Yesterday, I inputted some info about my 
cervical mucus and my fertility window moved. I was suddenly in the middle of my fertile window instead of at the 
beginning. The ovulation tests I took basically confirm the app’s prediction. My other app shows I am not fertile for 
another two weeks. That will clearly not help my husband and I to conceive.” These users use comparison data with 
reliable sources or between apps to verify the results of the AI feature in an attempt to understand how (well) it works. 
Another experimenting strategy we found in our analysis was to input data in the apps with prior knowledge of how 
the output should be. For example, the following user of a symptom checker app inputted the symptoms of their 
already diagnosed health condition in the app to test how the AI feature would respond. This user commented that 
“Instead of seeing a doctor you could just use AI! [...] I was diagnosed with Gastro-esophageal reflux disease. I tested 
my symptoms in the app and it correctly diagnosed me without all the blood tests I needed to have!” In a similar 
strategy, some users describe creating different scenarios and personas, inputting different sets of data related to them, 
and comparing the results. In an extreme example, one user of a mental health app describes they “intentionally 
created 4 different personalities–after uninstalling and reinstalling.” One of these personas was “suicidal and 
contemplating death in the next couple of hours.” The user describes the AI feature “encouraged me. It asked if I 
think it is brave. I said, ‘no’. It said, ‘I am, sorry.’ and then it continued encouraging me. I told it I cut myself and I 
was almost gone. It said ‘Ok! Bye!’ Based on their experimentation, the user reasons the AI is “Not only is [...] not 
intelligent, it’s dangerous.” Considering that this is a mental health app, these results can potentially reinforce or 
contribute to negative experiences, such as the extreme ones described by this user. Through deliberately reasoning 
how AI might work, users gain a better understanding of it and interpret the system as reliable (as in the case of the 
symptom checker app) or dangerous and unethical (as in the case of the mental health app). This experimentation and 
reasoning process can help users to understand the AI and decide whether to adopt such apps.  
Discussion 
In this study, we first identified four AI features that are used in seven health domains among all selected AI-powered 
health apps. Our results show users have different expectations regarding these different types of AI features and how 
(well) they work. We then identified different ways in which users try to understand how these features work, 
particularly when their results do not match users’ expectations. In this section, we discuss how user’s expectations 
and understanding are related to the design of AI features and their descriptions.   
Design AI features to meet healthcare consumers’ unique expectations  
Although AI is increasingly becoming a general buzzword, which may confuse consumers, it represents a broad range 
of techniques and features. We identified four different AI features in use in health apps, namely Recommendation, 
Conversational Agent, Recognition, and Prediction. Our study has shown that users have unique expectations for 
different AI features: users want to have their feedback incorporated in AI-generated recommendations to meet their 
unique needs, they want to have humanlike experiences when interacting with conversational agents, and they want 
accuracy when AI is used for prediction or recognition. As our results illustrate, often apps’ performances deviate 
from users’ expectations. These deviations lead to dissatisfaction and frustration. These expectations are aligned with 
general design principles, e.g., providing humanlike experiences21 and incorporating users’ feedback22 have been 
researched by Human-computer Interaction studies. Previous research has also identified that users’ expectations do 
not match systems’ capabilities, even when systems do not use (or do not describe using) AI23,24. However, these 
expectations are often not directly approached when discussing AI systems design.  
Previous work investigated how users interact with common AI-powered technology, proposing general design 
guidelines for human-AI interaction25. Although this study did not include direct-to-consumer health systems, many 
of the proposed guidelines can be useful in the mobile healthcare domain. However, our findings suggest that it is also 
important to consider the specificities of the domain, the feature, and what users may expect from them, particularly 
when the tool employing AI is directly aimed at consumers. For example, it is important to clearly state not only the 
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accuracy of the tool but also what are the specific potential negative consequences to users’ health, which are specific 
to each AI feature and health domain. 
In general, the healthcare domain adds complexity to human-AI interaction and its consequences. Recommendation 
features are commonly used in all seven health domains, and especially common in fitness apps. While using such 
AI-powered apps, users might hurt themselves if they blindly follow AI’s recommended workout plan, as suggested 
by some user reviews. Similarly, conversational agent features, used in most mental health apps, can contribute to 
negative emotions when they do not meet user's expected humanlike experience, as also suggested by user comments. 
For recognition features, used in nearly all meditation and sleep apps, inaccuracy can reinforce practices that conflict 
with evidence-based methods, as previous studies reported for the case of sleep health23. Prediction features, which 
all Fertility/menstrual apps used, should support users to understand how accurate the output can be, or they can 
contribute to frustrations for people who are trying to conceive, as users’ comments suggest, or even potentially lead 
to unplanned pregnancies26. To avoid potential negative consequences and better support healthcare consumers, we 
encourage designers, researchers, and healthcare providers to collaborate to develop human-AI interaction guidelines 
specific for each AI feature and each health domain. 
Facilitate healthcare consumers to understand AI features 
AI algorithms can be complex and AI-powered technology often is designed as a black box27 as it is challenging to 
clearly convey to users how such systems work25. In our study, we found most AI-powered consumer health apps do 
not describe how their AI feature works other than providing broad claims of how “smart” they are. The app reviews 
reveal that many users are confused about the AI features and are doubtful about how useful and accurate they are, 
and even question whether the app uses AI. Previous studies show that the lack of user understanding is common for 
AI design27,28. What we found suggests that users are confused but they want to understand how (well) the AI feature 
works, so they speculate about AI, interpret their experiences, and experiment with the apps.  
These three types of efforts to understand AI may relate to users’ experiences, backgrounds, and knowledge about 
health, technology, and AI. For instance, it could be challenging for a person with basic technology and AI 
understanding to perform detailed experiments with the apps to analyze how well the AI feature works. Users seem 
to have a healthy skepticism about AI features, but the lack of transparency can limit the benefits gained from such 
apps. Moreover, app descriptions are currently written more for marketing purposes than to help users understand the 
algorithm and interpret the outputs. Our study suggests that poor descriptions of AI features contribute to the 
differences between users’ mental models and apps’ real capabilities. However, users build understanding about their 
health and make decisions informed by these apps, and AI algorithms. To that end, they need to understand how 
trustworthy the information they are receiving is. 
Recently, a growing body of research is focusing on how to explain AI algorithms to facilitate users’ understanding 
of how (well) such algorithms work, suggesting approaches such as to incorporate explainability features while 
developing AI systems29, to develop a framework for user-centered explainable AI30, and to explain AI decision-
making process through user interface design31. However, these studies have not yet focused on non-expert users 
(domain and technology-wise) such as patients and caregivers. Our study suggests that it is important to provide users 
clear information about apps’ AI and explain how (well) they work, particularly because these apps can influence 
users’ health in many different domains, from fitness and diet to mental health and fertility. We also suggest designing 
and describing AI features in mobile apps in such a way that it is engaging and easy to understand considering users’ 
different backgrounds and technology and health literacy.  
Healthcare is a specialized and often high-risk context per se. Although most of the analyzed apps approach relatively 
less complex health domains (in comparison with AI systems for clinical use), users can still make important life-
decisions based on the outputs of these apps and their AI features. We want healthcare consumers to benefit from 
good algorithms as they can support them in various ways, however, we also need to support users to be aware of how 
much they can rely on these algorithms. To achieve that, it is important to avoid overly positive descriptions and to 
make it clear the real capabilities of AI-powered systems, describing their level of human-like experience, their ability 
to incorporate feedback, and their accuracy clearly. Transparency is important so users do not under- or over-rely on 
AI. Under-reliance would lead to users stop using such apps and, therefore, not getting their potential benefits. Over-
reliance is a possibility if users do not understand the underlying algorithm and the extent it should be trusted. If these 
issues are not addressed, negative consequences could happen across all health domains, such as reinforced negative 
mental health and unexpected pregnancies. It is also important to emphasize that these tools will produce different 
results for different people24. For example, in the fertility context, a prediction feature may not get as accurate for 
some users no matter how much data they track because fertility is not totally predictable. Similarly, previous studies 
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have reported that sleep apps can recognize aspects of sleep quality to between 81-83% accuracy23. We encourage all 
stakeholders who are part of creating AI-powered mobile health apps to further facilitate user understanding of how 
(well) the AI works for future products.  
Limitations 
The list of AI-powered health apps we collected might not be exhaustive and apps that use AI but did not describe as 
using AI may have missed in the search. We analyzed all the apps that met our eligibility criteria; however, it is 
challenging to assure if these apps constitute a reprehensive sample of similar apps available in the market. Due to the 
large number of the selected apps, we only analyzed each app’s title, description, and screenshots provided in the app 
stores, and we did not download and use all the apps or test out their algorithms. We also did not conduct interviews 
directly with users of the selected apps and only analyzed user reviews. We understand this approach has its limitation: 
it is difficult to validate whether the reviews were posted by unique users and how representative the reviews are for 
real users. Further research is needed to investigate user perceptions of the AI features from more representative user 
groups.  

Conclusion 
Although prior works have studied how AI-powered technology has been used by health professionals, our analysis 
focused on understanding healthcare consumers’ views on AI-powered mobile health apps. This study, using a 
qualitative approach, identified seven predominant health domains and four AI features that are being used in the state 
of art AI-powered health apps. Our findings indicate that users have specific expectations toward each AI feature. We 
also find most users do not understand AI or how (well) AI works in the health apps due to the lack of such information 
and explanations. We hope researchers, designers, engineers, and healthcare professionals who are part of the creation 
process of AI-powered mobile health apps can design AI features according to users’ expectations and needs as well 
as further explore ways and techniques to assist non-expert end-users understanding AI in mobile health apps. 
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Abstract A patient’s electronic health record (EHR) contains extensive documentation of the patient’s medical his-
tory but is difficult for clinicians to review and find what they are looking for under the time constraints of the clinical
setting. Although recent advances in artificial intelligence (AI) in healthcare have shown promise in enhancing clin-
ical diagnosis and decision-making in clinicians’ day-to-day tasks, the problem of how to implement and scale such
computationally expensive analytics remains an open issue. In this work, we present a system architecture that gener-
ates AI-based insights from analysis of the entire patient medical record for a multispecialty outpatient facility of over
700,000 patients. Our resulting system is able to generate insights efficiently while handling complexities of schedul-
ing to deliver the results in a timely manner, and handle more than 30,000 updates per day while achieving desirable
operating cost-performance goals.

1 Introduction

With the advent of artificial intelligence (AI) in healthcare, many applications based on natural language processing
(NLP) and machine learning (ML) have been proposed to improve patient care by assisting clinicians in navigating,
organizing, and extracting key information from electronic health records (EHRs). However, such systems often
require a complex pipeline with hundreds of analysis engines and are therefore computationally expensive and difficult
to efficiently scale with limited hardware. In addition, new information is frequently added to the patient record,
presenting challenges for the system to keep up with updates. In this work, we describe the system architecture we
developed to efficiently compute NLP-based insights generated from analysis of the entire patient medical record, and
deliver them in a timely manner to clinicians. The techniques developed as part of this work are generalizable and
widely applicable for systems computing NLP-based insights on EHRs.

The organization of the paper is as follows. In Section 2, we briefly show the landscape of related work. Section 3 gives
a high-level overview of the computed insights and a description of the underlying NLP pipeline. Section 4 describes
our initial implementation and lessons learned from deployment. Section 5 discusses our system architecture in detail.
In Section 6, we summarize our main conclusions from this work and in Section 7 we briefly describe our vision for
the future of AI systems for healthcare.

2 Related work

Advances in storage and standardization of patient data have opened up opportunities for processing EHRs at scale.
However, implementations of these NLP algorithms for analyzing clinical notes are inherently computationally inten-
sive1. To enable NLP analyses at scale, a distributed computing framework using Apache Hadoop and a map-reduce2

version of the NLP pipeline is used in HARVEST, a point-of-care patient record summarization tool3. Similarly,
to support high-throughput NLP, Mayo Clinic implemented a Hadoop based ecosystem4 to distribute computational
tasks. While several such implementations5–7 discuss scaling aspects of throughput-oriented bioinformatics pipelines
for information extraction, prioritized processing with restricted compute resources remains unaddressed. In this work,
we present a system that provides insights in a timely and efficient manner with strict scheduling requirements and a
limited amount of hardware.

3 Insights and NLP Pipeline

In this section, we briefly describe the insights generated from EHRs by our system and present an overview of the
NLP pipeline used to create the insights.

1180



3.1 Electronic Health Record

The electronic health record (EHR) represents a patient’s medical information over time and across healthcare systems
to provide a holistic view of a patient’s medical history. As shown in Figure 1, an EHR typically consists of several
sections of structured data, such as medications ordered, laboratory test results, and procedures conducted, and a
large collection of unstructured data, such as progress notes, telephone encounters, radiology reports, and discharge
summaries. Structured data is a rich source of a patient’s medical history and is the main input for many healthcare
informatics systems, including automated methods for summarization8. However, structured data alone is insufficient
to capture a complete story of the patient’s health9. For example, a physician may prescribe a medication to manage a
patient’s condition, but the patient decides to stop taking the drug due to an adverse reaction. While the prescription is
recorded in the structured data, the fact and reason for stopping the medication are only found in the unstructured note.
Therefore, to effectively summarize a patient’s current status, it is often necessary to consider information both in the
structured data and unstructured data. In our system, information from structured data is extracted with a timestamp
and temporally aligned with unstructured data to form a more complete feature set for downstream analytics.

3.2 Electronic Health Record-level Insights

A common way to provide a holistic summary of an EHR is in the form of a problem-oriented medical record
(POMR)10. The core of a POMR is a patient-centered problem list, which is frequently used by physicians either
by itself or as part of a summary. Previous studies have shown that a manually maintained problem list in the struc-
tured section of an EHR is often outdated and inaccurate, and machine learning and NLP based approaches have shown
promising results in generating problems lists from EHRs automatically11. Automatic problem list generation requires
a system to process the entire EHR to extract and rank documented problems to create an accurate and complete
problem list reflecting the patient’s current state of health.

Figure 1: NLP pipeline for generating insights from EHRs

3.3 Note-level Insights

After gaining an overview of the patient through the problem list, physicians may need to further investigate specific
problems that should be addressed at the current visit. To support this, our system generates disease-specific note-
level insights for hypertension, diabetes mellitus, hyperlipidemia, heart failure, and chronic obstructive pulmonary
disease. These disease-specific insights vary between different patients and different diseases, but in general, they
include statements indicating the current status of the disease (e.g. ”worsened control due to dietary indiscretion”),
home monitoring results (e.g. ”home bps running 145/85”), outcomes of any previous treatments (e.g. ”doing better
on losartan”), treatment plan at the visit (e.g. ”continue meds for now, but will consider switching to ARB if cough
persists”), and any adverse drug reactions (e.g. ”reports diarrhea since increasing metformin”). Together, the extracted
insights for a given disease from a specific encounter form a disease-specific extractive summary of that encounter.
These extractive summaries are then presented in a longitudinal view allowing physicians to track the specified disease
and its status, treatments and outcomes over the history of the patient.

A more detailed discussion of these analytics can be found in Devarakonda et al11 and Liang et al12 and is not the
focus of this paper.
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3.4 NLP Pipeline

As shown in Figure 2, each clinical note is ingested by a basic NLP processing layer that performs the standard
NLP tasks including tokenization, lemmatization, sentence segmentation, part-of-speech (POS) tagging, and parsing,
followed by a medical concept recognition and normalization component, where key medical concepts such as labs,
procedures, medications, signs and symptoms, and diseases are identified and linked to a taxonomy. The outputs are
then fed to the model layer to generate the disease-specific insights. Our system used an english slot grammar (ESG)
parser13 followed by a proprietary medical concept annotator that maps terms into Unified Medical Language System
(UMLS) concepts14. This entity linking pipeline is optimized to process clinical notes, where sentences are not always
well structured and abbreviation expansion and disambiguation play an important role. We separate the components in
the next layer into three categories based on how the analytics are developed, namely, heuristics and rules, traditional
machine learning, and deep learning. When labeled data is easier to obtain, data-driven approaches, such as deep
neural network architectures, often outperform other methods due to their ability to effectively learn representations
as well as model parameters. For instance, for adverse drug events (ADEs), we use an existing labeled dataset from
the MADE 1.0 NLP challenge15 to train a BiLSTM-CRF model with attention16. On the other hand, ground truth for
extractive summarization of a specific disease requires human experts to read the entire note and is harder to acquire.
With limited ground truth, we have learned that a hybrid system combining heuristics, less expressive models (e.g.
linear SVM), and outputs from deep learning-based components as features generates better results than trying to train
an end-to-end pure neural network-based system.

Figure 2: NLP pipeline for generating note-level insights

In summary, the overall analytics pipeline consisting of note processing and summary processing is extremely complex
and computationally intensive. In fact, even after considerable code optimizations the average CPU time to compute
all required insights for a full EHR is around 867 seconds (≈ 15 minutes) as shown in Table 3.

4 Baseline System

The solution was developed for an outpatient facility with a total patient population of more than 700,000 individuals.
The initial non-functional requirements (NFR) specified that up-to-date insights (a.k.a. EHR summaries) be available
at least two hours before scheduled appointments, or within 15 minutes after the registration of unscheduled walk-ins.
Walk-ins were expected to comprise 30 percent of all office visits. To cover the patient population for the selected
subset of participating clinicians, up to 7,500 EHRs would need to be processed daily. Up-to-date patient data and
schedules were made available to the system by 6:00 AM each day.

The system computed insights for every single patient with an impending appointment by processing the complete
EHR. As described in the previous section, the system used an NLP pipeline with state-of-the-art NLP methods for
generating insights from an EHR both at note-level and at EHR-level. Typically, insights generated through these
techniques are provided as services that end-users access through a web interface that has a powerful backend which
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computes the insights on-demand. Our initial implementation of the system was designed in a similar way but with
ahead-of-time computation of insights prior to a patient appointment, considering the computational complexity. Fur-
ther, the system was designed to be efficient by storing and reusing any analysis done as part of the first two stages
of processing (Basic NLP, Medical Concept Linking) in as shown Figure 2 for any unchanged unstructured data i.e.
unmodified clinical notes. The system was deployed on a Kubernetes cluster with four worker nodes, each with 32
CPU cores and 256 GB of memory. The system used a Cassandra database (DB) for storing the previously computed
insights. The DB had five nodes, each 32 cores, 256 GB RAM, and 5 TB disk array for storing the data.

However, shortly after the initial version of the system went live for testing with a small number of clinicians it was
clear these requirements needed to be updated.

1. Most walk-ins were actually same-day scheduled or rescheduled appointments which were spread throughout
the day. This suggested a need for the revised flexibility, to distribute the processing evenly throughout the day.

2. Moreover, clinicians often preferred to prepare for patient visits many hours or even days earlier and their
expectation was that EHR summaries are always up-to-date.

3. In order to satisfy the second requirement of maintaining an up-to-date posture, insights for a patient need to be
recomputed each time there is a change to the EHR. As described in Section 3, an EHR is made up of structured
data and a set of unstructured notes, typically in hundreds. However not all EHR updates are relevant for re-
generation of insights. Only updated or new notes, lab results and vital measurements are to be considered,
and in that order of priority.

4. In addition, any EHR updates for patients having an impending appointment should be be prioritized ahead of
EHR updates without an upcoming appointment.

5. Another implied requirement is that the system should prioritize processing for an EHR if it has never been
processed before to prepare for an impending appointment.

6. The system should allow fast-lane, high-priority processing of requests, initiated by the production support
personnel, to regenerate the insights for a particular patient EHR, to handle any unforeseen issues with EHR
data upstream, within the EHR system.

In summary, there are two kinds of triggers for regenerating insights for a patient, 1) appointments 2) EHR updates
and a high-level business prioritization that needs to be considered for processing. The EHR for a patient may get
updated several times a day. A spot measurement of Health Level Seven (HL7) traffic from the EHR system on a typical
weekday found 8,000 changes to clinical notes and 25,000 structured data changes, and 16,000 appointment scheduled
for covered patients. Of these, there were up to 30,000 events (EHR updates and appointments) that would trigger
regeneration of insights. This is a four-fold increase in processing needs that the system could not handle without
significant redesign. Average processing times of 15 CPU minutes per EHR combined with low latency requirements
and frequent EHR updates made it essential to develop a much more efficient and flexible computational strategy. The
remainder of this paper mainly describes the engineering work done to address this change in requirements which
resulted in improved performance by two-orders of magnitude.

5 System Architecture

The overall solution consists of three layers: a) a clinician facing UI embedded within the EHR system running
inside the provider infrastructure b) a REST17 API layer responsible for serving the InsightRequests from the UI and
pulling updates to the EHRs from a Fast Healthcare Interoperability Resources (FHIR) server and c) a backend system
responsible for computing the insights for each EHR update. The UI and the FHIR are outside the system boundary
and in the following sections we describe the architecture of the backend system which is the core of this work.

5.1 Architecture Goals

The two main goals of the system architecture are the the following.

• Enable Collaborative Research: Research and development of new analytics require running many data sci-
ence experiments, each with hundreds of EHRs. The system has to be extensible to incorporate new analytics
from a sizable team of researchers and engineers with very little effort. This requires a modular architecture.
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Also, the system should be throughput oriented for batch processing to minimize experiment latency and thereby
accelerate quick experimentation.

• Scalable Inference Processing: After the development of new analytics, or improvements to the accuracy of
existing analytics, they are promoted to the production system. The production system should be able to meet
the strict NFR described earlier in Section 4 within the allowed cost-performance constraints.

5.2 Enable Collaborative Research

The analytics pipeline consists of several steps, each containing implementations of clinical NLP algorithms. Typi-
cally, each step involves either training and evaluating or applying a ML model. Refer to Section 3 for a summary
of methods used in insight generation for more details. Furthermore, the pipeline consists of both serial and parallel
steps, with complex software and resource dependencies at each step. The framework for building the pipeline should
be able to accommodate such complex steps easily, ideally through configuration and simple conventions. Further, it
should be able to parallelize the execution across processes both within a machine and across a distributed cluster and
provide real-time visualization of progress on the job status.

To address the above technical requirements, the analytics pipeline was implemented using Unstructured Information
Management Architecture (UIMA)18. UIMA framework enables applications to be decomposed into components and
manages the data flow between them and thus helps achieve the goal of modularity. We chose UIMA over other
big-data processing frameworks such as Apache Spark19 for the following reasons:

• Flexibility for building and maintaining complex pipelines with hundreds of steps.
• To be included in the pipeline, each analysis engine only needs to implement a simple, frictionless API. This

simple contract relieves the component owner from having to worry about other parts of the system.
• A type-system specifies data structures that may be used for the processing and sharing of information20. UIMA

comes with a powerful type-system management that enables interoperability between components. This is es-
pecially critical for NLP pipelines where analysis in each step builds on the analyses done in earlier components.

• Easy learning curve for the researchers who have diverse expertise in areas such as NLP parsing, semantic
ontologies, search, reasoning and ML but with little experience in distributed processing.

• UIMA decouples processing logic from run-time, scale-out considerations making collaborative research easier.

To simplify the experimental setup, both the input and the output of the pipeline were file based. The input to the
pipeline was complete EHRs and the output produced by the pipeline was stored as JavaScript Object Notation (JSON)
files in a high performance shared filesystem. The pipeline is run single-threaded per EHR and averages 15 minutes
for each EHR. To achieve high processing throughput, Distributed UIMA Cluster Computing (DUCC)21 was used
to vertically scale multiple pipelines in each process and horizontally scale processes across machines. Thus the
combination of UIMA and DUCC helped us achieve the goal of enabling and accelerating collaborative research
within our team while decoupling the concerns of performance and scaling, which we describe next.

5.3 Scalable Inference Processing

As detailed in Section 3, re-processing the entire EHR is both time consuming and resource intensive. To achieve
scalable inference, we developed a set of strategies based on the nature of the EHR data and information needs of the
individual analysis engine.

• Data segmentation.
• Workload segmentation using split-pipelines.
• Event-driven architecture that enables efficient scaled-out processing.
• A custom scheduler tuned for business-provided prioritization of workload.

We detail these key ideas in the following sections.
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5.3.1 Data Segmentation Based on Encounters

To efficiently processing an EHR update, it is important to differentiate the components of the EHR that need repro-
cessing from those that have not changed. We realized that the notion of an encounter is important for this purpose. An
encounter is defined as an interaction between a patient and healthcare provider for the purpose of providing health-
care services or assessing the health status of the patient22. All the information generated from a single encounter is
linked by an encounter ID within the EHR. Depending on the age of the patient and the frequency and complexity of
their care, the patient’s EHR can contain information from a few to potentially thousands of encounters. An encounter
may include multiple notes. As discussed in Section 3, note analysis must take into account the associated structured
data. However, it does not need to reference data from other encounters. When an EHR is modified, only the new or
modified encounters need to be processed. Thus, encounters provide a natural way to segment an EHR for data storage
and scale-out. By exploiting this fact, we developed an efficient mechanism for creating bundles of pending work that
could be efficiently scheduled. As a further processing optimization, encounters were grouped into EncounterBundles.

5.3.2 Workload Segmentation: Split-pipelines

Another key strategy that lowered the latency was to split the two kinds of summarization that shared the same under-
lying foundational NLP components, namely, note-level extractive summarization and EHR-level abstractive summa-
rization into two different pipelines. Powered by the modularity from UIMA, we split the end-to-end pipeline into two
simply through configuration changes.

• A note processing pipeline wrapped inside a NoteService that could be highly scaled-out. The input to Note-
Service is an EncounterBundle and the output is a collection of note-level insights for one or more encounters.

• A summary processing pipeline wrapped inside a SummaryService which optionally performed EHR-level
summarization but mainly assembled all EHR insights (at both note-level and EHR-level) into the standard
JSON formats.

Scale-out of note processing through NoteService yielded low latency when processing a full EHR, and it also enabled
finer grained processing priority changes (see Section 5.3.4). Thus, this granular segmentation of workload allowed
us to efficiently scale-out the work.

5.3.3 Event-driven Processing Architecture

To handle the two different kinds of triggers (appointments and EHR updates) specified in Section 4, the system needs
to be event-driven and have an intelligent mechanism for scheduling of EHR processing to handle an ever-changing
workload queue. Figure 3 shows the major components of this event-driven architecture that can coalesce and process
these Events with supplied business priorities.
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Figure 3: Event-driven Architecture

The SystemInterface component receives all appointments and EHR updates. Appointments for new patients (previ-
ously untracked by the system) would trigger the SystemInterface to fetch patient EHR data from the FHIR server
and submit to the DB, as well as to begin tracking new EHR updates for the patient. New EHR updates for existing
patients would cause the SystemInterface to fetch the update from FHIR and submit to the DB.

For new patients all notes and structured data would be fetched, separated into encounters, each converted to a standard
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format, and written to the DB. The SystemInterface maintains a record of the last time patient data was fetched
in order to request only notes that had been added or changed. Because the FHIR server did not support fetching
incremental change for structured data, encounters with modified structured data are identified by fetching the full set
of structured data and comparing to the prior copy saved in the DB. Modified encounters are then written to the DB.

The TaskAllocator periodically queries the DB for Events, and EHR processing tasks are scheduled or rescheduled
as appropriate. All outstanding tasks are processed in a particular order, with the order potentially changing on
every EHR update made by the SystemInterface. Refer to Section 5.3.4 for further details. Every idle NoteService
and SummaryService processing thread maintains an outstanding request for work from the TaskAllocator. The
TaskAllocator keeps track of which service (host, process id) received each task, along with an estimate for when the
task was likely to complete based on the task size. The TaskAllocator monitors the status of all services to which tasks
have been distributed to be able to resubmit uncompleted tasks assigned to failed services. It also monitors for tasks
that exceeded their expected lifetime (note processing time strongly correlates to note content size) by some threshold
in order to mark the task timed-out.

In order to minimize the impact of task management overhead (communication, DB operations, etc.), small encounters
are grouped together up to a target size into EncounterBundles (see Table 3). EncounterBundles are then processed
from largest content to smallest to minimize latency for each EHR.

The NoteTask sent to the NoteServices specifies an EHR identifier and a list of encounter identifiers (i.e Encoun-
terBundle) to be processed. Each encounter is retrieved from the DB, unpacked, and each of its notes processed in
sequence. The insights produced for all notes in the encounter are compressed and written to the DB. The Scheduler
initiates a SummaryTask after all of the encounters for an EHR are processed.

The SummaryTask sent to the SummaryServices specifies the EHR identifier and a list of all of its encounters. The
insights for each encounter are retrieved, unpacked, and combined into a single set of compressed insights saved in
the DB. When the SummaryTask is completed the TaskAllocator notifies the SystemInterface (via a DeliveryTask),
making it available for retrieval by the EHR system.

5.3.4 Scheduler

The primary goal of the scheduler is prioritizing the work done by the system based on the supplied business rules.
This involves the following tasks.

• Defining the granular system rules for prioritizing all Events.
• Scheduling and rescheduling EHR processing tasks (NoteTask, SummaryTask, and DeliveryTask).
• Maintaining tracking information for every allocated task.
• Rescheduling failed and timed-out tasks.
• Recovering from a system crash with minimal task reprocessing.

The SystemInterface can modify a previously submitted Event as long as the scheduler has not taken ownership of
the Event in the DB. This allows merging of multiple updates for an EHR into a single Event. Ownership prevents
the SystemInterface from modifying any EHR data after Event processing has started and before final notification
that Event processing has completed. Similarly, the scheduler can not take ownership of an Event owned by the
SystemInterface. Event ownership metadata also indicates the Process Identifier (PID) of the owning process, so that
ownership could be removed if the associated PID unexpectedly terminated.

Figure 4: Scheduler
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There are three stages in the processing of each Event, called NoteTask, SummaryTask and DeliveryTask. As mentioned
earlier, each Event includes one or more notes which may be processed in parallel (NoteTask). SummaryTask process-
ing cannot commence until all NoteTask processing for the Event has completed. Likewise DeliveryTask processing
must await completion of SummaryTask processing.

Events are submitted to the DB by the SystemInterface with an appointment time-stamp field and/or with a priority
integer field. These two fields were used to create a complete processing order for all Events as shown in Table 1
where t is current time and tappt is appointment time. All time-stamps are kept in UTC to support provider facilities
that span time zones.

Table 1: Processing order

Order Name Rule Notes
1 High priority 0 ≤ priority ≤ 1 Useful for handling walk-ins, fast-lane

requests and periodic processing of a
test EHR to monitor the overall system
health.

2 Imminent appointment t−1 hour ≤ tappt ≤ t+7 hours

3 Just missed appointment t−7 hours ≤ tappt ≤ t−1 hour
4 Low priority 2 ≤ priority ≤ ∞ For handling EHR updates.

5 Future appointment tappt > t+ 7 hours

6 Past appointment tappt < t− 7 hours

The scheduler maintains two typed queues: Priority and Appointment as shown in Figure 4. When a new Event arrives,
the scheduler places it onto the appropriate queue, along with its current state of processing. When a NoteService or
SummaryService thread requests work, it specifies the states of work it can accept. The scheduler searches the
Priority and Appointment queues in the global category order until an Event with matching state is located. If the
entry is unlocked, the scheduler takes ownership and creates an in-memory object that first fetches necessary EHR
details from the DB to manage all pending tasks, and then returns the next task to be done. If the entry is already
owned by a TaskAllocator or SystemInterface thread, the in-memory object returns the next task to be done. The
scheduler also receives notification of task completions, which are routed to the in-memory object they originated
from. If all tasks for the current state are completed, the object updates the DB and advances the Event state.

6 Results and Discussion

We evaluated the performance of the system with a representative set of 247 EHRs that also included content size
outliers from somewhat small to very large. Throughout the development process, we used this same set to continually
track the performance of the system and to verify that the insights from the production system matched that of the
research system.

Table 2: EHR statistics

Average EHR content

819 notes
483 encounters
819/483 = 1.7 notes /
encounter

Table 2 shows the average size of EHRs in this test set. It is not surprising that for
an outpatient facility the average number of notes per encounter is close to one, given
that each office visit, telephone or email consult is treated as a separate encounter by
the provider EHR system. Table 3 shows details on processing times and results size
for the latest production version of the system. We summarize the results below.
Baseline system: The average processing time for an entire EHR on a single CPU was
about 15 minutes, with very large EHRs taking several times longer. With the baseline
system described in Section 4, meeting the updated NFR of over 30,000 updates a day
with a reasonable cost-performance ratio was not achievable.
Redesigned system: By employing the techniques described in Section 5, we developed a system that could process
the EHR updates incrementally.
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1. In the new system, the typical processing time for a single update was under 7 seconds. This includes note
processing (1.7 ∗ 1.1 ≈ 2 sec.) and summary processing (4.2 sec.), ignoring the negligible scheduling overhead.
In terms of storage overhead, the average size of processed results for EHRs was 2.5 MB. The cost of storing
previously computed insights doubled the average results size to 5 MB per EHR.

2. Because NoteService threads were easily scaled-up and task priority changed dynamically, processing latency
for even the longest, never-previously-processed EHRs could be brought down to just a few minutes.

Table 3: Processing statistics

Parameter Value
Cumulative

Avg. wall-clock time / EHR 915 sec

Min wall-clock time / EHR 143 sec

Max wall-clock time / EHR 5100 sec

Avg. CPU time / EHR 867 sec

Encounter bundle aggregation size 10K chars

Overhead

Avg. storage overhead / EHR 5 MB

Avg. scheduling overhead / task 0.1 sec

Parameter Value
Note Service

Avg. CPU time / note 1.1 sec

Avg. CPU time / encounter 1.8 sec

Avg. CPU / encounter bundle 10.8 sec

Median CPU / encounter bundle 8.8 sec

Max CPU / encounter bundle 119 sec

Summary Service

Avg. wall-clock time / EHR 6.1 sec

Avg. CPU time / EHR 4.2 sec

The improvements helped us meet the NFR for our production system with no increase to the hardware footprint.

7 Conclusion

In this work we presented a system architecture for efficiently generating AI insights from EHRs with complex NLP
analytics. The system was deployed in production for an outpatient facility and designed to handle at least 30,000
EHR updates per day while achieving desirable operating cost-performance goals. While there has been tremendous
progress in the development of NLP algorithms and methods for healthcare, deployed production AI applications,
such as our system, are still in early stages. The key takeaway from this work is that to design efficient solutions it is
important to understand the clinical workflow behind the generation of EHRs and the information needs of individual
AI analysis engines. We envision that as the AI adoption within EHR systems mature, much of the NLP analysis could
be done during the authoring of clinical notes, reducing the overall solution complexity and operational cost.
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Abstract 

The objective was to re-tool the existing claims-based measure NQF2940 “Use of Opioids at High Dosage in Persons 

Without Cancer” to an electronic clinical quality measure (eCQM) for use by orthopedic practices to assess 

potentially inappropriate high-dose post-operative opioid prescribing practices. Measure specifications were revised 

based on stakeholder feedback, initial testing and a targeted review of the literature. The eCQM was developed and 

alpha tested on 9,108 opioid-naïve patients who received an elective primary total hip or total knee arthroplasty at 

Mass General Brigham (formerly Partners HealthCare System) from 2016 to 2018. Thirty-eight percent of patients 

were prescribed high doses (defined as an average daily dose ≥90 morphine milligram equivalents) for the duration 

of their post-operative opioid prescriptions, demonstrating that this is a meaningful performance measure with 

substantial opportunity for improvement. National implementation and reporting of this eCQM could be used to 

facilitate quality improvement to deliver standardized, safe and high-quality care. 

 

Introduction 

Over the past two decades, opioid prescribing has more than quadrupled, and opioid overdoses have increased six-

fold1. In the U.S., 130 people die every day as a result of opioid overdose, and it is estimated that 40% of these deaths 

are associated with prescription opioids2. Driven by this opioid epidemic, there has been growing interest in the 

measurement and reporting of meaningful clinical quality measures (CQMs) related to opioid use.  

In response, the Pharmacy Quality Alliance (PQA) has undertaken the development of various claims-based measures 

informed by current practice guidelines3. For example, PQA developed the NQF2940 measure which reports on Use 

of Opioids at High Dosage in Persons Without Cancer, which was endorsed in 2017. The current version of NQF2940 

reports on the percentage of Medicare beneficiaries who were dispensed opioids at an average daily dose ≥90 morphine 

milligram equivalents (MME) for a period of at least 90 days during the calendar year4. The current measure threshold 

aligns with the Centers for Disease Control and Prevention (CDC) Guideline for Prescribing Opioids for Chronic 

Pain, which recommends avoiding doses ≥90 MME per day to manage chronic pain5. 

Excessive prescribing for management of acute to chronic post-operative pain has also been acknowledged as a 

contributor to the current opioid epidemic with surgeons prescribing approximately 10% of opioids annually6. 

Orthopedics is among the top three opioid-consuming specialties7. Patients receiving a total hip arthroplasty (THA) 

or total knee arthroplasty (TKA) are generally prescribed more opioids (i.e., higher doses for longer durations) than 

other common orthopedic surgeries due to the painful nature of the procedures and recovery time8. 

Despite the analgesic benefits of opioids, excessive prescribing can place patients at increased risk of harm including 

acute adverse events (e.g., respiratory depression), overdose, dependence, and death9. Over-prescription also creates 

the opportunity for diversion to and misuse by others. These practices place many patients at risk, and the numbers 

will increase over time given that demand for THA and TKA is expected to reach 500 thousand and 3.5 million 

procedures respectively by the year 203010.  

However, there is little guidance or consensus around safe and effective post-operative prescribing practices, and even 

less for specific procedures such as THA or TKA11. As a result, there is wide variation in the dose, duration and 

number of refills of opioid medications prescribed after surgical discharge7. Evidence suggests that orthopedic 

providers overprescribe opioids after THA and TKA, highlighting a need for quality improvement and an opportunity 

to standardize safe and high-quality care8,12,13. 
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There are numerous benefits associated with developing an electronic clinical quality measure (eCQM) to assess 

excessive post-operative prescribing over a claims-based measure. For example, leveraging electronic health record 

(EHR) data: (1) provides access to more information, which improves the accuracy of the measure; (2) decreases the 

burden of performance measurement; and (3) allows for more timely reporting. This approach also allows for 

assessment of all adult patients, rather than being limited to Medicare beneficiaries aged 65 years or older. This is 

important given that the proportion of younger patients receiving THA or TKA has increased over time with 

approximately half of these procedures done in patients under the age of 65 years14. Most notably, the eCQM can 

provide clinicians with access to performance data in real time, facilitating continuous quality improvement.  

Therefore, the objective of this work was to re-tool an existing CQM for chronic opioid use (i.e., NQF2940) to an 

eCQM to assess potentially inappropriate high-dose post-operative opioid prescribing practices following elective 

primary THA or TKA. This manuscript describes the design, development and testing of the novel eCQM to facilitate 

performance measurement around the safety of physician prescribing practices following THA or TKA procedures. 

 

Methods 

Key Informant Interviews 

Massachusetts Health Quality Partners (MHQP) was contracted to conduct structured interviews between March and 

October 2019 with THA/TKA patients, healthcare providers, and Massachusetts payers to inform development of the 

eCQM. Participants were recruited based on the following criteria: 

➢ English-speaking patients aged 18 years or older who received a THA or TKA at Brigham and Women’s Hospital 

or Brigham and Women’s Faulkner Hospital between January 1, 2017 and October 9, 2019 were eligible to 

participate. Investigators identified potential participants and provided names, mailing addresses, and phone 

numbers to MHQP. MHQP mailed recruitment letters, and interested patients were asked to contact MHQP to 

participate. 

➢ Orthopedic providers including surgeons, physician assistants, nurse practitioners, physical therapists, 

occupational therapists, and medical assistants practicing at Mass General Brigham were eligible to participate. 

The principal investigator sent recruitment emails to potential participants, and interested providers were asked 

to contact MHQP to schedule an interview. 

➢ Massachusetts health plan payers covering orthopedic procedures were eligible to participate. MHQP sent 

recruitment emails to members of its Health Plan Council. Interested payers were asked to contact MHQP to 

participate. 

Technical Expert Panel (TEP) Consultations – Round 1 

The eCQM was presented for discussion and feedback at a TEP meeting held on April 25, 2019. The TEP included 

patients and caregivers, as well as healthcare providers and research scientists with expertise in orthopedics, clinical 

and health services research, and development of performance measures. Members provided feedback on the initial 

specifications for the eCQM informed by NQF2940, appropriateness of inclusion/exclusion criteria, approaches to 

calculate the length of the opioid episode and the total morphine milligram equivalent (MME) prescribed during the 

opioid episode, and challenges in re-tooling a claims-based measure to create an eCQM. 

Initial Testing - Application of NQF2940 Specifications 

The specifications of the endorsed NQF2940 Use of Opioids at High Dosage in Persons Without Cancer measure 

were used to calculate the rate for patients who received an elective primary THA or TKA. NQF2940 is a claims-

based measure that reports the percentage of patients who received an average daily dose ≥90 MME for a period of at 

least 90 days during the calendar year4. The NQF2940 denominator includes patients with 2 or more prescription 

claims totaling at least 15 days. Three modifications were applied to make the orthopedic eCQM fit for purpose: (1) 

patients who received at least one post-operative opioid prescription were included in the measure denominator, since 

the eCQM aims to assess management of acute to chronic post-operative pain; (2) in order to place attribution at the 

orthopedic practice level, only opioid prescriptions written within 90 days of surgical discharge were included; and 

(3) given that the purpose of this work was to re-tool a claims-based measure into an eCQM, prescriptions documented 

in the EHR were used to calculate the rate. The rate was calculated based on manual chart reviews of a randomly 

selected subset of patients who received an elective primary THA or TKA at Mass General Brigham (MGB) (formerly 

Partners HealthCare System) between January 1, 2016 and December 31, 2018.  
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Targeted Review of the Literature, Relevant Clinical Guidelines, and Prescribing Legislation 

A targeted review of the literature was conducted as recommended by the TEP members focusing on (1) the 

association between post-operative opioid dosing and harm, and (2) prescribing practices following THA/TKA and 

other common surgical procedures. Relevant post-operative prescribing guidelines and U.S. legislation were also 

reviewed. The findings were presented to the TEP at the September meeting to inform decision making about the 

eCQM specifications. 

TEP Consultations – Round 2 

The eCQM was presented for discussion and feedback at a second TEP meeting held on September 13, 2019. This 

meeting focused on the following: (1) presenting a targeted review of the literature to inform development of the 

eCQM as suggested by TEP members; (2) approval of modified inclusion and exclusion criteria to define the 

denominator population; (3) results from testing of initial specifications; and (4) review and selection of alternative 

specifications to ensure a meaningful measure with opportunity for improvement. 

Alpha Testing at MGB 

Informed by initial testing and current literature, modified eCQM specifications were selected and approved for alpha 

testing by the TEP. Records of adult patients who received an elective primary THA or TKA between January 1, 2016 

and December 31, 2018 were extracted from the MGB EHR (i.e., EPIC) using Clarity (i.e., the EPIC database). 

Exclusion criteria documented in the EHR (e.g., health history and pre-operative opioid use) were used to build the 

denominator population. The number of patients excluded with reasons were reported. Descriptive statistics were 

calculated to characterize the type of surgery received, sociodemographic characteristics, and receipt of post-operative 

opioids by patients included for alpha testing. Documented prescriptions were extracted from the EHR to calculate 

the average daily dose of opioids prescribed to the patient within the 90 days after surgical discharge. The percentage 

of patients who received a high dose for the duration of their post-operative prescriptions was calculated and reported, 

stratified by categories for average daily dose (i.e., ≥90 MME; 50 to <90 MME; and <50 MME). 

Testing eCQM Logic using BONNIE 

The draft specifications were used to create the eCQM using the Centers for Medicare and Medicaid Services (CMS) 

Measure Authoring Tool (MAT)15. The measure was uploaded to BONNIE, a MAT-integrated application, to test and 

verify the behavior of the eCQM logic16. The BONNIE application was used to inspect the measure logic, build 

synthetic test patient records, and set expectations on how the test records will calculate against the measure. Through 

the BONNIE-supported eCQM testing framework, various test cases were used to verify correct inclusion of synthetic 

patients into the target measure components: initial population, denominator, denominator exclusion, and numerator. 

The agreement between the expected and the actual results were assessed to verify the eCQM logic. This approach is 

recommended for developing eCQMs intended for CMS Quality Reporting Programs. 

 

Results 

Key Informant Interviews 

Eighteen patients, 10 orthopedic providers, and 5 Massachusetts payers participated in structured interviews to guide 

the design and development of the eCQM. Patients perceived the measure as meaningful and described value in 

reporting the measure to help inform patient decision making, provider education and hospital policies, but did not 

identify any value for payers. Providers and payers were less supportive and expressed concerns that the measure 

could have important unintended consequences. Orthopedic providers acknowledged that the measure could result in 

lower-dose opioid prescribing practices after surgery but warned that implementing the measure could lead to 

inadequate post-operative pain control for some patients as well as providers potentially refusing to operate on patients 

who are taking opioids prior to the surgery. Similarly, payers were concerned that orthopedic providers may focus on 

improving eCQM performance scores at the expense of providing high-quality patient care. As a potential solution, 

some payers recommended excluding patients with prior opioid use from the measure denominator or establishing the 

definition for ‘high-dose’ opioid prescribing retrospectively to reduce the potential for gaming the measure. 

There was little consensus around the most appropriate level of attribution for the eCQM. Patients reported that 

attribution across all levels including providers, clinician groups and hospitals may be appropriate. Payers suggested 

that attribution should be at the provider level; however, orthopedic providers did not support attribution at this level 

given that opioid prescribing practices are not entirely within their control. 
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TEP Consultations – Round 1 

At the April 25, 2019 meeting, TEP members supported harmonization of the eCQM to the extent possible with 

NQF2940; approved harmonization of the denominator with another eCQM currently under development (re-tooling 

of NQF1550 to an eCQM)17; proposed harmonization with Mathematica’s Potential Opioid Overuse eCQM to identify 

relevant opioid medications for inclusion in the measure; and proposed applying the diagnosis of sickle cell disease 

and opioid use disorder to the denominator exclusion criteria. Members also provided feedback on the timeframe for 

attributable post-operative opioid prescribing (i.e., 90 days after surgery) and suggested a lookback period of 30 days 

to identify opioids prescribed prior to surgery. One TEP member suggested calculating the average daily dose based 

on the duration of post-operative prescriptions rather than the full 90 days after surgery. The TEP also suggested a 

targeted review of the literature focusing on (1) the association between opioid dosing and harm (e.g., overdose), and 

(2) opioid prescribing practices following THA/TKA and other common surgical procedures.  

Initial Testing - Application of NQF2940 Specifications 

Of 182 patient records that were randomly selected for manual chart review, only 1 patient (0.5%) was prescribed an 

average daily dose ≥90 MME over the 90 days following surgical discharge. This patient had documented pre-

operative opioid prescriptions that were continued after the surgery. These results indicated that applying the 

NQF2940 specifications to the target population of patients receiving an elective primary THA or TKA showed very 

little room for improvement and was therefore not considered to be a meaningful measure. 

Targeted Review of the Literature, Relevant Clinical Guidelines, and Prescribing Legislation 

Over-prescription of opioids, either in high quantities or at high doses, has been linked to considerable patient harm 

including overdose, development of opioid use disorder, and death9. Prescribing excessive amounts of opioids also 

creates the opportunity for diversion to and misuse by others. Three characteristics of post-operative discharge 

prescriptions could be used to measure potentially unsafe opioid prescribing practices: duration of prescription(s) (i.e., 

days’ supply), total number of pills (i.e., cumulative dose), or average daily dose. 

Duration (i.e., Days’ Supply) 

Longer durations of initial opioid prescriptions as well as receipt of additional prescriptions (i.e., refills) are associated 

with an increased risk of chronic opioid use at 1 and 3 years18. In response, many U.S. states have passed legislation 

limiting the number of days’ supply for initial prescriptions for opioid naïve patients with statutory limits ranging 

from 3 to 14 days19. With few exceptions, the legislations do not specify the maximum dose for a days’ supply.  

The association between the initial duration and increased risk has also been documented for post-operative 

populations20. The 2018 Prescribing Opioids for Postoperative Pain – Supplemental Guidance recommends 

prescribing opioids for no more than 14 days after THA or TKA21. This threshold was selected based on evidence that 

this duration would effectively manage pain in >75% of patients without requiring refills. The guideline recommends 

using the lowest effective dose of short-acting opioids but does not specify a maximum daily limit. 

Total Number of Pills (i.e., Cumulative Dose) 

Focusing on days’ supply may still lead to over-prescription of opioids if high doses are prescribed; for example, a 

physician may prescribe 2 pills every 4 hours for 7 days = 84 pills21. The Supplementary Postoperative Pain Guideline 

recommends against prescribing the total number of pills equivalent to the allowable maximum dose, since patients 

should take pills less often as the surgical wound heals. Using the above example (i.e., maximum dose = 2 pills every 

4 hours for 7 days), a patient could reasonably be prescribed a total of 42 pills for approximately 1 week with 

instructions to taper the medication as pain resolves. 

Several organizations have proposed guidelines based on prescribing a specific number of pills (i.e., cumulative dose) 

rather than days’ supply. Mayo recently implemented a departmental guideline limiting prescribing of opioids to a 

maximum of 400 MME (e.g., 50 tablets of 5 mg oxycodone) following THA or TKA in opioid naïve patients22. The 

guideline was informed by a recent study showing that the median amount of opioids prescribed after THA was ~575 

MME with a median consumption of 110 MME in the 30 days after surgical discharge23. The median total MME 

prescribed decreased after guideline implementation with no impact on the 30-day refill rate22. 

The Michigan Opioid Prescribing Engagement Network (OPEN) established similar guidelines to prescribe 0-30 tabs 

of 5mg Oxycodone for THA and 0-50 tabs for TKA24. The OPEN guideline was defined based on the number of pills 

required to adequately manage post-operative pain in ~75% of patients following THA or TKA9. After statewide 
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implementation, opioid consumption decreased by half with no clinically significant changes to patient-reported 

satisfaction with care or pain25. 

Daily Dose 

Risk of opioid overdose and death increase in a dose-response manner, with a significantly increased risk in patients 

prescribed ≥50 MME per day26. Therefore, applying a cumulative dose guideline in the context of state legislation 

may still lead to potentially inappropriate prescribing practices, particularly in states restricting initial duration to only 

a few days. Furthermore, the Mayo and OPEN guidelines were developed to adequately manage pain in most patients 

without refills; however, a subset of patients may require additional opioid prescriptions at an effective dose to manage 

pain without unnecessarily increasing risk of adverse events.  

According to the CDC, prescriptions ≥100 MME per day are associated with significant risks, doses of 20 to 50 MME 

per day are relatively safer, and doses <20 MME are considered the safest5. However, there is no clear dose at which 

overdose risk is eliminated. The American College of Occupational and Environmental Medicine Practice Guideline 

for Postoperative Pain recommends prescribing no more than 50 MME per day in opioid naïve patients for acute 

pain26. However, the recommendation is based on “insufficient” evidence and with “moderate confidence.” A few 

states have recommended daily maximum doses for initial opioid prescriptions ranging from 30 to 100 MME19. 

Given the little room for improvement based on the initial testing, four alternative specifications were proposed based 

on the literature: 

➢ Option A: Calculate the average daily dose over a shorter post-operative period (e.g., 30 days after surgical 

discharge), rather than 90 days. 

➢ Option B: Calculate the average daily dose based on the duration of post-operative prescription(s), rather than a 

specified post-operative period. 

➢ Option C: Set a total or cumulative MME threshold (e.g., 400 MME total, equivalent to 50 tablets of Oxycodone), 

rather than an average daily dose. 

➢ Option D: Set a lower MME threshold (e.g., average daily dose ≥50 MME), rather than ≥90 MME. 

TEP Consultations – Round 2 

At the September 13, 2019 meeting, TEP members approved two additional exclusion criteria for patients who: (1) 

underwent a separate THA- or TKA-related procedure within the 90 days prior to the index admission or 90 days after 

surgical discharge given that a higher MME may be appropriate in such cases, and (2) were prescribed opioids within 

the 90 days prior to the index admission, considering that orthopedic providers may have limited control over opioids 

prescribed in the post-operative period. Based on initial testing, it was determined that developing an eCQM using 

these specifications would not result in a meaningful measure to improve orthopedic practice since there would be 

little opportunity for improvement. As an alternative, the TEP supported calculating the average daily dose using 

Option B, which defines the duration of post-operative opioid use based on the last day of the last opioid prescription. 

The TEP supported use of an average daily dose of ≥90 MME for this eCQM. 

Alpha Testing at MGB 

Based on stakeholder feedback, initial testing and a review of the literature, the following specifications were endorsed 

by the TEP: 

➢ Denominator – patients aged 18 years or older, covered by any healthcare payer, who received an elective primary 

THA or TKA where all inclusion criteria are satisfied, and no exclusion criteria apply (Appendix Table 1). 

➢ Numerator – the subset of patients from the denominator who were prescribed an average daily dose ≥90 MME 

for the duration of their post-operative opioid prescription(s), up to a maximum period of 90 days after surgical 

discharge. 

The opioid medications included for this eCQM were harmonized with updated NQF2940 specifications (Appendix 

Table 2)29. The eCQM is reported as a percentage, where lower percentages indicate safer care. 

The target population consisted of 12,090 patients who received a THA or TKA procedure from January 1, 2016 to 

December 31, 2018 at MGB. Of these patients, 9,108 met the inclusion and exclusion criteria and were included in 

the alpha testing (Appendix Figure 1).  
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Table 1. Characteristics of the patients included in the denominator population (n = 9,108) 

Characteristic Percentage (%) 

Orthopedic Procedure 

     Total Hip Arthroplasty 41.9 

     Total Knee Arthroplasty 58.1 

Age 

     ≥ 65 years 56.2 

     < 65 years 43.8 

Primary Language 

     English 95.5 

     English as a Second Language 4.5 

Sex 

     Male 42.4 

     Female 57.6 

Race 

     White 90.0 

     Black or African American 3.6 

     Asian 1.5 

     Hispanic or Latino 0.6 

Received an Opioid Prescription at Surgical Discharge 

     Yes 99.1 

     No 0.9 

 

Of the 9,108 patients, most (99.1%) received an opioid prescription at surgical discharge. Patients who were included 

in the alpha testing tended to be female (57.6%) and white (90.0%) with English as their primary language (95.5%) 

(Table 1). Overall, 38% of opioid naïve patients who received an elective primary THA or TKA were prescribed an 

average daily dose ≥90 MME for the duration of their post-operative opioid prescriptions. However, the percentage 

considerably decreased over time from 47% in 2016 to 31% in 2018 (Figure 1). Notably, the percentage of patients 

prescribed between 50 and <90 MME remained stable from 2016 to 2018, with the percentage prescribed less than 50 

MME increasing over time. 

 

 

Figure 1. Percentage (%) of patients prescribed an average daily dose ≥90 morphine milligram equivalents (MME), 

between 50 and <90 MME, and less than 50 MME for the duration of their post-operative opioid prescriptions (up to 

a maximum period of 90 days after surgical discharge) following an elective primary THA or TKA procedure. 

Percentages are provided for the total population and stratified by year of surgery. 
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Testing eCQM Logic using BONNIE 

Forty-nine test cases were used to validate the eCQM logic using BONNIE. Testing focused on selection of the initial 

population (3 test cases); denominator exclusions (Appendix Table 1) (23 test cases); calculation of the average daily 

dose in MME to determine inclusion in the measure numerator (23 test cases). Each test case compared the expected 

and the actual results for inclusion in the initial population, measure denominator, and measure numerator, as well as 

documented denominator exclusion criteria. BONNIE testing showed 100% agreement for all 49 test cases, 

demonstrating that the eCQM logic supported the measure intent. 

 

Discussion and Implications 

This manuscript describes the re-tooling of an existing CQM for chronic opioid use (i.e., NQF2940) to an eCQM to 

assess potentially inappropriate high-dose opioid prescribing practices following elective primary THA or TKA. The 

specifications were developed based on stakeholder feedback, initial testing and a targeted review of the literature. 

The eCQM measures the percentage of opioid naïve patients who received an elective primary THA or TKA and were 

prescribed an average daily dose ≥90 MME for the duration of their post-operative opioid prescription(s). Overall, 

38% of opioid naïve patients who received an elective primary THA or TKA at MGB from 2016 to 2018 met these 

criteria, demonstrating that this is a meaningful measure with substantial opportunity for improvement.  

Notably, performance improved over time with the percentage decreasing from 47% (2016) to 31% (2018), indicating 

a shift toward safer opioid prescribing practices over time. This decrease may have occurred as a result of increased 

focus on safer opioid prescribing practices in general as well as the release of CDC’s Guideline for Prescribing 

Opioids for Chronic Pain, which recommends avoiding doses ≥90 MME per day to manage chronic pain5. However, 

the guideline clearly states that the recommendations are not intended for management of post-operative pain. Post-

surgical guidelines exist but provide information around appropriate durations for opioid use rather than 

recommendations for safe and effective post-operative dosing. As a result, orthopedic practices may be applying the 

CDC guideline to inform dosing of opioids to manage post-operative pain, highlighting a need for better guidance.  

National implementation of the eCQM could facilitate quality improvement around safer opioid dosing practices and 

standardization of post-operative pain management for THA and TKA. The measure currently applies a threshold of 

≥90 MME; however, the specifications could be modified as post-operative prescribing guidelines are updated with 

dosing recommendations. This approach was taken with NQF2940, where the initial threshold was set at ≥120 MME 

but was re-assessed and modified to ≥90 MME4,30. 

The intent is for the eCQM to be reported as a part of a Merit-based Incentive Payment System (MIPS) participation 

pathway of the Quality Payment Program (QPP) to allow orthopedic practices to receive performance-based pay for 

the quality of care provided to their patients. The eCQM results would also be publicly reported on Hospital Compare 

to provide patients with valuable information to select orthopedic practices for THA or TKA. A key benefit of 

developing this measure as an eCQM is the ability to report on patients under the age of 65 years, which accounted 

for 43.8% of the denominator population included in the alpha testing for this measure. 

The eCQM aims to reduce clinician reporting burden by leveraging data routinely documented in the EHR. Integration 

of this eCQM into an EHR also includes a function to create a real-time report showing orthopedic practices’ 

performance to-date. This will provide the opportunity to monitor the performance of current opioid prescribing, assess 

whether quality improvement initiatives are having the intended effect as well as understand any potential unintended 

consequences of improvement activities. 

However, despite all the benefits, there have been challenges with re-tooling a claims-based measure to an eCQM. 

There may be incomplete data for patients who receive care across multiple health care systems. In order to better 

understand this potential limitation, a sensitivity analysis will be conducted restricting the population to patients who 

live within a 25-mile radius of each MGB site. The assumption is that the EHR would have complete information for 

these patients since they are likely to receive all their care within MGB-affiliated hospitals and clinics.  

To date, the eCQM has only been tested using MGB data. MGB is a high-performing organization with limited 

diversity in the population who received a THA or TKA, and the results may not be generalizable across the U.S. 

Based on the literature, a large degree of variation is expected for this eCQM between orthopedic practices in different 

states31. In order to demonstrate variation and reinforce that this is a meaningful measure, the eCQM will be tested 

using a different EHR in a geographically distant health system serving a more diverse population. 
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Conclusion 

This work led to the development of a novel eCQM to assess high-dose prescribing for opioid naïve patients following 

THA or TKA. The alpha testing demonstrated that this is a meaningful measure that has the potential to reduce opioid 

prescribing with minimal impact on pain control and thus offers substantial opportunity for improvement. The 

overarching goal of this work is to receive NQF endorsement and implement the measure as part of the QPP to provide 

meaningful performance measurement that can be used to facilitate quality improvement to deliver standardized, safe 

and high-quality care. 
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APPENDICES 

Appendix Table 1. Summary of exclusion criteria with the source 

Exclusion Source 

Patient was prescribed opioids within 90 days prior to 

the index admission 
Literature Review8,27,28 

Patient received a diagnosis of opioid use disorder 

within the 365 days prior to the index admission 
Literature Review8,27,28 

The patient had a cancer diagnosis within the 365 days 

prior to the index admission or 90 days following 

surgical discharge 

NQF2940: Use of Opioids at High Dosage in Persons 

Without Cancer4 

The patient had a diagnosis of sickle cell disease 

within the 365 days prior to the index admission or 90 

days following surgical discharge 

Updated NQF2940: Use of Opioids at High Dosage in 

Persons Without Cancer4 

The patient received hospice or palliative care within 

the 365 days prior to the index admission or 90 days 

following surgical discharge 

NQF2940: Use of Opioids at High Dosage in Persons 

Without Cancer4 

The patient was discharged against medical advice 

(AMA) 

Risk-standardized complication rate (RSCR) following 

elective primary total hip arthroplasty (THA) and/or 

total knee arthroplasty (TKA) electronic clinical 

quality measure (eCQM)17 [Under development] 

The patient received a separate THA- or TKA-related 

procedure within the 90 days prior to the index 

admission or 90 days after surgical discharge 

Risk-standardized complication rate (RSCR) following 

elective primary total hip arthroplasty (THA) and/or 

total knee arthroplasty (TKA) electronic clinical 

quality measure (eCQM)17 [Under development] 
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Appendix Table 2. Opioid medications included in the calculation of the eCQM 

Opioids 

Butorphanol Hydrocodone  Methadone Oxymorphone 

Codeine Hydromorphone Morphine Pentazocine 

Dihydrocodeine Levorphanol Opium Tapentadol 

Fentanyl  Meperidine  Oxycodone  Tramadol 

Exclusions: 

• Injectable formulations, and opioid cough and cold products. 

• Buprenorphine products; as a partial opioid agonist, buprenorphine is not expected to be associated 

with overdose risk in the same dose-dependent manner as full agonist opioids. 

 

 

 

Appendix Figure 1. Flowchart describing the eCQM exclusion criteria 
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Abstract 

Dental and medical providers require similar patient demographic and clinical information for the management of a 
mutual patient. Despite an overlap in information needs, medical and dental data are created and stored in multiple 
records and locations. Electronic health information exchange (HIE) bridge gaps in health data spread across various 
providers. Enabling exchange via query-based HIE may provide critical information at the point of care during a 
dental visit. The purpose of this study is to characterize query-based HIE use during dental visits at two Federally 
Qualified Health Centers (FQHCs) that provided on-site dental services. First, we determine the proportion of dental 
visits for which providers accessed the HIE. Next, site, patient and visit characteristics associated with query-based 
HIE use during dental visits are examined. Last, among dental visits with HIE use, the aspects of the HIE that are 
accessed most frequently are described. HIE use was low (0.17%) during dental visits, however our findings from this 
study extend the body of research examining HIE use by studying a less explored area of the care continuum.   

Introduction 

Dental providers and medical providers require similar patient demographic and clinical information for the 
management of mutual patients1. For example, when caring for diabetic patients, dental providers need to know the 
patient’s medications and most recent HbA1c value, a measure that indicates blood sugar control. Uncontrolled 
diabetes may cause burning sensation and dryness in the mouth, salivary dysfunction, an increased risk for caries 
and gingivitis, and impaired/delayed wound healing2.  Additionally, dental providers need to be cognizant of 
medical conditions that can impact selection of antibiotics, analgesics, and anesthesia for dental procedures and 
conditions3-5. Given that poor oral health is associated with several chronic conditions, managing these complex 
patient comorbidities requires up-to-date health information6-8.  
 
Despite these information needs in dental practice, medical and dental data are frequently stored in multiple records 
and locations. As a result, the accuracy of data within dental records is often based on a patient’s ability to recall 
prescription names, dosages, and details associated with the services rendered from other health providers. This 
contributes to high observed rates of discrepancies between medical and dental records (72-86%),1,9-12 which may in 
turn lead to duplicative and inefficient care, medical errors, and suboptimal patient experiences1,13,14. 
 
Electronic health information exchange (HIE) bridges gaps in health data spread across various providers, including 
dentists8,13-16. The adoption of electronic records by medical and dental providers has increased over the last decade, 
offering an opportunity to link patients’ dental records with their medical records through a HIE17,18.  Using HIE, a 
dental provider can search for relevant medical information missing from the electronic dental record (EDR), 
removing the reliance upon patient recall of this information. One form of HIE – query-based HIE– is particularly 
well-suited to meet missing information needs, as it does not generally require providers to implement new software 
within practice settings19. Providers simply log in to a web-based HIE query portal to search for outside patient 
health information. Enabling exchange via query-based HIE may reduce information discrepancies across health 
records – including dental records – and provide critical information at the point of care19. 
 
Recent federal policies, such as the Health Information Technology for Economic and Clinical (HITECH) act and 
the 21st Century Cures Act, provide incentives for HIE development and encourage exchange of electronic health 
information between all health providers, including dentists13,20. Taken together, the clinical information needs of 
dentists combined with this policy emphasis makes dental use of HIE an important area of study; however, dental 
providers’ use of the HIE is not well understood. Given the relative paucity of evidence, it is important to determine 
the extent to which dental providers use HIE and what types of outside clinical information are valuable to a dental 
provider.  
 
The purpose of this study is to characterize query-based HIE use during dental visits at two Federally Qualified 
Health Centers (FQHCs) that provide on-site dental services. First, we determine the proportion of dental visits for 
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which providers accessed the HIE. Next, we analyze patient and visit characteristics associated with query-based 
HIE use during dental visits. Last, looking within the sample of dental visits with HIE use, we use HIE audit logs to 
determine the most frequently accessed HIE information. This is the first study to examine HIE use in the dental 
context, and our results provide baseline rates of query-based HIE use for dental visits and describe aspects of the 
nature of that use. This study’s findings are of value to health systems seeking to increase the use of HIE and health 
information technology broadly across multiple unique providers, including dental practices. HIE system designers, 
health system administrators, government agencies, and provider organizations working to integrate medical and 
dental care may gain insights into dental provider information needs. Finally, our study extends the body of research 
examining HIE use among clinical providers across clinical settings by examining an under-explored area of the 
care continuum. 

Methods 

Setting 

Two FQHCs – Anthony Jordan Health Center (AJHC) and Oak Orchard Community Health Center (OOCHC) – in 
the Rochester, New York area had access to the query-based HIE portal of the Rochester Regional Health Organization 
(RHIO). Each FQHC site provided dental services on-site and utilized a dental module built into the EHR to collect 
and document data.  More specifically, dental professionals would begin in the EHR under the patient’s name and 
then open the EDR module to document the information specific to the mouth and the patient’s oral health. 

The Rochester RHIO is a not-for-profit health information organization in Western New York State that provides HIE 
services to 13 counties in the region. The organization has developed and maintained a secure web-based portal that 
affords authorized providers and clinical staff members from participating health care organizations access to patient 
health information provided by its more than 100 data-contributing organizations. Contributor organizations include 
hospitals, reference laboratories, physician practices, public health organizations, payers. During the time of our study, 
more than two-thirds of hospitals and physician practices in the region participated in the HIE, which contained 
information on more than 1 million patients. These data consist of discharge summary documents, diagnoses, 
medication history, laboratory results, radiology reports and images, and information from payers. After users are 
provisioned with an account by the RHIO, users log in to the portal to search for a patient and confirm that the patient 
has consented to data sharing. New York is an “opt-in” HIE state, meaning that patients must explicitly give 
permission for their data to be shared between providers21. Almost all (97%) of patients in the Rochester RHIO consent 
to HIE22. Once in the HIE, the user is presented with a summary tab including the patient’s recent laboratory values, 
radiology results and reports, admission-discharge-transfer (ADT) notifications, and medication history. From this 
landing page, users can navigate to section tabs specific to laboratory results, radiology results, reports, or ADT 
notifications, with additional detail available on those tabs. If users require a more detailed or higher-intensity look at 
patient data, they may also access documents specific to a single laboratory test, medication, radiology report, or ADT 
notification. 

Data & Sample 

Clinical EHR data was retrieved from the two FQHCs during January 2012 through December 2015. We identified 
dental visits via the visit type and description fields of the EHR data. This data also included an anonymized patient 
identifier for matching with HIE use log data, the patient’s gender, age, visit date, and the unique employee identifier 
for the provider seen during the visit. 

The Rochester RHIO provided detailed access log data documenting use of the query portal by all users at the two 
FQHCs in our study during the same four-year period. An HIE event observation includes click-level data capturing 
the unique portal user, the site with which that user was affiliated, the portal page(s) viewed by the user, timestamps 
for each action (i.e. click) and a unique anonymized patient identifier allowing for linkage to the patient’s clinical 
EHR data. These observations are divided into two types: records of section tab viewing and records of document 
viewing. Within the query portal, there are tabbed sections for a patient summary, laboratory results, radiology results, 
radiology reports, ADT alerts, and medications. Document viewing is logged whenever a user clicks to view a specific 
result, for example a comprehensive metabolic panel result from a laboratory or an ADT report from a recent 
emergency department visit. (See Figure 1) 

We linked the HIE query portal data and dental visit data by matching the patient identifier and dental visit dates to 
all HIE use taking place in the two days prior to the visit or on the visit date. We limited qualifying HIE use to use by 
a user from the site at which the visit occurred. We limited the sample of patient dental visits to those that did not have 
medical visits in the two days prior to the dental visit or on the same day as the dental visit, to avoid erroneously 
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attributing medical-visit HIE use to the dental visit. This allowed us to examine HIE query portal use for patients with 
a dental visit. 

 
Figure 1. Data generation process 

Measures 

Our outcome measure was a binary indicator of HIE use for the dental visit, defined as HIE use that occurred on the 
same day as the dental visit or in the two days preceding the dental visit by a provider at the same site as the dental 
visit. Visits meeting these criteria served as our numerator for calculating prevalence of HIE use. The denominator 
included all dental visits during the study period that did not have a co-occurrent medical visit or a medical visit in the 
two days prior. We describe these visits henceforth as “isolated dental visits.” For our analysis of patient and visit 
factors associated with HIE use, our independent variables included patient age at visit, patient sex (female, male), 
year (2012, 2013, 2014, 2015), FQHC site (OOCHC; AJHC), whether the patient had a chronic disease (yes, no), and 
days since the patient’s last visit to the FQHC (no previous visit, within last month, within last 3 months, within last 
6 months, within last year, over a year ago). We also created binary indicators for all ICD-9/10-CM diagnoses codes 
specifically grouped under “Diseases of the oral cavity, salivary glands, and jaws”. To measure the nature of HIE use, 
we created binary variables for each of the HIE portal section tabs (e.g. summary or lab) and categories of documents 
(e.g. ADT alert, lab result, radiology report) that HIE users accessed, to identify the information viewed during dental 
visits.  

Analysis 

Descriptive statistics and the prevalence of HIE use among dental visits were estimated, using all isolated dental visits 
during the study time frame as the denominator for calculations. Bivariate and multivariable regression analyses were 
conducted to examine patient and visit characteristics associated with HIE use for dental visits. We used Chi-square 
tests for bivariate analyses and multivariate logistic regression for our adjusted analyses. We used robust standard 
errors clustered at the FQHC level and included site and year fixed effects to adjust for time-invariant differences 
across the study sites and secular trends. We report average marginal effects for this model and 95% confidence 
intervals. Finally, we calculated the most frequently viewed section tabs and documents within the sample of dental 
visits with HIE use. We calculated the proportion of isolated dental visits in which the HIE user viewed each available 
section tab and document type, to identify the most common clinical data categories viewed in the HIE for dental 
visits. 

All data preparation and management, construction of HIE use measures, and analysis were done in the RStudio 
development environment using the R statistical programming language.23 The tidyverse suite of packages and 
data.table package were the primary software libraries used to construct the analytical data file. The mfx package 
was used in the regression analysis. 
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Results 

Our final study sample included 97,460 dental visits across 21,444 unique patients. A total of 164 visits (0.17%) 
included use of the HIE query portal.  Table 1 contains the results of our bivariate analyses examining the unadjusted 
relationship between HIE use and site, patient, and visit characteristics. Table 2 presents bivariate analyses. The rate 
of HIE use differed across FQHC, years, days since last visit, and certain dental disease diagnoses. 
 
Table 1. Site, patient, and visit characteristics associated with health information exchange use during dental visits 
(2012-2015). 

 
 

 HIE Use No HIE Use p-value 
Number of Dental Visits 164 97,296  
FQHC Site*** (%)   <0.001 

Anthony Jordan Community Health Center 39 (23.1) 60,853 (62.5)  
Oak Orchard Community Health Center 125 (76.2) 36,443 (37.5)  

Patient Sex (%)   0.788 
Female 94 (52.8) 57,070 (58.7)  
Male 70 (47.2) 40,226 (41.3)  

Age at Visit (%)   0.37 
18 to 25 8 (7.2) 15,077 (14.2)  
26 to 64 90 (81.1) 80,580 (75.7)  
65 & Older 13 (11.7) 10,720 (10.1)  

Chronic Disease (%)   2 (1.2)    495 (0.5)  0.466 
Diseases of the oral cavity, salivary glands, and jaws     

Disorders of tooth development and eruption* 41 (25.0) 32,396 (33.3) 0.03 
Diseases of hard tissues of teeth or dental caries 0 (0.0) 109 (0.1) 1.00 
Diseases of pulp & periapical tissues 16 (9.8) 12,701 (13.1) 0.256 
Gingival & periodontal diseases 1 (0.6) 953 (1.0) 0.933 
Dentofacial anomalies* 9 (5.5) 11,271 (11.6) 0.021 
Diseases of the jaws 0 (0.0) 55 (0.1) 1.00 
Diseases of the salivary glands 15 (9.1) 7,399 (7.6) 0.551 
Diseases of the oral soft tissue 0 (0.0) 55 (0.1) 1.00 
Diseases of the tongue 0 (0.0) 1 (0.0) 1.00 

Days Since Last Visit**   0.004 
No Past Visit 63 (38.4) 23,970 (24.6)  
Greater than 1 Year 5 (3.0) 4,158 (4.3)  
Previous year 16 (9.8) 11,678 (12.0)  
Previous 6 months 11 (6.7) 7,710 (7.9)  
Previous 90 days 24 (14.6) 14,863 (15.3)  
Previous month 45 (27.4) 34,917 (35.9)  

Year***   <0.001 
2012 14 ( 8.5) 23516 (24.2)  
2013 38 (23.2) 24488 (25.2)  
2014 65 (39.6) 24381 (25.1)  
2015 47 (28.7) 24911 (25.6)  
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Figure 2. Marginal effects of site, patient and visit characteristics on the rate of HIE use during dental 
visits.   

 
In adjusted analyses, HIE use was not associated with patient sex or age. However, the probability of HIE was 0.02 
percentage points higher for patients with a chronic medical condition (p<0.001), holding all other characteristics 
constant.  Among visit characteristics, the probability of HIE use was 0.13 percentage points higher if the visit was 
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also the patient’s first visit to the FQHC, compared to patients with previous visits more than a year prior (p<0.001). 
HIE use was more likely for dental visits that included diagnoses of gingival and periodontal diseases (0.01 percentage 
points, p<0.001). The probability of HIE use was 0.09 percentage points less if the dental visit included any diagnoses 
related to the following 6 categories of ICD-9/10-CM diagnoses codes: “Disorders of the tooth development and 
eruption”, “Diseases of the tongue”, “Diseases of the salivary glands”, “Diseases of the oral soft tissues”, “Diseases 
of the jaws”, and “Dentofacial anomalies” (all p-values <0.001). Figure 2 presents the results of our multivariable 
logistic regression. (Appendix includes full regression results). 

In our analysis of HIE information viewed for dental visits, the most frequent sections of the HIE viewed were the 
summary tab page (n=85; 52.4%), the laboratory tab (n=47; 28.7%), and the radiology tab page (n=21; 12.8%) (Figure 
3). The most frequent HIE documents viewed included patient index documents (n=36; 22%), laboratory document 
(n=31; 18.9%), %), and radiology documents (8.5%). All other document types accessible in the HIE were viewed in 
less than 10% of the visits (Figure 4).  

 

 

 
Figure 3. Sections tabs viewed in the HIE portal of the Rochester RHIO during dental visits (n=164). 

 

 
 

 

 

 

 

 

 

 

 

 

Figure 4. Documents viewed in the HIE portal of the Rochester RHIO during dental visits (n=164). 
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Discussion  

We measured the prevalence of query-based HIE use related to dental visits and examined site, patient, and visit 
characteristics associated with that HIE use. Finally, we analyzed what HIE information was most frequently assessed. 
Overall, the rate of HIE use during dental visits is 0.17%. While this rate is low, low rates of query-based HIE use are 
consistent with other studies of safety-net providers and settings, which find HIE use is between 2.3 and 3.1% of 
visits.24,25 Query-based HIE is not the only form of potential interoperability between providers. Query-based HIE is 
complementary to directed HIE, which allows providers to “push” or send data (such as structured documents, images, 
and laboratory results) to another provider.24 Given regulatory incentives for directed HIE, it is likely that dentists 
engage in this form of HIE more often than query-based HIE, as is the case in primary care practices.24 Thus low HIE 
use in this study may be related to providers selecting to use directed HIE to share data or seek information. Low 
query-based HIE use may also be partially explained by FQHC dental providers’ existing access to each patient’s 
EHR data, which may meet most of providers’ clinical health information needs. With access to the FQHC’s health 
record of the patient, the utility for query-based HIE among these dental providers would be reduced. Therefore, our 
estimate of dental HIE use is likely to be conservative, compared to what might be observed in less integrated clinical 
contexts. Convenient access to medical data contained in an EHR is a rare asset for many dentists, who generally 
operate in solo or small group practices that are not co-located or integrated with medical care. Very few private 
practicing dentists share data with larger medical networks.26 Therefore, the HIE use we observe in these two FQHC 
settings goes beyond information needs contained within an EHR and provides important insights into the information 
needs related to dental visits that are unlikely to be met via clinical information integration alone. Additionally, our 
findings of overall low prevalence of HIE use underscore the importance of integrating outside information into EDR 
workflows, via directed or query-based methods. 

For instance, we found HIE use was more likely for patients with no previous visit at the FQHC, and therefore no 
available medical EHR data. We also found that HIE use was more likely for patients who had a chronic disease. 
Given the relationship between oral and systemic health7, this finding fits with dental-medical integration models 
which emphasize information sharing in particular for complex patients, such as those managing chronic diseases. 
Among certain diagnoses associated with diseases of the oral cavity, salivary glands, and jaws, we found only one 
category of diagnoses codes under the heading “Diseases related to the oral cavity, salivary glands, and jaws” related 
to a higher likelihood of HIE use – “Gingival and periodontal diseases”. While additional qualitative research is needed 
to explore the motivations underlying this finding, greater HIE use in this context may be rooted in known associations 
between periodontal disease (which begins as gingivitis) and numerous chronic diseases.6,7,27 The exact periodontal 
mechanisms behind these disease relationships remains unknown. However, increased HIE use when gingival and 
periodontal diseases are present may indicate information seeking for other associated chronic diseases. 

Future participation in HIEs by dental providers will require well thought-out workflow design and information need 
considerations. These findings provide useful information for policy makers, healthcare administrators, and HIE 
designers and indicate summary information, laboratory results, and radiology to be the most frequently accessed 
elements of a HIE during dental visits. These particular features of an HIE may be of high value to dentists and should 
be considered when designing HIE portals for use related to dental care. Customizing the HIE portal interface based 
on the information most pertinent to certain types of providers in particular settings may increase use. Finally, recent 
federal efforts to encourage HIE have resulted in state-level efforts to further integrate data across clinical settings, 
including dentistry. As an example, North Carolina has implemented a state designated HIE (NC HealthConnex) that 
requires Medicaid provider participation and sharing of electronic health data in order to receive Medicaid 
reimbursements for services.28 These requirements apply to all health providers seeking Medicaid payments, including 
dentists, who must meet NC Health Connex’s expectations for participation by 202129.   

This study is novel as the first study to explore HIE use related to dental visits. Nevertheless, our findings should be 
interpreted in the context of several limitations. First, our setting includes two FQHCs with on-site dental services, 
which serve a low-income population more likely to have multiple medical needs or chronic diseases than the general 
population. Second, our analysis focuses on one community HIE system, so the generalizability of our findings to 
other query-based HIE portals is limited. The unique display and interface of the Rochester RHIO may impact usage 
behavior and patterns.  In addition, the characteristics of the users accessing the HIE during dental visits are unknown 
and therefore we were unable to determine the impact of a user’s level of computer skills and their perception of the 
value of HIE use for dental related services.  

Despite these limitations, our study makes important contributions to the literature. We study sought to close a gap in 
the HIE and interoperability research, which rarely explores the value of medical information to other health services 
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and providers such as dentists. Future research should explore HIE use related to dental visits among additional patient 
populations and settings, such as private or group dental practices commonly separated from medical care or within 
hospital emergency department rooms. Qualitative analyses of any perceived value of HIE to dental providers is also 
needed to further inform HIE design. Further, given the Centers for Medicare and Medicaid (CMS) Merit-based 
Incentive Payment System (MIPS) 2019 Promoting Interoperability (PI) performance measures, which require bi-
directional provider-to-provider exchange, research is needed to explore direct health information exchange among 
dental providers and associated meaningful use measures tied to this form of exchange30,31.  

Conclusion 

Dental visit related HIE use in FQHCs is low but is more common for patients with chronic diseases and periodontal 
disease, as well as for patients unfamiliar to the dental site. Laboratory and radiology information were the most 
common information types explored in the HIE for dental visits. Future work should explore the motivations 
underlying HIE use among dental providers to understand the most important aspects of HIE for dental providers and 
in turn inform system implementation and design.  
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Appendix. Logistic Regression Results (Marginal Effects) of select site, patient, and visit characteristics associated 
with HIE use during dental visits. 

 Outcome: Any HIE Use During Dental Visit 

 AME 
95% CI 

Low 
95% CI 

High p-value 
Sex (ref: Female)     

Male 0.000020 -0.000419 0.000459 0.92803 
Age (years) 0.000005 -0.000012 0.000023 0.55851 

Chronic Disease*** 0.000271 0.00014212 0.000400 p<0.001 
Previous Visit Timing (ref: more than 1 year)     

No Past Visit*** 0.001340 0.000728 0.001953 p<0.001 
Previous Year -0.000256 -0.001076 0.000564 0.54012 

Previous 6mo -0.000116 -0.000580 0.000348 0.62381 
Previous 3mo 0.000317 -0.000505 0.001139 0.45021 

Previous 1mo 0.000243 -0.000086 0.000572 0.14733 

Periodontal Diseases     

Disorders of tooth development and eruption*** -0.000942 -0.001090 -0.000794 p<0.001 
Diseases of hard tissues of teeth or dental caries 0.000120 -0.001485 0.001726 0.88307 

Diseases of pulp & periapical tissues -0.000238 -0.001569 0.001094 0.72645 

Gingival & periodontal diseases*** 0.000098 0.000059 0.000138 p<0.001 

Dentofacial anomalies*** -0.000936 -0.001083 -0.000788 p<0.001 

Diseases of the jaws*** -0.000936 -0.001083 -0.000788 p<0.001 

Diseases of the salivary glands*** -0.000930 -0.001076 -0.000783 p<0.001 

Diseases of the oral soft tissues*** -0.000934 -0.001080 -0.000787 p<0.001 

Diseases of the tongue*** -0.000938 -0.001088 -0.000789 p<0.001 
Site (ref: AJHCa)     

OOCHCb*** 0.002317 0.002165 0.002469 p<0.001 
Year (ref: 2012)     

2013*** 0.001593 0.001444 0.001742 p<0.001 

2014*** 0.002617 0.002038 0.003196 p<0.001 

2015* 0.001919 0.000365 0.003473 p<0.05 
 a Anthony Jordan Health Center, New York 
  b Oak Orchard Community Health Center, New York 
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Abstract 

Because they contain detailed individual-level data on various patient characteristics including their medical 
conditions and treatment histories, electronic health record (EHR) systems have been widely adopted as an efficient 
source for health research. Compared to data from a single health system, real-world data (RWD) from multiple 
clinical sites provide a larger and more generalizable population for accurate estimation, leading to better decision 
making for health care.  However, due to concerns over protecting patient privacy, it is challenging to share individual 
patient-level data across sites in practice. To tackle this issue, many distributed algorithms have been developed to 
transfer summary-level statistics to derive accurate estimates. Nevertheless, many of these algorithms require multiple 
rounds of communication to exchange intermediate results across different sites. Among them, the One-shot 
Distributed Algorithm for Logistic regression (termed ODAL) was developed to reduce communication overhead 
while protecting patient privacy.  In this paper, we applied the ODAL algorithm to RWD from a large clinical data 
research network—the OneFlorida Clinical Research Consortium and estimated the associations between risk factors 
and the diagnosis of opioid use disorder (OUD) among individuals who received at least one opioid prescription. The 
ODAL algorithm provided consistent findings of the associated risk factors and yielded better estimates than meta-
analysis.  
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Introduction 

Electronic health record (EHR) systems have increasingly been implemented around the world and across the United 
States (U.S.), providing an extensive data resource for the conduct of biomedical research and improvement of health 
care1–3. Many large clinical data consortia have been founded to provide platforms and tools to collect and integrate 
EHR data from multiple clinical sites to obtain more reliable and generalizable conclusions4-7. The Patient-Centered 
Clinical Research Network (PCORnet) is a large national network of networks covering more than 100 million patients 
through 348 health systems in the U.S5, 6, funded by the Patient-Centered Outcomes Research Institute (PCORI), one 
of the prominent examples of large-scale, national research networks. The OneFlorida Clinical Research Consortium 
(OneFlorida CRC) is one of the 9 clinical data research networks (CDRNs) funded by the Patient-Centered Outcomes 
Research Institute (PCORI) that contribute to the national PCORnet to accelerate the translation of promising research 
findings into improved patient care. The OneFlorida network has collected robust longitudinal and linked patient-level 
real-world data (RWD) for ~15 million (>50%) Floridians, including data from Medicaid & Medicare claims, cancer 
registries, vital statistics, and EHRs from its clinical partners8.  

The OneFlorida data repository integrates various data sources from contributing organizations, which current 
included 12 healthcare organizations: 1) four academic health centers (i.e., University of Florida Health [UFHealth], 
University of Miami Health System [UMHealth], Florida State University and regional campus practice partners, and 
University of South Florida [USF]), 2) seven healthcare systems including Tallahassee Memorial Healthcare (TMH 
affiliated with Florida State University), Orlando Health (ORH), Adventist Health (AH, formerly known as Florida 
Hospital), Nicklaus Children’s Hospital (NCH, formerly known as Miami Children’s Hospital), Bond Community 
Health (BCH), Capital Health Plan (CHP), and Tampa General Hospital (TGH affiliated with USF), and 3) 
CommunityHealth IT—a rural health network in Florida. In addition, the OneFlorida network has obtained claims 
data from the Florida Medicaid (FLM) program. As a network, the OneFlorida CRC provides care for more than 50% 
of Floridians through 4,100 physicians, 914 clinical practices, and 22 hospitals with a catchment area covering all of 
the 67 Florida counties9. The scale of the data in OneFlorida is ever-growing and as of December 2019 included 
longitudinal and robust patient-level records of approximately 14.4 million Floridians and over 561.1 million 
encounters, 1.16 billion diagnoses, 1 billion prescribing records, and 1.44 billion procedures.  

The availability of EHR data allows opioid use disorder (OUD) to be studied using larger and more representative 
samples than previously was possible. OUD is defined in the Diagnostic and Statistical Manual of Mental Disorders, 
Fifth Edition (DSM–5) as a problematic pattern of opioid use that leads to clinically significant impairment or 
distress10. Currently, it is estimated that globally 27 million people have OUD11.  In 2018, over 2 million people in the 
U.S. suffered from OUD and over 47,600 people died from opioid overdose12. In 2017, the U.S. Department of Health 
and Human Services (HHS) announced a public health emergency due to the increasing prevalence of OUD and the 
occurrence of opioid overdose and called for strategies to control the opioid epidemic13. Studies have shown that OUD 
is heterogeneous in terms of demographic and clinical characteristics and treatment outcomes. For example, OUD 
disproportionally affects non-Hispanic Whites and Native Americans, younger adults, and those with a history of 
mental health disorders14. Geographic variations have also been documented, where rural areas are affected most by 
OUD15. Analyses based on data from a single site within a small geographically constrained area and relatively 
homogenous population cannot capture the geographic variations and the heterogeneity of OUD patterns that limit the 
generalizability of the findings. Therefore, in this analysis, we aim to utilize diverse multicenter data from the different 
sites in OneFlorida CRC to account for the potential variation in the OUD population. 

In multicenter studies, sharing data is a major challenge due to privacy concerns16. To circumvent the issue of sharing 
individual patient-level data, many distributed algorithms have been developed to jointly study multiple datasets by 
communicating only summary-level statistics17-20. Among them, Duan et al19-20 proposed a privacy-preserving One-
shot Distributed Algorithm for Logistic regression (ODAL), which can be used to identify risk factors of a binary 
healthcare outcome of interest. Compared to existing methods, ODAL requires only one round of communication 
across sites and can achieve high accuracy as a pooled analysis in which a logistic regression is fitted on the combined 
dataset20. However, Duan et al.20 evaluated the performance of ODAL using simulated data and random partition of a 
real-world dataset from a single health system. Such a dataset may not be representative of the multisite scenarios in 
a real-world data research network, where the data from each site were collected at different locations and with 
different population characteristics. 

In this paper, we evaluated the performance of the ODAL algorithm using real-world linked EHR and claims data 
from the OneFlorida network. We studied the association between OUD and several relevant clinical risk factors 
among individuals receiving at least one opioid prescription. Our results demonstrate that ODAL yields greater 
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accuracy than meta-analysis, which is currently the most popular and preferred method for distributed analysis. From 
the analysis, the significant risk factors for OUD that we identified are consistent with those reported in previous 
studies.  

 

Materials and Methods 

Data Source and Study Population 

OneFlorida contains robust longitudinal and linked patient-level 
RWD of ~15 million (>50%) Floridians, including data from 
Medicaid & Medicare claims, cancer registries, vital statistics, 
and EHRs from its clinical partners.  OneFlorida is a HIPAA 
limited data set (i.e., dates are not shifted and patients’ 9-digit zip 
codes are available) that contains detailed patient and clinical 
variables, including demographics, encounters, diagnoses, 
procedures, vitals, medications, and labs, following the PCORnet 
Common Data Model (CDM)21.  The OneFlorida data undergo 
rigorous quality checks at a data coordinating center (i.e., 
University of Florida [UF]), and a privacy-preserving record 
linkage process is used to deduplicate records of patients seen in 
different healthcare systems within the network22. Figure 1 
shows the geographic locations of OneFlorida partners.  

Based on the OneFlorida data, individuals whose first opioid 
prescriptions were made between 01/01/2012 and 03/01/2019 
were identified. The date of the first opioid prescription is set to 
be the index date. We considered a total of 9 most frequently used 
opioid medications, including codeine, fentanyl, hydromorphone, meperidine, methadone, morphine, and oxycodone23. 
These nine medications accounts for more than 90% of opioid prescriptions in the United States23-26. All brands and 
dosages of these medications were identified with RXCUI. The outcome of interest is the 12-month risk of OUD after 
patients’ first opioid prescription. Our primary outcome was the recorded diagnosis of OUD as a proxy for OUD, 
which was identified using the corresponding codes from the International Classification of Diseases, Ninth Revision, 
Clinical Modification (ICD-9-CM) (304.0, 305.5) and ICD-10-CM (F11.1*, F11.2*)27. Once eligible, all individuals 
remain in the cohort, regardless of whether they continue to receive opioid prescriptions until they are censored 
because of an OUD diagnosis or the end of the observation period. In addition, we excluded individuals with an OUD 
diagnosis prior to their first opioid prescription and those who had any cancer diagnosis. A total of 1,155,304 records 
were identified in OneFlorida. After the exclusion of patients with missing data, a total of 336,800 individuals were 
included in our final analysis from 5 sites. Table 1 displays the distribution of the included population across different 
sites. 
 
Table 1. Breakdown of study population by site. 
 

Site  OUD At-risk population OUD rate 

Site 1 47 31,836 0.15% 

Site 2 36 17,368 0.21% 

Site 3 16 3,379 0.47% 

Site 4 72 27,871 0.26% 

Site 5 930 256,115 0.36% 

All sources 1,407 336,711 0.42% 
 
Risk Factors 
Because the primary goal of this analysis is to show how ODAL performs compare to meta-analysis in RWD, we 
extracted only a set of demographic and clinical risk factors that were identified from the literature. All records 12 

Figure 1. The OneFlorida Clinical Research 
Consortium. 
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months before the first opioid prescription (i.e., the index date) and 3 months after the first opioid prescription were 
used. For patients who developed an OUD 3 month after the first opioid, their records before OUD diagnosis were 
used. We included demographic variables (age, race, gender, and insurance type), BMI, lipid panel results, smoking 
status, selected clinical diagnoses, and prescriptions. Because laboratory test results suffered from a high rate of 
missing values (>50% in the total study population), they were removed from the analyses. In addition, the clinical 
diagnoses that were made in <1% of the total study population were removed to minimize potential bias introduced 
by the small sample size. Finally, patients who had missing values for any risk factors were removed, as the current 
algorithms are unable to handle missing values and our sample size is sufficient to power the study even after removing 
patients with missing values. A total of 16 risk factors/predictors were included in the analysis. Table 2 displays the 
summary statistics for these predictors. Overall, patients diagnosed with OUD are younger and more likely to be male, 
non-Hispanic Whites, smokers, with Medicaid insurance, and have different clinical conditions that were included in 
the analysis as risk factors. 
 
Table 2. Characteristics of included risk factors between individuals developing incident of OUD diagnosis vs. 
those without OUD  

  Without OUD With OUD Overall 
  (n=335,610) (n=1,101) (n=336,711) 

Mean age, mean (SD) 47.7 (20.8) 43.9 (14.2) 47.7 (20.8) 
Gender    

Female 190,141 
(56.7%) 584 (53.0%) 190,725 

(56.6%) 

Male 145,469 
(43.3%) 517 (47.0%) 145,986 

(43.4%) 
Race/ethnicity    

Hispanic 27,047 (8.1%) 49 (4.5%) 27,096 (8.0%) 
Non-Hispanic black 79,952 (23.8%) 171 (15.5%) 80,123 (23.8%) 

Non-Hispanic White 215,855 
(64.3%) 863 (78.4%) 216718 

(64.4%) 
Other 12,756 (3.8%) 18 (1.6%) 12,774 (3.8%) 

Type of insurance    
Medicaid 64,633 (19.3%) 339 (30.8%) 64,972 (19.3%) 
Medicare 83,393 (24.8%) 246 (22.3%) 83,639 (24.8%) 

Cash or no payment* 24,984 (7.4%) 213 (19.3%) 25,197 (7.5%) 
Other 18,712 (5.6%) 32 (2.9%) 18,744 (5.6%) 

Other governmental payment 13,414 (4.0%) 17 (1.5%) 13,431 (4.0%) 

Private 130,474 
(38.9%) 254 (23.1%) 130,728 

(38.8%) 
BMI, mean (SD) 29.0 (8.07) 27.5 (7.33) 29.0 (8.10) 
Smoking    

Former smoker 80,357 (23.9%) 214 (19.4%) 80,571 (23.9%) 

Never smoker 179438 
(53.5%) 244 (22.2%) 179682 

(53.4%) 
Smoker 75,815 (22.6%) 643 (58.4%) 76,458 (22.7%) 

Alcohol use disorders (ICD-9: 291, 303; ICD-10: F10) 
1 9745 (2.9%) 75 (6.8%) 9820 (2.9%) 

Depression (ICD-9: 311; ICD-10: F33, F32) 
1 35,928 (10.7%) 260 (23.6%) 36,188 (10.7%) 

Anxiety (ICD-9: 300; ICD-10: F41) 
1 43,821 (13.1%) 348 (31.6%) 44,169 (13.1%) 
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Sleep disorders (ICD-9: 327; ICD-10: G47) 
1 27,585 (8.2%) 74 (6.7%) 27,659 (8.2%) 

Rheumatoid arthritis (ICD-9: 714; ICD-10: M05, M06) 
1 5,030 (1.5%) 23 (2.1%) 5,053 (1.5%) 

Other pain conditions (ICD-9: 338; ICD-10: G89, R52) 
1 53,399 (15.9%) 378 (34.3%) 53,777 (16.0%) 

Cannabis-related disorders (ICD-9: 304.3, 305.2; ICD-10: F12) 
1 8,699 (2.6%) 105 (9.5%) 8,804 (2.6%) 

Nicotine-related disorders (ICD-9: 305.1; ICD-10: F17) 
1 67,110 (20.0%) 561 (51.0%) 67,671 (20.1%) 

Other psychoactive disorders (ICD-9: 305.9; ICD-10: F19) 
1 3,738 (1.1%) 160 (14.5%) 3,898 (1.2%) 

Cocaine-related disorders (ICD-9: 304.2, 305.6; ICD-10: F14) 
1 4,013 (1.2%) 99 (9.0%) 4,112 (1.2%) 

*no payment includes self-pay, nor charge, refusal to pay/bad debt, Hill-Burton free care, research/donor, and other. 
 
Statistical Analysis 
 
We assume that there is a total of K sites, with 𝑁 =	∑ 𝑛&'

&()  observations. Define logit(𝑥) = log{𝑥/(1 − 𝑥)}. Let 𝑧8&  
and 𝑦8& to be the risk factors (as a vector) and the binary outcome (i.e., status of opioid use disorder) for the i-th patient 
in the j-th site. Denote 𝑥8& = :1, 𝑧8&<,	 we aim to fit a logistic regression between {𝑧8&}  and {𝑦8&}, i.e.,  

logit:𝑃𝑟:𝑦8& = 1<|𝑥8&< = 	𝑥8&@ 𝛽 
and we are interested in estimating the regression coefficients (including the intercept), i.e., 𝛽.  
 
Our statistical analysis is based on the second-order algorithm (i.e., ODAL2) proposed in Duan et al20, with slight 
modifications. The ODAL algorithms require one site in the research network to serve as a local site, which provides 
patient-level data and all the other sites share their summary-level statistics with the local site to estimate the results 
more accurately. Using data from OneFlorida, a collaborative environment, we modify the algorithm by allowing all 
sites to serve as the local site. By allowing each site to serve as the local site, the surrogate likelihood function is built 
in each site, and the surrogate estimates are obtained from each site. The final estimator is obtained through a weighted 
average, which reduces the impact of a specific local site (e.g., distorted local population, poor data quality in a specific 
local site) on the final estimate, and potentially improves the robustness and accuracy of the ODAL algorithm.   
 
More specifically, we consider the following detailed procedure: 
 

Step 1: In site j = 1, …K, run logistic regression at the j-th site to obtain  �̅�& and its variance 𝑉D&. Broadcast 
{�̅�& ,𝑉D&} 
Step 2: In site j = 1, …K,  

• obtain �̅� = (∑ 𝑉D&
E))E) ∑ 𝑉D&E)�̅�&'

&()
'
&() ; 

• calculate and broadcast ∇𝐿& = 	
)
HI
∑ {𝑌8& − expit:𝑥8&@ �̅�<}𝑥8&,
HI
8()  and ∇N𝐿& =

	 )
HI
∑ expit:𝑥8&@ �̅�<{1 − expit:𝑥8&@ �̅�<}𝑥8&𝑥8&@
HI
8() ; 

• construct  

𝐿O&(𝛽) = 	
1
𝑛&
P[𝑌8&𝑥8&@ 𝛽

HI

8()

− log{(1 + exp(𝑥8&@ 𝛽)}] + TP
𝑛&
𝑁

H

U()

∇𝐿U − 𝛻𝐿&:�̅�<W
@

𝛽

+
1
2
:𝛽 − �̅�<

@ TP
𝑛&
𝑁

H

U()

∇N𝐿U − 𝛻N𝐿&:�̅�<W :𝛽 − �̅�<, 
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• obtain and broadcast  𝛽O& = argmax\	𝐿]&(𝛽), and 𝐻& = 	
)
_
∑ expit:𝑥8&@ 𝛽O&<{1 −
HI
8()

expit:𝑥8&@ 𝛽O&<}𝑥8&𝑥8&@ . 
Step 3: Output  𝛽O = (∑ 𝐻&)E) ∑ 𝐻&'

&()
'
&() 𝛽O&  

 
 

The following Figure 2 provides a schematic illustration of the above algorithm.  
 

 
Figure 2. Illustration of the ODAL algorithm. Step I: Use patient-level data within each site to obtain  �̅�&  and its 
variance 𝑉D& , then broadcast {�̅�& , 𝑉D&}, where j = 1,…,K. Step II: Obtain the initial value �̅� with �̅�a and calculate the 
intermediate terms ∇𝐿&  and at ∇𝐿&N at j-th site. With intermediate information, construct local surrogate likelihoods to 
obtain and broadcast 𝛽O& and 𝐻&. Step III: Synthesize the evidence to get output 𝛽O. 
 
In practice, to utilize the ODAL algorithm within a clinical data network, the first step is to distribute the pre-written 
code to the collaborating sites. With the code, the initial values of parameters are calculated locally within each site. 
Then, these values are broadcasted by uploading them to a shared cloud folder. When all of the initial values are 
uploaded, the local or central site can calculate the initial value, �̅�, which is broadcasted to the rest of the sites for 
calculating the intermediate results (i.e., ∇𝐿&  and ∇𝐿&N). These results are uploaded to the shared cloud folder and are 
synthesized into the final estimate 𝛽O. The procedure of applying ODAL algorithm to various data networks keeps the 
same.  

 

With the data from OneFlorida, we compared the ODAL algorithm with the pooled analysis and meta-analysis. The 
pooled analysis is treated as the gold standard, which fits a unified logistic regression on the combined dataset. Results 
from the meta-analysis are obtained by fitting logistic regressions separately within each site and synthesizing the 
local estimates through a weighted average. Compared with meta-analysis, ODAL has better estimation accuracy for 
studying rare conditions, and similar performance when the outcome and exposures are common.   

 

Results 

Figure 3 presents the comparison of the estimated log odds ratio and 95% confidence interval for each risk factor 
using three methods: pooled estimate (red), meta-analysis (green), and ODAL (blue). ODAL provides more accurate 
estimation results for most of the risk factors than meta-analysis, in that the estimates are closer to the analysis where 
all data are pooled together. Of the 16 risk factors, ODAL improved the estimation for 15 risk factors. For the one risk 
factor that was not improved (i.e., depression), the relative bias of ODAL compared to the pooled analysis is below 
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1%. For risk factors such as alcohol use disorder, insurance type, and cannabis-related disorders, the relative bias of 
meta-analysis is greater than 20%, which ODAL can reduce to below 3%.  
 

In the analysis using the ODAL method, we identified 10 risk factors that were statistically significantly associated 
with OUD: anxiety, cocaine-related disorders, depression, insurance type, nicotine-related disorders, other 
psychoactive disorders, other pain conditions, age, race, and smoking. These findings are consistent with previous 
studies examining risk factors for OUD. For example, mental health conditions, such as anxiety, depression, and 
psychoactive substance use disorders have previously been associated with higher risks of OUD28-30. Smoking, the 
use of other substances, and polysubstance use were also associated with a higher risk of OUD among individuals 
who primarily use opioids31,32. Demographic variables, such as sex (being female), age (being a young adult), or 
ethnicity (being non-Hispanic White) were also associated with having OUD. Among these variables, although the 
finding of gender, which had a positive estimated log odds ratio, was not consistent with previous finding33, the 
observed gender effect was not statistically significant. The consistent findings from our analysis suggested the ODAL 
method can be used to identify clinically relevant risk factors for OUD using distributed real-world data. Moreover, 
due to the low event rates of OUD in the clinical sites, the estimates provided by the ODAL algorithm outperform 
those of meta-analysis, which is consistent with the findings in Duan et al20. ODAL may be especially valuable for 
studying rare outcomes or exposures in a multicenter analysis. 
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Figure 3 displays the estimated log odds ratio and 95% confidence interval for each risk factor using the three methods: 
pooled estimate (red), meta-analysis (green), and ODAL (blue). The risk factors are ranked by the performance of 
ODAL compared with meta-analysis starting from the best one (i.e., rheumatoid arthritis). The last risk factor (i.e., 
depression) is the only one whose estimated effect size is not improved by the ODAL algorithm among the 16 risk 
factors.  
 

Conclusion and Discussion 

In this paper, we evaluated the performance of the ODAL algorithm using real-world EHR data from the OneFlorida 
Clinical Research Consortium and investigated the association between OUD and 16 clinical risk factors. Compared 
with meta-analysis, the ODAL algorithm yielded a better estimate of 15 risk factors. Ten of the 16 factors showed 
statistically significant associations. Our findings are consistent with previous reports on risk factors for OUD, 
supporting the reliability of the real-world performance using the ODAL algorithm. 
 
We modified the original ODAL algorithm by allowing each site to serve as the local site. For this modification, one 
extra step (i.e., broadcast the local estimate and variance obtained by logistic regression in each site) is required to 
obtain the initial value compared with the original ODAL algorithm. This additional step requires not much effort as 
it only requires the local estimates of the model parameters and their standard errors to be transferred from each site, 
and it can reduce the impact of a specific local site on the final estimate, and improve the robustness and accuracy of 
the ODAL algorithm. 
 
The ODAL algorithm was developed using the pooled analysis as the gold standard method, which fits a unified 
logistic regression model on the combined dataset. Therefore, it requires that the data are homogeneously distributed 
across sites. However, when there exists heterogeneity in the distribution of data across sites, the pooled analysis may 
not be a gold standard and will require correcting the model to address the heterogeneity34. Taking this into 
consideration, we plan to extend our method to handle heterogeneity across clinical sites by allowing site-specific 
effects and covariates. 
 
For future works, the use of both structured and unstructured data would also be of great interest when analyzing large 
data networks. The wide adoption of EHR systems has made large-scale, longitudinal clinical data available for 
research. The U.S. Food and Drug Administration (FDA) recently coined the term real-world data (RWD) to refer to 
information derived from sources outside research settings, including EHRs, claims data, and billing data, among 
others. EHRs contain important structured data, such as diagnoses and procedures, as well as unstructured clinical 
narratives such as physicians’ notes.  More than 80% of the clinical information in the EHR is documented in clinical 
narratives35, which contain much detailed patient information. In this study, we used only the structured data from the 
OneFlorida network because other important risk factors (e.g., homelessness, social determinants of health, 
prescription, and utilization patterns) were not readily available and thus could not be included in our analysis.  In 
future studies, we plan to use advanced natural language processing (NLP) methods to extract additional risk factors 
from clinical narratives. Furthermore, to avoid the bias caused by using a complete-case analysis, methods for handling 
missing data, such as multiple imputation, can be considered before applying the ODAL algorithm. 
 
In addition to the OneFlorida network, there are a number of other large-scale national and international data research 
networks. The Observational Health Data Sciences and Informatics (OHDSI) network is another prominent example—
an international network of observational health databases that covers more than half a billion patient records4.  Novel 
distributed-learning methods, which are privacy-preserving, communication efficient, and accurate are needed to 
exploit these large data networks in the future. 
 
Finally, the ODAL algorithm can be extended in several aspects. First, methods to integrate and analyze other types 
of outcomes can be considered36, such as count data or time-to-event outcomes. Second, we have been developing 
open-source and user-friendly software to implement the ODAL algorithm within research networks to facilitate data 
integration across health systems and promote research that can provide novel insights into important issues in 
healthcare.  
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Abstract 

Background: Recruiting older adults (OA) into research is challenging. Objective: To assess the feasibility of using 

two crowdsourcing platforms, Amazon’s Mechanical Turk (MTurk) and Prolific Academic (ProA), as efficient and 

low-cost venues for recruiting survey participants aged 65 and older. Methods: We developed an online survey to 

investigate and compare the demographics, technology use, and motivations for research participation of OA on 

MTurk and ProA. Qualitative responses, response time, word count, and recruitment costs were analyzed. Results: 

We recruited 97 OA survey participants on both MTurk and ProA. Participants were similar in terms of demographics, 

technology usage, and motivations for participation (topic interest and payment). Conclusion: Both crowdsourcing 

platforms are useful for rapid and low-cost recruitment of OA. The OA recruitment process was more efficient with 

ProA. Crowdsourcing platforms are potential sources of OA research participants; however, the pool is limited to 

generally healthy, technologically active, and well-educated older adults.  

Introduction 

There are a growing number of older adults (age 65 and older) in the US and worldwide. Older adults are the most 

frequent users of health services and account for the largest portion of healthcare spending.1 However, older adults 

are under-represented in health-related research studies because of age exclusion criteria, and the increased time and 

costs for recruiting this harder to reach population.2-9 In addition, recruiting older adults for research studies can be 

difficult because of barriers associated with aging, such as social isolation, transportation limitations, perceived 

vulnerability to predatory solicitation, and less participation online and on social media10-12. The American Geriatrics 

Society recognizes the negative impact and missed opportunities resulting from older adults’ underrepresentation in 

research, and has responded by creating guidelines for increasing older adult participation in National Institutes of 

Health funded studies.13 An example of a recent attempt to encourage older adults to participate in clinical research is 

the “Recruiting Older Adults in Research” project, which is the combined effort of several federal agencies.14 

One emerging online strategy to gain access to research participants is crowdsourcing.15 Crowdsourcing is defined as 

“the practice of obtaining needed services, ideas, or content by soliciting contributions from a large group of people 

and especially from the online community.”16 Online crowdsourcing platforms provide access to individuals from a 

wide geographical region who have signed up to complete online tasks for payment. Online crowdsourcing platforms 

have been used increasingly to conduct health and bio-behavioral surveys.17-19 The advantages of the crowdsourcing 

approach include the ability to quickly recruit a large number of participants at relatively low cost, the opportunity to 

promote cross-cultural comparisons, and the potential to access hard-to-reach populations. Reported challenges 

include potential sampling bias, as participants need to have internet access, as well as potential exposure to study-

related information prior to participation (e.g. potential participants may communicate about the research in web 

forums).20, 21 

Although older adults tend to lag behind younger adults in the adoption of online technologies, recent Pew research 

indicates that 67% of older adults use the internet.22 Older adults are also the fastest growing population to adopt smart 

phone technologies, and 40% report using a smart phone.22 As online tools become more widely utilized for 

recruitment and data collection in research studies, these platforms introduce new opportunities for engaging older 
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adults in research studies. Behrend et al. found that compared to participants recruited through university pools, 

participants recruited for behavioral surveys through crowdsourcing respondents were older, more ethnically diverse, 

and had more work experience.23  

Despite its tremendous potential, the use of crowdsourcing platforms for reaching older adults remains largely 

unexamined.24 In this study, we sought to investigate the use of crowdsourcing platforms to solicit older adult 

participants for user-centered informatics research studies. We specifically explored two crowdsourcing platforms: 

Amazon’s Mechanical Turk (MTurk), the largest, most established crowdsourcing platform, and Prolific A (ProA), a 

relatively new platform created by academicians for the purpose of recruiting research participants, to gain information 

regarding decision-making around transitions in living facilities as individuals age.25,26 Given ProA’s goal of engaging 

research participants, we sought to investigate whether there were differences in demographics, motivations, and 

attitudes between older adults recruited through ProA and older adults recruited through MTurk, which does not have 

a specific research focus. The study presented here has two aims: to 1) assess the feasibility of using these two 

crowdsourcing platforms to recruit older participants for research studies and 2) understand and compare participant 

characteristics between those recruited through MTurk and ProA.  

Methods 

Crowdsourcing Platforms 

MTurk was established in 2005 as a business platform to bring together “workers” (responders) and employers 

(requesters).27 Requesters post human intelligence tasks (HITs) on the MTurk website that responders complete for a 

specified monetary payment. More recently, MTurk has been used for research studies in multiple disciplines, 

including healthcare.17,28 Although MTurk reports to have more than 500,000 responders, the estimates of actual 

responders ranges from 7,300 to 200,000.29,30 Notably, most participants on MTurk are younger and more 

technologically savvy than the general population.31 MTurk charges the requester a percentage of the HIT reward: an 

initial 20% of the reward for 9 or fewer assignments, and another 20% of the reward for 10 or more assignments. If 

the requester would like to use qualifications to restrict participants, additional fees are charged. MTurk provides an 

age stratification, with the oldest age category being 55 and older. They charge $0.50 per worker for this qualification.  

Prolific Academic (ProA) is a more recent online crowdsourcing site established in 2014 in order to connect 

researchers with potential research participants. ProA gathers data about participants, including age. At the time of 

this writing there are reported to be over 80,000 individuals worldwide signed up for ProA who have been active in 

the last 90 days. Of those participants, only 1,138 are aged 65 and over. Unlike MTurk, ProA mandates a minimum 

payment based on expected time for completion of the task. ProA charges 30% of the reward, with no extra charges 

for qualifications. 

Survey Development 

The research team designed a survey using REDCap (Research Electronic Data Capture), a secure, web-based 

application designed to support data capture for research studies32, delivered on the two crowdsourcing platforms. 

Structured questions focused on demographics, technology use, opinions about research participation, and rating of 

factors involved in considering transitions of care. Open-ended questions were added to assess the motivations for 

taking the survey, participating in research, and factors important to decision-making about transitions in care. Several 

questions regarding demographic characteristics were added to check for consistency of responses. The survey was 

pre-tested manually and online with four older adult volunteers to gain feedback on the clarity of the survey questions, 

the appropriateness of the question flow, and the time required to complete the survey. The University of Washington 

IRB approved all materials and procedures for this study. 

We administered the REDCap survey at two different time points through MTurk and ProA (Figure 1). MTurk only 

provides an option to screen for respondents older than 55. We dealt with this limitation using two different strategies. 

First, we recruited persons aged 55 and above and then only included the participants that were 65 years and older, as 

identified through responses to our demographic question, in the data analysis (Method 1). For the second method, we 

developed a small prescreen survey with ten questions to filter for older adults 65 years and older. To prescreen, we 

asked about birthdate, gender, education level, and past participation and motivation for participating in research. We 

then posted a HIT for only those participants who had completed our screener and were 65 years of age or older 

(Method 2). For ProA we did not need a two-step process as we could screen immediately for participants 65 or older.  

For both platforms, we specified that participants were included if they spoke/read English, could see and process 

visual images, and resided in Canada or the US. Once participants clicked on the survey link, they were taken to a 
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consent form, which they reviewed and completed prior to taking the survey. Participants were instructed that the 

survey would take about a half an hour, but that they had an hour to complete it. Each participant was required to give 

their MTurk or ProA ID at the beginning of the survey and to answer each question. At the end of the survey, they 

were provided a code to receive payment for their work.  

To identify possible duplication of participation across platforms, we asked ProA participants and MTurk participants 

in Method 2 if they had previously completed the survey on the other platform. They were informed that their answer 

would not impact their compensation.  

 

Analysis plan 

 

Responses to demographic questions were summarized for participants 65 years and older. We used the Wilcoxon 

signed-rank test (for ordinal variables such as age) and the Fisher’s exact test (for categorical variables such as 

relationship status) to assess significant differences in the demographics between both groups. One of the researchers 

(TE) reviewed text responses to open-ended questions and categorized them into themes through an iterative process 

in consultation with the rest of the research team. Text responses were coded by theme with many responses being 

assigned more than one code.  

Results 

Recruitment  

In this study, two recruitment methods were utilized to recruit from MTurk and one for ProA, which led to various 

numbers of recruited older adults aged 65 and over (Figure 1). 

 

  Figure 1. Data collection and recruitment phases of the crowdsourcing study. 

 

MTurk Recruitment 

Of the 100 MTurk participants that responded to our survey using Method 1 (55 years and older), 35 were 65 and 

older. Conducting this method took almost two days. Method 2, including the prescreen survey, took almost sixteen 

days. We recruited 206 respondents with the prescreen survey of which 62 (aged 65 and over) participated in the 

survey. In total, 97 participants aged 65 and older were recruited from MTurk. Almost 11% reported being currently 

active on ProA as well as MTurk, but no one reported previous participation in this specific survey. 
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ProA Recruitment 

We directly recruited 101 participants aged 65 and older in the first session, using ProA’s pre-existing age categories. 

Recruiting these participants took approximately seven days. Of these 101, four were excluded: three participants who 

were categorized as 65 and older by ProA reported ages lower than 65 in our survey and one participant had also 

participated in the MTurk survey. Almost 30% reported active participation in MTurk as well as ProA, but only one 

reported previous participation in this specific survey. This participant was excluded in the ProA analysis.  

Sample Characteristics 

Table 1 describes the demographic characteristics of participants 65 years and older recruited from MTurk and ProA. 

On both platforms, the greatest number of respondents were within the 65-69 age group. The vast majority of 

participants were from the US, non-Hispanic white, well-educated, and living independently. There was a statistically 

significant greater number of Canadian participants in ProA compared to MTurk (p=0.03).  

Table 1. Participant Demographics by Crowdsourcing Platform  

Demographic  MTurk (n=97) (n (%)) ProA (n=97) (n (%)) p-value  

Age  
  

65-69  
70-74  
75-79  
80+  

62 (64%) 

26 (27%) 

8 (8%) 

1 (1%) 

60 (62%) 

27 (28%) 

9 (9%) 

1 (1%) 

0.82 

Gender  Female  63 (65%) 51 (53%) 0.11 

Country of Residence United States 

Canada 

96 (99%) 

1 (1%) 

89 (92%) 

8 (8%) 

0.03 

Race  
  

White  
Black / African American  
American Indian or Alaska Native 

Other    

92 (95%) 

3 (3%) 

1 (1%) 

1 (1%) 

93 (96%) 

4 (4%) 

0 

 0  

1.00 

Relationship Status  
   

Married / partnered  
Divorced / Separated  
Single, never married   
Widowed   

48 (49.5%) 

25 (25.8%) 

10 (10.3%) 

14 (14.4%) 

  53 (55%) 

21 (22%) 

11 (11%) 

12 (12%) 

0.84 

Highest level of 

education  
   

High School degree  
Some college   
Associate degree   
Bachelor’s degree   
Graduate degree   

8 (8%) 

24 (25%) 

9 (9%) 

29 (30%) 

27 (28%) 

11 (11%) 

26 (27%) 

7 (7%) 

29 (30%) 

24 (25%) 

0.47 

Health Status  
  

Excellent  
Very Good  
Good  
Fair  
Poor  

14 (14.4%) 

30 (30.9%) 

36 (37.1%) 

15 (15.5%) 

2 (2.1%) 

7 (7.2%) 

27 (27.8%) 

41 (42.3%) 

16 (16.5%) 

6 (6.2%) 

0.32 

Living Situation  
  

Private Residence  
Nursing home  
Retirement community      
Other  

90 (93%) 

1 (1%) 

4 (4%) 

2 (2%) 

91 (94%) 

1 (1%) 

3 (3%) 

2 (2%) 

1.00 

Employment status  
  

Retired  
Employed full or part time  
Not employed  
Other  

63 (65%) 

33 (34%) 

1 (1%) 

0 

69 (71%) 

23 (24%) 

4 (4%) 

1 (1%) 

0.16 

Total Combined   
Household Income  

  

$0 - $24,999  
$25K-$49,999  
$50K-$74,999  
$75K - $99,999  
$100,000 and up   
Prefer not to answer  

24 (25%) 

34 (35%) 

23 (24%) 

7 (7%) 

8 (8%) 

1 (1%) 

23 (23.7%) 

32 (32.9%) 

16 (16.5%)  

15 (15.5%) 

9 (9.3%) 

2 (2.1%) 

0.45 
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Technology Use and Research Participation 

With respect to technology use, both groups frequently used a computer and smartphone (Table 2). More than 70% of 

participants reported previously participating in a university research study, and nearly all reported being willing to 

participate in research surveys. In general, more MTurk than ProA participants reported they were willing to 

participate in multiple types of research studies including observational studies and clinical trials.  

Table 2. Technology Usage and Research Participation by Crowdsourcing Platform 

Demographic  MTurk (n=97) 

(n (%))  
ProA (n=97) 

(n (%)) 
p-value 

Frequency of computer 

use in a week  
  

Once or twice a week 

Every day or so   
Several times a day or more   
Constantly  

1 (1%) 

11 (11%)  
51 (53%)  
34 (35%)  

0  

6 (6%) 
58 (60%) 
33 (34%) 

0.39 

Have a smart phone  
  

Yes  
No  

81 (84%)  
16 (16%)  

85 (88%) 
12 (12%)  

0.54 

Frequency of smart 

phone use in a week  
  

Not at all (have, but don’t use)  
Once or twice a week  
Every day or so  
Several times a day or more   
Constantly   
Empty (No smartphone, no use)   

3 (3.1%)  
5 (5.2%)  

15 (15.5%)  
44 (45.4%)  
14 (14.4%)  
16 (16.5%)  

2 (2.1%)  
5 (5.2%)  

21 (21.6%)  
46 (47.4%)  
11 (11.3%)  
12 (12.4%)  

0.83 

Past participation in a 

university research 

study  

Yes  
No  
Unsure  

72 (74%)  
20 (21%)  
5 (5%)  

77 (79.4%)  
10 (10.3%)  
10 (10.3%)  

0.08 

Interest in participating 

in following types of 

studies  

An interview about aspects of your life 

and activities   
Observation of aspects of your life and 

activities  
A survey (online or written) of aspects of 

your life and activities  
A clinical trial involving treatment for a 

condition you might have  

43 (44%)  
  

37 (38%)  
  

90 (93%)  
 

35 (36%)  

50 (52%)  
 

35 (36%)  
  

91 (94%)  
  

32 (33%)  

0.39 

 

0.88 

 

1 

 

0.76 

 

Reasons for Participation  

In open-ended responses, participants described multiple reasons for participating in the survey. More than half of 

participants stated an interest in the topic of transitions in living situations as a reason for participating in the study 

(MTurk: 54.6%; ProA: 61.9%). Some stated this as a primary motivator, while others saw interest in the topic 

secondary to another motivation. Participants were interested because they had experience with the topic or felt that 

the topic could be something they will experience in the future. Earning money was the second most commonly 

reported reason for participating. On both platforms about 14% stated money was their sole motivation for 

participating; others stated it alongside other motivators. Table 3 shows the major categories of reasons for 

participating in the study by crowdsourcing platform along with quotes selected to illustrate responses.  

 

Table 3. Reasons to participate by crowdsourcing platform 

Category MTurk 

(n=97) 

ProA 

(n=97) 

Representative Quotes  

Interest in 

survey topic  

 54.6% 61.9% “My age, what I can learn and makes me think of options. Good study. 

Thank you.” (MTurk) 

“Because I am getting to the age that with my medical conditions these 

kinds of decisions are coming soon...” (ProA) 

Earn Money  28.9%  28.9% “I mainly do these studies to make the extra money. It really comes in 

handy” (MTurk) 

“I am supplementing my income” (ProA) 
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Eligibility  15.5%  17.5% “You accepted me and I did not do all the five I allow myself each day.” 

(MTurk) 

“Came up on Prolific studies page. I'm old.” (ProA) 

To support 

research 

 14.4% 14.4% “I thought it was important for researchers to understand the aging 

process.” (MTurk) 

“It seemed like I had something to offer about the subject you are 

researching.” (ProA) 

Other  13.4%  11.3%  “Something to do on a cold winter when you can't go outside” (ProA) 

 

Response Time, Completion Time, Word Count, and Cost  

The total cost of recruiting participants in Method 1 (Figure 1) on MTurk was $340 ($3.40/per person: $2 to the 

participant and $1.40 to the platform per participant). The response time, measured as the difference in time from 

opening the survey till the final survey was completed, was almost two days. Use of a pre-screener (Method 2 in 

Figure 1) resulted in less cost for recruiting, but a much longer response time of almost 16 days (Table 4). As shown 

in Figure 1, 206 participants responded to the prescreen survey and 62 to the actual survey. Total payment to 

participants was calculated as 206*$0.25 plus 62*$2. Fees to the platform were calculated as 206*$0.85 for the 

prescreen survey plus 62*$0.80 for the actual survey. For ProA, the costs to participants were higher ($3.25 per 

participant), but the fees were lower ($0.98 per participant). Even though costs per participant 65 and over were higher 

on ProA, the overall costs were lowest.  

Table 4. Costs and time for survey responses. 
a time is measured from the opening of the survey to final completion in days 

Cost and Time / Methods  MTurk No Prescreen 

(n= 100, 35 aged 65+) 

MTurk With Prescreen 

(n= 206, 62 aged 65+) 

ProA (n = 101, 

97 aged 65+) 

 

Costs 

Payment to participant $200 $175.50 $328.25 

Fee to platform $140 $224.70 $98.98 

Total $340 $400.20 $427.23 

Per participant 65+ $9.71 $6.45 $4.40 

Response 

Time a  

Total (days) 1.98 15.71 7.2 

Per 100 participants 65+ (days) 5.65 25,34 7.4 
 

Both platforms provided information regarding the amount of time each participant took to complete the survey. On 

average, MTurk participants took 23.7 minutes to complete the survey and ProA participants took 25.9 minutes 

(p=0.12). 

 

MTurk participants wrote on average 216 ± 136 words (95% CI [189, 243]) in their responses to the thirteen open-

ended survey questions. ProA participants used 186 ± 114 words (95% CI [163, 209]). The average number of words 

per question ranged from 13 to 25 for MTurk and 11 to 22  for ProA.  On average, MTurk participants who stated 

money as a motivator, completed the survey in 22.2 minutes, using 178 words. For ProA, the average time to 

completion for participants who stated money as a motivator was slightly lower than the overall average (26.2 

minutes), but the average word count was higher (208 words).  

Discussion 

The era of citizen science, namely the extensive and ongoing public participation in research, introduces many 

opportunities to promote inclusion of citizens regardless of age, race, geography, or other biological or social factors. 

Crowdsourcing platforms offer a promising way to enhance recruitment of older adults for health-related research 

studies. Our study findings demonstrate that use of crowdsourcing platforms to recruit older adults for a study about 

transitions in living situation was a feasible, quick, and inexpensive way to obtain survey responses from participants 

65 years and older. At the same time, our study identifies some of the shortcomings associated with using these 

platforms. For example, the majority of respondents on both MTurk and ProA were retired, well-educated, non-

Hispanic white individuals with high technology usage. Almost all of them reported using the computer several times 

a day or more, and most owned a smart phone. Few participants reported having poor health status. Although our 

participants were not necessarily representative of the broader older adult population, they represent a unique group 

whose input could be important for overcoming some barriers to study recruitment and guiding human centered health 

technologies for a technologically comfortable older adult population. 
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Looking at those motivated by interest in the topic or payment to participate in this study, it seems that those who 

stated interest spent more time on the survey compared to those motivated by payment. For MTurk, those motivated 

by money used fewer words on the survey and finished it faster. Those motivated by interest used more words than 

the average participant but finished it in a time equal to average. ProA participants motivated by money or interest 

elaborated more than average on the questions. However, the ones motivated by money were slightly faster than the 

average and those motivated by interest took more time. Comparing the averages of MTurk participants with the ProA 

participants, it seems that MTurkers work faster but use more words in responding to the open-ended questions. Even 

though we have found those slight differences, essentially motivation did not seem to impact participant responses.  

Although participants from both MTurk and ProA were similar in terms of their demographics and motivations to 

participate, we did find some differences between the two platforms. MTurk has a very large participant population 

(estimated by some to be between 100,000 and 200,000 workers), but 80% of workers were born after 198030 and the 

platform does not provide a filter to screen by age. As a result, we tested out two strategies. Firstly, we invited all 

adults over 55 and excluded responses from those under 65, which resulted in some unnecessary expense for these 

relatively younger participants we did not wish to include. Secondly, we used a two-step method that included a pre-

screening survey. Although this second approach was less expensive than the first, it took much longer to gather 

enough participants. ProA, on the other hand, has a smaller participant pool than MTurk, but it does allow researchers 

to more efficiently filter for participants aged 65 and above.  

There were additional challenges when soliciting participation of older adults on multiple crowdsourcing platforms. 

Because crowdsourcing workers sign up to participate in each platform separately, it is possible that participants could 

take part in a research study more than once. Although we were able block previous participants within each platform 

through their participant ID, we had to rely on the honesty and good will of our respondents in answering our question 

of whether they were workers on the other platform and whether they had taken the survey more than once. Previous 

research found that 22% of ProA participants also worked on MTurk and 14.5% of MTurk participants worked on 

ProA.33 Although our study suggests that up to 30% of the participants signed up for more than one crowdsourcing 

platform, only one participant reported taking the survey twice.   

We also found that the stated motivations for participating in the survey were similar for respondents on both platforms 

even though ProA is focused on academic research studies. In a recent comparison of general crowdsourcing 

demographics, ProA participants showed a greater diversity, research naiveté, and higher quality answers than MTurk 

participants.33  About half of participants on both platforms reported a household income of less than $50,000 which 

is similar to the median income for older adults according to the 2015 US Census ($38,515).34 We found that many 

respondents on both platforms reported earning money as their primary motivation for completing the survey. Despite 

the motivation for money, most participants provided thoughtful, carefully reasoned answers to open-ended questions.  

The meaningful responses to questions about factors associated with transitions in living situations in our survey and 

responses related to an interest in the research topic suggest that crowdsourcing and its payment methods may be 

reliable methods for recruiting older adult study participants.  

Based on our findings, both MTurk and ProA provide an efficient method of recruiting approximately 100 older adults 

to respond to online research surveys over a relatively short amount of time. Given the limited diversity of older adults 

on these platforms, crowdsourcing may be most useful for pretesting research instruments and obtaining rapid and 

low-cost input from a technologically savvy older population. This input could be especially helpful for rapid design 

prototyping and human-centered design.  

4.1 Limitations 

This pilot study had several limitations. First, a limitation of both platforms is the inability to validate the demographic 

data from the participants. MTurk and ProA both use self-reported participant data to filter access to HITs. However, 

for most research studies participant enrollment is based on self-reported qualifications. Second, the participant sample 

was mostly white, well-educated, and frequent technology users, and thus there may be limited generalizability to the 

broader older adult population in the US. At this point in time crowdsourcing does not appear to be an effective method 

for reaching older adults from underrepresented minority populations. Barriers to online access, historic mistrust of 

research and lack of outreach to minority groups may contribute to underrepresentation. Focused effort by platforms 

to encourage a diverse participant pool through targeted outreach, marketing and incentives could improve the 

participation of underrepresented minorities in crowdsourcing activities. Third, we excluded non-English speaking 

participants and our recruitment sample was primarily from the US, limiting generalizability to older adults in other 

countries and those with limited-English proficiency in the US. 
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Conclusion 

The two crowdsourcing platforms provided quick and easy access to participants aged 65 and older. Participant 

responses from MTurk and ProA were similar in terms of their demographics and motivations to participate in research 

studies. Soliciting participants from crowdsourcing platforms such as MTurk and ProA can be an efficient and 

inexpensive method of reaching older adult participants, particularly those who are technologically-savvy, for 

participation in a research survey. The following summarizes our key conclusions:  

 

 ProA has a much smaller participant pool than MTURK, however, the ability to directly filter by age in ProA 

allowed for a more efficient process to recruit older adult participants. 

 Despite the stated research focus of ProA we did not find differences in the demographic characteristics or 

motivations of participants. 

 Crowdsourcing tools were useful for gathering a rapid response from 50-100 primarily healthy, non-Hispanic 

white, technologically comfortable older adults.   

 Care must be taken to avoid duplicate responses given a portion of respondents participate in both platforms. 

 Given the strong monetary motivation for using these platforms, the issue of coercion should be discussed 

through some formal means. 

 Although income was a major reason for involvement in this study, it was clear that many participants were 

also motivated by interest in the topic and did their best to answer the questions. This mode of accessing 

research participants has potential. 
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Abstract 

Nursing home (NH) patients are extensive users of emergency department (ED) services. Problematically, poor 
information sharing and incomplete access to information complicates the delivery of care in EDs for NH patients. 
Paper-based transfer forms can support information sharing, but have significant limitations. Standards-based 
automated transfer-forms that leverage health information exchange data may address the limitations of paper-based 
forms and better support care delivery. This study developed a prototype SMART on FHIR automated transfer form 
for NH patients using priority data elements identified through individual interviews, a review of existing transfer 
forms, a targeted survey of end users, and a design workshop. Analyses were grounded in the 5 Rights of clinical 
decision support framework. The most valuable data elements included: emergency contact/healthcare proxy, current 
medication list, reason for transfer to the ED, baseline neurological state, and relevant diagnoses / medical history. 
The working prototype was successfully deployed within an Amazon Web Service environment.  

Introduction 

Nursing home (NH) patients are extensive users of emergency department (ED) services1. These patients have higher 
rates of both ED overall visits and revisits than community dwelling older adults2,3. Nearly a fifth of ED visits by NH 
patients are potentially preventable4. Moreover, in comparison to community dwelling older adults, NH patients are 
generally more medically complex with multiple chronic conditions5 and consequently undergo more imaging 
procedures in addition to being more likely to be hospitalized from the ED1. Problematically, poor information sharing 
and incomplete access to information complicates the delivery of ED care for this high risk and high need patient 
population6.  

Information that is incomplete or difficult to obtain is common for NH patients upon arrival in the ED7–13. Even when 
information from the NH is available, it is often too sparse to be useful or, at the other extreme, includes large amounts 
of data that are of little value for clinical decision making14. Poor information sharing complicates work within the 
ED11, delays care15,16, and potentially places NH patients at greater risk for adverse events8. Some of the barriers to 
effective information sharing between NHs and EDs are due to the structure of the health care system. For example, 
less information is available to ED providers when the patient is transferred from low-resourced NHs17 or if the transfer 
occurs outside of normal business hours18,19. Even phone calls to the NH may be of limited value; for example, the 
staff most knowledgeable about the resident’s transfer may not be available due to shift changes20 or the afterhours 
provider on-call may not be familiar with the patient’s health issues14. Some information gaps are due to the 
unreliability of self-reports from patients11; for example, due to cognitive impairment18 or delirium21.  

Evidence suggests that standardized transfer forms documenting key information from the NH can increase the volume 
and improve the quality of information shared with ED providers10,19,22–24, enhance provider satisfaction25,26, and may 
be associated with more efficient care27. However, paper-based transfer forms have significant limitations. Even when 
available, paper forms are not always utilized10 and fall into disuse over time28, often due to staff turnover29.  Also, 
manually initiated transfer forms require NH staff education and training30, take up NH staff time to complete31, and 
are inherently limited to the information accessible to the person completing the form. Paper-based forms may also 
simply get lost during transfers20. Even if electronically shared, transfer forms that rely on manual data entry and 
submission by NH staff are not consistently used25 and can place a time and workload burden on the NH25. Similarly, 
electronic transfer forms, if reliant on end users to complete and send, fall into disuse over time26. Changes in NH 
administration, which are frequent, can also disrupt usage and ultimately may require the transfer form process to be 
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re-introduced25. Importantly, the idea of a standardized form is a misnomer as a single ED can receive patients form 
multiple NHs, each of which may use a different type of transfer form32.  

Advances in health information technology and health information exchange can address challenges arising from poor 
information sharing and paper-based transfer forms by automating processes (i.e. by not being human dependent) and 
improving the completeness of patient information by accessing information from multiple institutions 
simultaneously33. In addition, the potentially negative impact of low levels of health information technology adoption 
among NHs on patient care can be mitigated through health information exchange which increases the breadth and 
amount of information available34,35. While technical challenges hindered the development of earlier electronic 
transfer forms36, interoperability standards have progressed significantly. In particular, the Fast Health Interoperability 
Resources (FHIR) standard from the Health Level Seven International (HL7) organization enables the consolidation 
and representation of numerous data elements within an electronic health record (EHR) environment37,38. This study 
developed a SMART (Substitutable Medical Applications and Reusable Technologies) on FHIR prototype automated 
transfer form for NH patients who receive care in EDs.  

Methods 

We developed a prototype automated transfer form to meet ED providers’ information needs when delivering care to 
NH patients. Over a 10-month period beginning in April 2018, we identified priority data elements through a multi-
step process that included individual interviews with ED providers, a review of existing transfer forms, a targeted 
survey of end users, and a design workshop.  

End user interviews & analysis 

Key informants represented two different EDs that participated in HEALTHeLINK (Buffalo) or the Bronx Regional 
Health Information Organization (RHIO) information exchanges in New York State. We conducted 6 interviews with 
physicians and one interview with a nurse. Interviews followed a semi-structured interview guide, which covered the 
areas of information gathering, workflow, identification of information that is difficult to access and/or considered 
high priority, and information needs of ED clinicians. All interviews were conducted over the phone by two or more 
team members and were recorded with consent.  

We analyzed the transcripts using a template analytical approach, which applies an a priori set of hierarchical codes  
39,40. Our template was based on the 5 Rights of clinical decision support41: important data elements (right 
information); the appropriate member of the care team (right person); a preferred point in the workflow (right time); 
accessing information in the EHR or through the health information exchange portal (right channel); and how end 
users receive the information (right format). Two coders applied the final coding scheme to all transcripts 
independently. We then conducted consensus coding and differences were resolved through joint readings and 
discussion. If consensus could not be reached by the two coders, a third team member was brought in to resolve 
differences.  

Review of existing transfer forms 

We identified five paper-based transfer forms specific to NH patients42–46 and two clinical abstracts designed for ED 
end users 47. From these forms we abstracted 220 (unduplicated) data elements. 

End user survey 

We then compiled, deduplicated, and collapsed (near) synonymous terms derived from the interviews and our review 
of paper-based forms. From the paper-based forms, we used elements that appeared on at least four of the seven total 
exemplars. We grouped the resultant elements into 5 categories to facilitate respondents’ completion of the survey: 
respondent demographics, patient identifiers, medical decision making, laboratory and imaging / radiology, allergies 
and medications, reasons for transfer and medical history, and NH information (Table 1). Survey respondents rated 
the value of each element when seeing a NH patient in the ED as: not at all, moderately, or extremely. Patient 
identifying information, such as names and medical record numbers, were assumed to be required information and 
therefore we excluded these elements from the ranking process. We distributed an anonymous REDCap 48,49 survey 
to a convenience sample of providers practicing in EDs located in New York State (using personal contacts and those 
with connections to HEALTHeLINK, the Bronx RHIO, and the New York eHealth Collaborative). A total of 10 
individuals from 5 different hospitals responded to the anonymous survey. 
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Table 1. Categories and data elements included in the end user survey 

Category Elements (example) 
Patient identifiers Name, medical record number, date of birth, race/ethnicity, gender, address, phone 

number, marital status 
Medical decision making Advanced directive, emergency contact / healthcare proxy, primary care provider  
Laboratory & imaging Complete blood count, blood type, creatinine, coagulation values, urine culture, 

imaging / radiology, other 
Allergies & medications Food allergies, medication allergies, current medication list, medication 

administration record 
Reasons for transfer & medical history Reason the patient was transferred to the ED, most recent vitals, baseline 

neurological state, current neurological state, relevant diagnoses / medical history, 
recent encounters (with dates), notes from recent encounters 

Nursing home information Phone number for staff familiar with patient, phone number for supervisor, phone 
number for front desk, facility type (nursing home, rehabilitation, etc.), nursing 
home care capabilities (e.g. can administer IV antibiotics) 

 

Design workshop 

We conducted a design workshop with six key informants from a Buffalo area health system (4 physicians, 1 registered 
nurse, 1 information systems specialist). The goal of the workshop was to inform the eventual design and 
implementation of the transfer form to maximize end user acceptance and usage. We provided all participants with a 
summary of our survey and qualitative findings on the most important data elements. The workshop commenced with 
a review of the overall project objectives and a nominal group technique to identify any key data elements that had 
not been previously mentioned. These included data both currently and not currently available electronically. Next, 
workshop participants broke out into two small groups each with a moderator. Each group was given examples of 
existing paper-based transfer forms, asked to develop a layout that best supported their decision making, and then 
create a paper mock-up. Groups reconvened and shared examples for group discussion. Finally, the workshop 
concluded with a moderated group discussion on the timing of usage within clinical workflows by staff type and how 
the example transfer form could be accessed through the EHR or the information exchange portal. 

Prototype development & testing 

We developed a SMART on FHIR prototype application designed to access a FHIR bundle and other standardized 
data sources to create and return a transfer form populated with data specific to the care of NH patients in the ED. The 
application generated an HTML page that could be viewed during a single session and/or printed.  The prototype 
application was written in vanilla JavaScript and compliant with FHIR version 3. The prototype application was tested 
using data available from smarthealthit.org. 

Results 

Right information 

Five data elements (Table 2) had a mean rating of 3.0, meaning that the entire convenience sample viewed them as 
extremely useful: emergency contact/healthcare proxy, current medication list, reason for transfer to the ED, baseline 
neurological state, and relevant diagnoses / medical history. The interviewees mentioned each of these elements, but 
also provided clarification, described current challenges in obtaining these elements, or illustrated their importance 
based on personal experience. For example, a desire for information on medical history was often bounded by its 
relevance to the patient’s current health problems and recency. A key informant commented, “I don’t really care if 
they had their wisdom teeth out when they were 16 and they’re 90, but just key problems that are important: coronary 
heart disease, hypertension, diabetes…” Also, key informants expressed a desire to know why the transfer occurred, 
e.g., “I want to know in simple language like why are they being sent to the emergency department.” The reason for 
transfer was noted as particularly important information for patients who were unable to provide the reason 
themselves: “…(P)robably the most important part, particularly for patients who have some element of dementia, is 
an explanation of the events that led to the patient being transferred…(T)hat would be the first thing I would be looking 
for…” However, this information was not always available. One key informant noted, “I would say the reason for 
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transfer, kind of really obvious, but sometimes you don't actually know that” and another recounted: “(S)ometimes I 
feel like you really don’t get all the information…Why was this patient sent out at 5:00 in the morning,  when we call 
the facility [and find out that the] facility doctor comes in at 7:00 am? What emergency…Why couldn't it have 
waited?” Emergency contact information was noted as important in understanding patient care preferences in the ED 
and for discharge planning. The design workshop participants echoed the importance of these factors, but also 
expanded the concept of current functional status to include ambulatory status. 

An additional seven data elements (Table 2) were highly rated (mean >2.5) in the areas of medical decision making 
(advance directive, primary care provider contact information), current status (most recent vitals, current neurological 
state), allergies and medications, and NH information. Interviewees qualified the importance of medications by 
relevance and recency, and also for other data elements. For example, providers commented: “(N)ursing homes tend 
to send us a bunch of paper and most of the paper they just copy and send us the MAR [Medication Administration 
Record] that sometimes goes back weeks. It's not helpful. It's just a bunch of paper” and “We're often looking for 
needles in haystacks and people send us more hay. That doesn't help. We don't need to know every medication they've 
been on for the last year. We just need to know what medicines they're on right now and what medicine is they didn't 
take or didn't get.”  

Table 2. Rankings of data elements. 

Data element Mean rating 

Emergency Contact/Healthcare Proxy 3.0 

Current Medication List 3.0 

Reason patient transferred to ED 3.0 

Baseline neurological state 3.0 

Relevant diagnoses / medical history 3.0 

Advanced directive 2.9 

Medication allergies 2.9 

Most recent vitals 2.9 

Phone number for nursing home staff familiar with patient 2.9 

Nursing home capabilities  2.8 

Primary care provider 2.6 

Current neurological state 2.6 

Medication Administration Record (MAR) 2.4 

Phone number for nursing home supervisor 2.4 

Nursing home level of care  2.4 

Recent healthcare encounter types and dates 2.3 

Lab: CBC 2.2 

Lab: Urine Cultures 2.2 

Notes from recent encounters 2.2 

Imaging/Radiology 2.11 

Lab: Creatinine 2.1 

Food Allergies 1.91 

Lab: Coagulation Values 1.8 

Phone number for nursing home front desk 1.81 

Lab: other 1.61 

Lab: Blood Type 1.2 
1Not specifically identified in qualitative interviews as important or desired factors.  
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Two nonclinical data elements, primary care provider contact information and NH information, were also discussed 
in key informant interviews. One informant stated that these data elements could support further information 
gathering: “One of the things that's frequently lacking and leads to frustration is a good contact number for somebody 
at the nursing home facility…Where you can actually speak to a nurse or care provider who is familiar with that 
patient and knows what was going on.” In addition, these data could influence care decisions. An ED physician 
reported: “It’s not real clear whether they're in there long term, assisted living, or rehab. Which is not that important 
from a medical standpoint, but if you're trying to admit [the patient]…what level of care they're at is important and 
it's not always immediately obvious from the paperwork.” These elements were also highlighted by design workshop 
participants. 

Notably, laboratory tests and imaging results tended to rank at the bottom of the list of data elements. As one 
respondent noted, it was information the physicians already had access to: “Oftentimes with these patients, the lab 
work that they're sending is either so old that it's not quite as useful or they actually just send back the lab work from 
their last visit with me at [hospital name].”  

Right time, channel, format, and person 

With some variation, key informants generally outlined a similar process for soliciting information about NH patients 
in the ED: 1) review triage notes (chief complaint) -> 2) review paper transfer forms (if available) -> 3) patient 
interview -> 3) review EHRs -> 4) additional steps if necessary, e.g., phone calls to the NH and search health 
information exchange. Within these steps, key informants stated a preference for their prioritized data elements as 
“earlier the better” or “before I go talk to the person”.  

Key informants noted several channels for obtaining relevant patient information. Based on the key informants’ 
experiences, current paper-based transfer forms were not the best channel due to information that was occasionally 
missing, incomplete, or that varied substantially. For example, one physician described the situation as follows: “(I)t’s 
so variable what you get from each site…Some places it’ll just list like their medical problems. Maybe get a list of 
medications. Other places you won't get their medications, but you might get a very clear reason why they're there 
[that is] written out on a piece of paper. But it does not seem like there's any standard way that information is gathered 
and it really depends on the staff. Some people will literally copy an entire chart on a patient. Other patients come 
over with like these sticky notes saying ’agitated’. So, it is very variable depending on the facility.” Similarly, phone 
calls were not always productive: “Sometimes we’re never able to get a hold of someone. We maybe don't meet 
expectations with the person who sent them to the emergency department so then they send them back the next day 
still without any communication of what we can do to help the patient.”  

Differences in data needs by job type (i.e. right person) were apparent in the interviews. While physicians did not need 
data elements such as insurance information and demographics, they did recognize their importance for other staff 
members. For example, a physician stated, “Having contact information for our social workers, because that’s usually 
when they get involved when our facility is refusing to take a patient back or there are concerns about the level of 
care they’re receiving.” Likewise, the sole nurse key informant had a case management role and reported that contact 
information helped place individuals into NHs. 

Prototype transfer form design 

In terms of format, the members of the design workshop expressed a preference for a single page, top down form, 
with different colors for the headers and information, and boxing or grouping of key information. Overall, the 
preference was for the top of the form to have “information about today”, e.g. the information that helped explain the 
patient’s presence in the ED (such as the reason for the transfer) and that supported any immediate clinical decisions 
(such as advance directives). Information that was used in “later decision making”, such as contact information and 
facility characteristics was suggested to be at the bottom of form. Participants wanted all data elements to include 
date/time stamps and to clearly designate when information was not available. Participants also suggested including 
a checkbox within the ED triage intake form to identify NH patients at arrival, which could trigger the report so that 
it was available prior to the patient interview (Right time). 

The working prototype (Figure 1) included many of the highly rated data elements as well as additional elements 
identified in the design workshop. Not all the desired or represented elements are currently mapped as FHIR resources 
in HEALTHeLINK. While a desired field, the prototype cannot report the reason for the transfer to the ED since this 
data element currently has no FHIR specification and was not being sent to HEALTeLINK by any NH partners. 
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Figure 1. Example of the prototype SMART on FHIR automated transfer form. 

 
Limitations 

This study has several limitations. Generalizability of the prototype in terms of end user acceptance may be limited. 
While we have the views of multiple health organizations and different staff types, the sample size was limited and 
interviews with these types of stakeholders in other states may have identified other key data elements. Similarly, 
providers working within different EHR environments may have had different preferences for the timing of the transfer 
form. Lastly, we did not study end user acceptance or uptake of the application in a live clinical environment. The 
next planned phase of the research is to pilot the transfer form in the ED and evaluate usage.  

Conclusion 

We developed a prototype SMART on FHIR transfer form for use in the ED to support the care of NH patients based 
on the information desired by end users and their preferences for its delivery. Notably, interviews, surveys, and the 
design workshop all indicated the importance of both clinical and nonclinical data in the care process. The clinical 
data elements to support care delivery identified in the study were consistent with prior research28 and the nonclinical 
data elements were largely to facilitate communication with NHs in order to overcome poor information sharing.  

A challenge facing the development of our prototype, and potentially other FHIR-based applications, is the electronic 
availability of all desired data elements. A prior effort to better share information from NHs during ED visits was 
undermined by the unavailability of standardized data36. The use of an emerging standard is an advantage over prior 
efforts and the number of FHIR resources is expansive, but many potentially useful resources still remain at low 
maturity-levels or have not been specified. Opportunities exist to improve the content within the transfer form as more 
resources become available, or as more data types are shared by NHs through health information exchange. For the 
nonclinical information, some public directory resources, such as those from the Centers for Medicare and Medicaid 
Services, could be incorporated in future transfer forms. However, that information may not be specific enough to 
support care in the ED. An additional enhancement to the transfer form could be the ability to annotate or add very 
specific information such as NH staff contact information to supplement information in public directories. 
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Notably, our current transfer form prototype could not include all the data elements identified as important by key 
informant end users. However, identifying desired data elements that are currently unavailable provides an initial 
roadmap of new elements for EHR vendors, information exchanges, and NHs to pursue. As more data becomes 
available, they will be included in future iterations of the transfer form application. 

The ED is a frequent site of care for NH patients, but care in this setting is fraught with communication challenges. 
The expansion of interoperable health information and standards may be leveraged to address the limitations of paper-
based information sharing.  
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Abstract 

Allergy mention normalization is challenging because of the wide range of possible allergens including medications, 

foods, plants, animals, and consumer products. This paper describes the process of mapping free-text allergy 

information from an electronic health record (EHR) system in a university hospital to standard terminologies and 

migration of those data into an enterprise EHR system. The review, mapping, and migration revealed interesting 

issues and challenges with the free-text allergy information and the mapping in preparation for implementation in 

the new EHR system. These findings provide insights that can form the basis of guidelines for future mapping and 

migration efforts involving free-text allergy data. As part of this process, we generate and make freely available 

AllergyMap, a mapping between free-text entered allergy medication to standard non-proprietary ontologies. To our 

knowledge, this is the first such mapping available and could serve as a public resource for allergy mention 

normalization and system evaluation.  

Introduction  

Impact of Allergy Documentation Challenges 

Allergy mention normalization, in which entities mentioned in allergy text (“allergy mentions”) are identified and 

mapped to terminologies, is a key step in the process of abstracting meaning from free-text allergy mentions, such as 

with natural language processing (NLP). However, this normalization is challenging because of the wide range of 

possible allergens. Adverse drug reactions, including allergic reactions, are a major cause of morbidity, mortality, 

and increased health care costs, affecting up to 10-25% of patients, with allergic reactions causing 5-10% of these 

reactions1, 2, 3. Up to 39% of patients have at least one allergy reported4, 5, and patients described as having allergies 

may actually have drug intolerances that are not caused by allergic reactions4. Documentation of prior adverse 

reactions, such as drug allergies, is often inaccurate and outdated6-10. A major challenge to improved documentation 

is that allergy entries often include free text, which clinicians typically use when they cannot find a term for an 

allergy in the electronic health record (EHR) system11 and can occur even when comprehensive vocabularies such as 

SNOMED CT are used, such as in the case of food allergies12. 

These issues with allergy documentation lead to suboptimal and even erroneous prescribing, resulting in allergic 

reactions and increased costs1. Less obvious effects include reduced medication choices, such as with antibiotics, 

with increased antibiotic resistance and fewer available treatment options due to excessive use of broad-spectrum 

antibiotics1, 13-17. Improving allergy documentation by mapping allergy text to controlled terminologies allows 

automated checking using computerized physician order entry (CPOE) and clinical decision support systems, 

improving quality and safety and decreasing adverse reactions18-21. However, inaccurate information limits the 

effectiveness of these systems19, 21.   

Data Extraction and Migration 

Health systems are increasingly transitioning to new EHR systems for technological, business, and regulatory 

reasons22, 23. A frequently cited reason for switching to a new EHR system is to obtain enhanced functionality, such 

as clinical decision support. Optimal communication and full allergy checking with these systems requires 

documentation of allergies using standard terminologies24-27, which requires that text allergy mentions be normalized 

to a standard terminology. This process is hampered by several challenges, including the lack of comprehensive and 

standard allergy terminologies and use of proprietary terminologies26 which may have licensing and publishing 

restrictions. Additionally, allergy information is heterogenous, representing not only drug preparations but also 

broad medication classes, drug ingredients, drug combinations, and non-medication allergens, such as foods, plants, 

animals, microorganisms, and metals24. In addition to non-medication substances, free-text allergy entries can 

include the absence of specific allergies, which medications are tolerated (absence of an allergy), information about 

the type and severity of prior hypersensitivity reactions, and misplaced information, such as fluid restriction and 
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pregnancy status25. There is limited scientific literature on 

EHR transitions and data migrations in general28, even 

less so for migration of free-text allergy information 

between EHR systems. Prior work has characterized the 

current state of allergy documentation, including the 

widespread use of free text, and described automated 

extraction and mapping methods, but not in the context of 

a data migration14, 25, 29.  

Ideally, it would be possible to use normalization 

software to map free-text allergies to standard 

terminologies. However, while medication vocabularies 

like RxNorm are kept reasonably up to date, it is much 

more difficult to track other allergens such as food 

preparations with many (often unknown) ingredients and 

an increasing variety of consumer products and 

chemicals. This problem is compounded by the lack of 

normalization corpora and widespread use of proprietary 

vocabularies, making it difficult to develop, let alone 

evaluate normalization software in this domain. 

Moreover, there has been limited work in developing 

NLP algorithms for allergy information extraction, and an 

evaluation of commercial NLP engines concluded that 

while automated extraction may facilitate a manual 

process, manual mapping and review are necessary for 

ensuring accuracy when creating automated medication 

lists30. 

Pioneering work by Epstein et al.25 at Vanderbilt 

University used Transact-SQL to identify food and drug 

allergies in a perioperative information management 

system, using 24,599 entries from 9,445 records for 

training and 24,857 entries from 9,430 records for testing. 

However, the authors acknowledge that this software is 

likely not portable, as the software and dataset are not 

publicly available (the link to their lookup tables, which 

could support development of similar systems at other 

institutions were not accessible at the time of submission of this publication). The authors reported 95% or better F-

measure, precision, recall, and specificity (true negative rate) on the overall test data set. However, overall 

performance degraded on unique strings, with accuracy and recall dropping to just over 81% and 80% respectively, 

due mostly to rare singletons and spelling mistakes not handled by their algorithm. 

More recent work by Goss et al.29 evaluated allergy information extraction using the MTERMS NLP software.31 

MTERMS was trained on 500 emergency department clinical notes, with another 400 annotated as a gold standard 

containing 217 allergen (or “no allergen”) mentions.  They achieved over 98% annotator agreement and the system 

achieved a recall of 91%, precision of 84.4% and a F-measure of 87.6% when evaluating whether the system 

identified a positive allergen in clinical text. However, linking these allergic reactions to their specific allergen 

(normalization) yielded only a 69% F-measure. Neither the software nor dataset is publicly available. 

This paper describes the mapping of free-text allergy information from a large university hospital to controlled 

terminologies as part of a data migration to an existing enterprise EHR system used in an academic health system. 

We describe the creation of AllergyMap, an allergy mention normalization corpus, and make it freely available. 

Methods 

Source and Annotation for Data Migration 

The Northwestern University Institutional Review Board reviewed the study (STU00207067) and determined that it 

was not research involving human subjects. 

Text Status Type

pollen grass mold Active NULL

ultrasound transmission gel Active Allergy

cleaning products Active NULL

opioid-like analgesic Active Allergy

purple grapes Active Allergy

plasma Active Allergyartificial food dyes wheat dairy 

chocolate Active NULL

general anesthetics Active Allergy

*******LATEX ALLERGY**** Active Allergy

CONTRAST IODINE, LIPITOR Active Allergy

all oral hypoglycemics Active Allergy

Vicodin, ultram, neurontin Active Allergy

NSAIDS/ NORCO Active Unknown

alfaslfa Active Allergy

PCN, ASA Active Allergy

gentamycin, clindamycin Active Other

beef, beef products, wheat, soy, cheese, 

preservatives, margarine, beans, corn, 

milk, sauce, peppers, gravy, paprika, 

turkey, breading, oatmeal Active Allergy

many others; poor historian Active Idiosyncratic

adrenaline Active AllergyVACCINES MADE W/ EGGS, but 

eats eggs all right Active Allergy

Ibuprophen Active Allergy

ibuprophen Active Side Effect

ibuprophen Active Sensitivity

Cats Dogs Grass Trees Mold Active NULL

levaquin Active Allergy

Levaquin Active Intolerance

Levaquin Active NULL

levaquin Active Side Effect

levaquin Active Toxicity

Table 1. Illustrative sample allergy entries. 
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As part of migration to an enterprise EHR system (Figure 1), all active, free-text allergy entries first recorded 

between June 27, 2002 and November 25, 2015 were extracted from the existing inpatient EHR system at 

Northwestern Memorial Hospital in December 2015. All instances in which a text string was documented for a 

patient’s allergy history were treated as separate instances and included duplicates if a string was recorded for 

multiple patients. Entries that were already recorded using standard terminologies and code sets were excluded. The 

extracted dataset did not include any protected health information or patient identifiers. Data elements 

accompanying each text entry included the status of the allergy entry (e.g., active, proposed, resolved, cancelled) 

and the nature of the adverse reaction, if known (e.g., allergy, side effect, intolerance, unknown). An 

interdisciplinary team of healthcare professionals, clinical informaticians, and health information technology 

professionals reviewed the data and discussed different priorities and approaches for the migration. 

The review and mappings were performed between December 2015 and November 2016. The data analysis for this 

study occurred after the allergy mapping and data migration but before go-live of the new patient data in the new 

EHR system. For the initial extraction performed by the information services team, 14,685 text entries were 

Figure 1. Workflow for mapping and migrating free-text allergy entries. 
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Reaction Type Count

Allergy 11,646

Idiosyncratic 12

Intolerance 169

Null 2,033

Other 196

Secondary Effect 4

Sensitivity 26

Side Effect 501

Toxicity 11

Unknown 87

Table 2. Reaction types. retrieved (Table 1), along with the status of the allergy (“Active” or “Cancelled”), and 

the type of reaction (Table 2). Each text entry is a separate instance in which that 

string was entered into the EHR system as an allergy annotation.  

Review and Mapping 

In the first round of processing, 1,678 entries were removed for being ambiguous, 

irrelevant, or of limited usefulness: health professionals were using the allergy field in 

the EHR to express other information besides drug sensitivities. Examples include 

patient weight, pregnancy status, gestational age, fetal weight, allowable medications, 

non-allergic sensitivities, lack of known allergies (e.g., “NKDA” or “NKA”), and fluid 

restrictions. Large classes of medications having different subclasses with varied 

structures, such as “unknown antibiotic,” “unspecified topicals” were deemed too 

vague to be useful to support allergy checking and were thus excluded from further 

consideration. After this initial processing, 8,153 entries remained, including duplicates. When duplicate entries 

were removed, 2,549 unique entries proceeded to the next phase of review. 

The clinical informaticians from this group oversaw the iterative mappings and review process. Entries in which the 

meaning was unclear or in which there were questions were escalated to clinicians for review. On clinical review, 

those that were found to be ambiguous, irrelevant, or of limited usefulness were not mapped. For entries with 

multiple drugs or substances, each component was reviewed and mapped separately. Unique strings were manually 

reviewed and mapped if possible. Preliminary mappings were created from the free-text entries to the standard 

terminologies used for allergy documentation in the enterprise EHR system. Mappers evaluated names, and if they 

referred to medications or other allergens, search the terminologies used for documenting allergies in the enterprise 

EHR system and attempted to assign mappings. Clinical drugs or drug ingredients were mapped to RxNorm. 

Allergens that could not be readily mapped to RxNorm, such as drug classes and non-drug allergens, were initially 

mapped to the National Drug File Reference Terminology (NDF-RT), which was used at the time in the target EHR 

system for these substances. As the goal was to populate patient allergies to allow allergy checking during 

medication prescribing, terms for food and other environmental allergens were mapped to corresponding drug 

products or drug ingredients whenever possible. For example, ”egg” was mapped to egg as a drug ingredient rather 

than a food or substance. 

For entries that did not match through simple text matching, medical students performed an initial set of manual 

mappings. Entries that could not be mapped were evaluated for relevance and frequency of use and migrated as text 

annotations if they were clinically significant or used to document allergy histories ten or more times. One approach 

would have been to add these entries to our existing or new ontologies in the enterprise EHR system so that they 

could also be deterministically referenced going forward. However, given the rapid timeline required for this 

mapping project, the ongoing larger EHR data migration, and migrations of data from multiple EHR systems, we 

chose to convert these entries into annotations. A follow-up project would be to review all annotations and add these 

as concepts to the enterprise EHR ontology so they can be used in the future.  

Final Review 

Physicians with expertise in clinical informatics performed final mapping review and adjudicated mapping decisions 

to clinical terminologies. Finally, all terms were given a final mapping to a UMLS 2018AB Concept Unique 

Identifier (CUI) to support mapping to other standard terminologies such as SNOMED CT. For terms already 

mapped to a concept in a standard terminology represented in UMLS, we used the corresponding CUIs for those 

concepts. All allergy free text mentions were manually screened to verify the absence of personal health information 

including all 18 identifiers outlined in the HIPPA privacy rule. 

Inter-Annotator Agreement 

A set of 100 free-text patient allergy terms was randomly selected and annotated by both AYW, a family physician 

with expertise in clinical informatics and clinical terminologies, and MID, a rheumatologist who has previous 

experience mapping clinical text. Annotation concordance was defined by F-measure, a more appropriate metric for 

computing agreement than traditional measures such as Cohen’s Kappa for this multi-token unrestricted text 

annotation task32 as F-measure approaches Cohen’s Kappa as the number of negative cases is high. Allergy mention 

boundaries and assignment of CUIs to mentions was performed using the latest release (1.3) of the BRAT software 

package (https://github.com/nlplab/brat). Within the software, the note field for each annotation was pre-populated 

with MetaMap based (https://metamap.nlm.nih.gov/) CUI information including concept name and semantic type 
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although these were in practice rarely used unless the annotator 

was already familiar with the UMLS concept.  Links to the UMLS 

Browser were provided for concept lookup and annotators were 

required to determine the allergy entity boundary, the UMLS 

concept and to remove the pre-existing MetaMap populated CUI 

information from the Note field. F-measure was computed by a 

modified version of the brat-utils software package 

(https://github.com/savkov/BratUtils) which required that true 

positive values match not only the entity boundary, but also have 

identical note fields (CUIs). All entities were annotated with the 

most appropriate single concept and can be post-coordinated with 

an allergy concept. Therefore, food and drug allergies are 

represented only by the appropriate food or drug CUI as UMLS 

lacks a complete cross product of food and drugs concepts with the 

allergy concept. 

Results  

Two medical students performed preliminary mappings, and then 

two physician informaticians (AYW and AMN), including one 

with expertise in standardized health terminologies (AYW), 

performed iterative review and mapping. Some entries contained 

as many as 20 different entities, such as names of medications or 

other substances. In these cases, each medication or substance was 

mapped individually. At the end of the mapping process, 2,237 

entries were mapped to standard terminologies, and 312 were 

deemed unmappable. Reasons for not mapping include lack of 

clarity, ambiguity, an overly broad concept, irrelevance, or 

nonexistence of an appropriate term in the target terminologies. 

For unmappable terms, there was further review to determine if the 

original text would be used to provide a text annotation in the 

enterprise EHR system. Of the 312 unmappable terms, the 

clinicians recommended that 170 text entries be used to populate a 

text field in the allergy history section of the enterprise EHR 

system and that 142 entries not be migrated. The mapped UMLS 

concepts of the most common allergens in the dataset and their use 

counts are shown in Table 3. 

 For inter-annotator agreement, the F-measure was 0.83 using 

AYW annotations as the gold standard. which is excellent given 

the complexity of this task. 

At the end of the manual review and mapping process, the 

mappings and recommended text annotations were imported into 

the enterprise EHR system and used to populate allergy histories in 

the destination EHR system. The information technology team at 

Northwestern Memorial Healthcare (NMH) checked the migrated 

allergy data for data quality issues and migrated it into the new EHR system. Physicians performed manual spot-

checks on mapped allergy data. The hospital went live on the enterprise EHR system March 3, 2018. Our allergy 

corpus is freely available at https://github.com/amywangmd/AllergyMap. 

Discussion  

We have created a high-quality allergy mention normalization corpus and have made it freely available. Our work 

differs from prior work25 in that all entries were manually processed and cleaned to determine if they contained 

active, legitimate, and nonduplicate entries. This significantly reduced our free-text entry count from 14,685 to 

2,549 but was required to generate a high quality corpus because free-text allergies may contain non-allergy 

medication information such as “Coumadin/atrial fibrillation”29. Our mappings also include environmental allergens 

Rank UMLS Text Use Count

1 Iodides 825

2 Dyes 697

3 Penicillin 637

4 Codeine 441

5 Latex 395

6 Aspirin 345

7 Contrast Media 310

8 Adhesive tape (device) 296

9 Morphine 242

10 Erythromycin 240

11 Shellfish 225

12 Intravenous pyelogram 209

13 Anti-Inflammatory Agents, Non-Steroidal 204

14 Amoxicillin 186

15 Filamentous fungus 185

16 Angiotensin-Converting Enzyme Inhibitors 182

17 Ibuprofen 172

18 Fish - dietary 150

19 Meperidine Hydrochloride 144

20 Dust 131

21 Hydromorphone Hydrochloride 125

22 Acetaminophen 118

23 Vancomycin 117

24 Ampicillin 100

25 Clindamycin 98

26 Tetracycline Antibiotics 92

27 Poaceae 89

28 Cephalexin 85

29 Seafood 85

30 Povidone-Iodine 80

31 Cow's milk 80

32 Adhesives 79

33 Tetracycline 78

34 Compazine 78

35 Dog family 77

36 Felis catus 75

37 Bupivacaine Hydrochloride 73

38 Promethazine Hydrochloride 72

39 Nuts 72

40 Family Felidae 71

41 Hay fever 70

42 Pollen 62

43 Trees (plant) 61

44 Morphine Sulfate 53

45 Metronidazole 52

46 Bee sting 51

47 Beef (dietary) 50

48 Sulfonamide Anti-Infective Agents 50

49 Mushroom - dietary 49

50 tetanus toxoid vaccine, inactivated 48

Table 3. Top UMLS mappings and use count. 
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like that of Goss et al.29 but not the sensitivity reactions. A more complete comparison of our work to pre-existing 

allergy normalization corpora is shown in Table 4. 

Mapping Challenges 

There were a number of challenges encountered during the mapping (Table 5). Many Text expressions that escaped 

the initial culling process were later determined to be vague, unclear, or irrelevant, while others had issues that did 

not affect the meaning (e.g., extraneous characters or punctuation). Broad classes of medications or substances 

cannot be categorized easily, such as “unspecified topicals,” and “oil.” The free-text fields also contained drug 

reactions, medications that the patients tolerate, and results of allergy testing. It appears that certain clinicians and 

even entire departments were using fields to alert health care professionals to important information about the 

patient, such as fluid restriction status and pregnancy and breastfeeding information. Fields also contained up to 20 

or more elements as well as combinations of different types of elements. An important result of this work indicated 

by our manual review process is that a surprisingly large number of free-text allergy entries described the absence of 

allergy information or other communication as shown in Table 5. This makes simple allergen look-up approaches 

prone to error and suggests that even small free-text allergy will require more advanced NLP similar to the larger, 

allergy containing notes annotated by Goss et al29. 

Mapping Approaches 

Although free-text allergy information is complex, a systematic process can be used to map it to terminologies in 

preparation for a data migration to an EHR system. Our experience is consistent with the literature reporting that 

data migration is the most challenging aspect of an EHR transition. Given the broad implications for all members of 

the healthcare team that interact with allergies and medications, the project required an interdisciplinary team of 

health professionals and was iterative.  

While automated methods such as NLP would be preferable, to our knowledge, there is no allergy-specific 

normalization software available, and more general solutions such as MetaMap33 and cTAKES34 are unlikely to have 

the performance required for an EHR transition29 where failing to note a patient allergy could be harmful or fatal. In 

any case, since there are no freely available corpora for allergy mention normalization, we needed to create one 

before evaluating any NLP software. AllergyMap will help facilitate the creation of such software.  

Manual and Automated Methods 

Our high inter-annotator agreement suggests that this mapping process is reliable and reproducible. However, an 

important concern is the heavy reliance on manual review, mapping, and annotation. While manual clinical review 

serves as a gold standard, it requires significant time, effort, and specialized expertise.35 Thus, our objective is to 

continue to explore methods for increasing and optimizing automation while improving the workflow and usability 

of manual mapping. 

Clinical Implications 

This mapping effort has broader implications than simply migrating and preserving allergy histories faithfully to 

ensure quality and safety. The availability of an allergy normalization dataset can help with the use of automated 

Table 4. Comparison with existing allergy normalization resources. 
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methods to analyze and migrate free-text allergy information. The optimal outcome would be to migrate all free text 

to standards for structured entry, better interoperability, and automated checking. As mapping all terms was not 

possible, we sought to preserve potentially useful information by using the free text to populate text annotations in 

the destination EHR system. Given the known inaccuracies present in allergy data, showing this information to 

clinicians and patients provides opportunities to discuss and confirm with patients and improve accuracy during 

subsequent encounters. A more accurate allergy history improves allergy checking, quality, safety, medication 

options, and antibiotic stewardship, and reduces adverse effects, unnecessary costs, unnecessary use of broad-

spectrum antibiotics, resistance, and complications. Clinicians may trust the information more and be less likely to 

override automated alerts during electronic prescribing. 

Limitations 

There a number of limitations of this project. Our allergy data were from a single university hospital in a large 

metropolitan area within an academic health system. The EHR system that was the source of the allergy data was 

used only in an inpatient setting. Only the text strings, active/inactive status, and type of reaction were available for 

the mapping, without additional context such as type of hypersensitivity, severity of allergic reaction, or coded 

patient diagnoses. However, there was no information available about anatomic locations of reactions. This 

additional information may have improved the understanding of the text and quality of mappings. Non-drug 

allergens were mapped to NDF-RT, which was required by the target EHR system but would not be considered ideal 

or in accordance with current interoperability standards.36 

The mapping and review were performed mainly by physicians with expertise in clinical informatics. It would be 

interesting to have other health professionals who use allergy information perform the same exercise and compare 

the results.  Previous work by Goss et al29 reported an annotator agreement of 98%, which we find reasonable for 

this task. The primary challenge in allergy mention normalization is the large number of allergens spanning multiple 

(often proprietary) vocabularies, not difficulty in interpreting text as is often the case with disease mention 

normalization and other clinical normalization tasks. 

 

Table 4. Categories of mapping challenges. 

Issue  Examples  

Vagueness or overly broad categories 

or not useful (do not map) 

"Doesn't remember the drug"  

"Begins with a C"  

"all mycins"  

"almost all antibiotics"  

"unspecified topicals "  

"oil"  

Not related to allergy (do not map)  

"current wt. = 1355g 11/20/2003"  

"****PT IS 10 WEEKS PREGNANT 6/15******"  

"BREAST FEEDING"  

"concentrate all fluids"  

"AVOID LIPID LOWERING AGENTS (PATIENT ON A STUDY)"  

Absence of allergy (do not map, can 

keep as text annotation)  

"TESTED PCN NEGATIVE"  

"oral PCN likely OK per patient"  

"Diamox is OK"  

"peanuts ok"  

Combination Terms (map allergy only) "pt. states some abx/unknown name/has had pcn without reaction"  

Reaction without allergen (do not map) 

"anaphylaxis"  

"hives"  

"dystonic reactions"  

Concatenation of multiple values 

(review and map each separately)  

"Amoxicillin, erythromycin, PCN, sulfa, cephazil, altor, zithromax, cipro, flagyl, 

tetracycline, demorol, aspirin, darvocet, bextra, viox, neomycin, toradol, morphine, 

tylenol, tylenol II, motrin, advil, vicodin."  

Extraneous characters (ignore extra 

characters) 
***********L A T E X************ 
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Conclusion  

Mapping free-text allergy entries to standards and migrating those data to a different EHR system is challenging but 

presents important opportunities for improving safety, quality, and interoperability. While we have developed a 

mapping and migration process for preserving intent in free-text allergy information, more significantly, we have 

developed a freely available corpus that can be used to develop and evaluate NLP allergy mention normalization 

algorithms. To our knowledge, it is the first freely available corpus of its kind. Future work involves using this 

corpus to train and develop allergy normalization software that can preserve allergy information and thus improve 

quality and safety. We also welcome other stakeholder to comment on and contribute to this corpus to make it more 

robust, current, and applicable to multiple use cases. 
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Abstract

COVID-19 is threatening the health of the entire human population. In order to control the spread of the disease, epi-
demiological investigations should be conducted, to trace the infection source of each confirmed patient and isolate
their close contacts. However, the analysis on a mass of case reports in epidemiological investigation is extremely
time-consuming and labor-intensive. This paper presents an end-to-end framework for automatic epidemiological
case report analysis and inference, in which a Tuple-based Multi-Task Neural Network (TMT-NN) is designed and
implemented for jointly recognizing epidemiological entities and relations from case reports, and an epidemiological
knowledge graph and its corresponding inference engine are built to uncover the infection modes, sources and path-
ways. Preliminary experiments demonstrate the promising results, and we published a real data set of COVID-19
epidemiological investigation corpora at Github, as well as contributing our COVID-19 epidemiological knowledge
graph to the open community OpenKG.cn.

Introduction

A novel coronavirus (namely “SARS-CoV-2”) was first detected by China in December 20191, and the disease it
causes has been named “coronavirus disease 2019” (abbreviated “COVID-19”). By 7 July 2020, there were more
than 11,662,574 confirmed cases in global 188 countries or territories2. Besides COVID-19, SARS in 2003, H1N1
influenza in 2009 and MERS in 2012 are all epidemics with the rapid spread to a large numbers of people. These
epidemic diseases are posing a serious challenge to human health in the 21st century, as well as jeopardizing social
and economic activities at world wide.

Epidemiological investigation is a critical task to study the distribution, pathogenesis, transmission characteristics and
determinants of epidemic diseases3, putting forward reasonable preventive health care countermeasures and health
service measures. Through epidemiological investigation, the infection pathway of each patient can be clarified,
which will play an important role in the prevention and control of future epidemics. It is also possible for the public
to know how to avoid infection and how to solve the problem after infection. However, facing to tens of thousands
of patients diagnosed as COVID-19, it becomes extremely time-consuming and labor-intensive to do epidemiological
investigation and trace the close contacts for each confirmed case, in a typically manual way. For example, in Wuhan,
China, there have been more than 1800 epidemiological investigation groups, each group of at least five experts,
tracing tens of thousands of close contacts every day. Through these arduous works, the vast majority of identified
close contacts have been traced and executed medical observation4.This work has played a very important role in
China’s success in controlling the spread of COVID-19. In these tasks, investigators need to document case reports,
including demographic data and clinical manifestations of confirmed cases. Those travel trajectories before the disease
onset are especially important to be logged, plus the close contacts of confirmed cases. Additionally, investigators
are responsible for analyzing and tracing all possible infection modes, pathways and sources, which triggers further
follow-up records of close contacts. Such investigation work is quite tedious and complicated and requires a lot of
information searching, comparing, inductive and/or deductive reasoning.

Most of the work above is based on deep understanding to unstructured textual documents. Current technical progress
in nature language processing (NLP) has made it possible to formalize these unstructured textual data and enable
further computation analysis on structured data. In this paper, we present an end-to-end framework from extracting in-
formation from case reports in an epidemiological investigation, constructing epidemiological knowledge graph (KG),
tracing and analyzing infection source and pathway for each patient, then discovering and generating epidemiological
insights with visualization, so as to facilitate the work of epidemiologists and improve the efficiency of epidemio-
logical investigation. Our contributions in this work mainly includes 4 aspects: 1) the end-to-end framework for
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automatic epidemiological investigation and analysis as proposed for the first time in epidemiology area as we know;
2) a novel Tuple-based Multi-Task Neural Network (TMT-NN) for jointly recognizing epidemiological entities and re-
lations from case reports; 3) the infection network inference mechanism built on top of an epidemiological knowledge
graph which has been contributed to an open community - OpenKG.cn5; 4) a data set of epidemiological investigation
corpora for COVID-19 with labels being published at Github for public use6. Although our case study in this paper is
now focused on COVID-19 to fight the current outbreak at world wide, our proposed framework and technologies are
open and flexible to be extended for other kinds of epidemic diseases.

Related Works

Related work can be roughly divided into 3 categories: 1) current methods for epidemiological investigation analysis,
2) state of art for medical information extraction and 3) applying knowledge graph in epidemiology research.

In literature, the basic principles and steps of epidemiological investigation have been introduced7, where the process-
ing and analysis of epidemiological case reports are mainly done by hand. Meanwhile, there were a lot of theoretical
works8, 9 introducing the transmission models of infectious diseases, to simulate the disease progression.

NLP technologies have been used to analyze news websites and try to discover and track the outbreak of epidemic
diseases10. There was also a lot of related work using NLP for automatically extracting and encoding clinical informa-
tion from text which has been well known as clinical information extraction (IE)11. Actually, in the general domain,
IE is commonly recognized as the automatic extraction of concepts, entities, and events, as well as their relations and
associated attributes from free text12, 13. Machine learning-based IE approaches have gained much more interests due
to their efficiency and effectiveness14, 15, particularly their success in many shared tasks. BERT16 is a breakthrough in
NLP field, which leads to the significant improvement of performance on many NLP tasks.

Knowledge graph is another research topic, and the latest works17, 18 have used knowledge graph for drug information
management and drug identification for COVID-19.

As far as we know, there is little work aimed at information extraction from case reports in epidemiological investiga-
tion. In this paper, we specifically design and implement a neural network based on BERT, leveraging the character-
istics of epidemiological case reports to extract epidemiological entities and relations. Thus, a knowledge graphs for
epidemiological investigation is introduced in this paper for the first time. Further an inference engine is constructed
to discover infection sources, pathways and networks based on knowledge graph.

Our Framework

System description and epidemiological knowledge graph

In practice, an epidemiological case report for an individual patient usually includes 4 types of information: (1)de-
mographics, (2)recent activity log (with time, location and so on), (3)disease related onset, diagnosis and treatment
information, and (4)the information of close contacts. In our framework, we take epidemiological case reports for
a population as the input. The output is an epidemiological investigation knowledge graph and the corresponding
discovered insights, such as infection networks and sources.

Figure 1: An end-to-end framework for automatic epidemiological investigation analysis.

The system mainly includes two parts: (1)Information extraction from case reports to populate epidemiological knowl-
edge graph, (2)Inference on top of the knowledge graph to discover infection relations, sources and networks. As
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shown in Figure 1, in the first part, we designed and trained a tuple-based multi-task neural network to jointly extract
key epidemiological entities and their relations from unstructured textual corpora, then after the terminology normal-
ization, these extracted entities and relations can be populated into the knowledge base according to the predefined
schema of epidemiological knowledge graph shown in Figure 2. The core logic in the second part is a rule-based in-
ference engine built on top of knowledge graph to construct the contact network and infection network of population,
identify infection source and discover the infection pathway for each patient. Finally, based on an enriched knowledge
graph, data mining and statistics can be done to discover insights and visualize them in a suitable way. Meanwhile, we
can align the KG with other data sources (e.g. EMR, etc.) if available, to generate more meaningful insights.

Figure 2: The schema of epidemiological knowledge graph (The paper used those concepts with solid line).

Epidemiological information extraction via a novel deep neural network specifically designed for case reports

Figure 3(a) shows a typical example of case reports in both Chinese and translated English. By observation, we found
that all these reports follow the similar authoring style or pattern although the case reports may come from different
cities. All of them start with the patient demographic information including patient ID, age, gender, residence place,
epidemiological contact history etc., then followed by their activity records and manifestations before confirmed as
COVID-19 disease, as well as their close contacts. This information can be represented as nested tuples. For example,
an epidemiological case report can be structured as a patient information tuple (patient ID, age, gender, residence place,
epidemiological contact history), one/multiple event tuple(s) (time, location, verb, vehicle, manifestation, persons) and
one/multiple social relation tuple(s) (id, name, relation-type).

TMT-NN is specifically designed with a hierarchical entity labelling structure to extract corresponding nested tuples
and their attributes in an end-to-end way rather than using traditional named entity recognition(NER) and relation
classification (RC). Two-layer entity labeling is designed for nested tuples. The first layer is to label tuple keywords,
such as the “verb” in event tuple and “relation-type” in social relation tuple. Each recognized tuple keyword means
one corresponding tuple to be extracted. The second labeling layer further extracts the other attributes for the tuples
corresponding to keywords. A schematic representation of the structure of TMT-NN is illustrated in Figure 3(b).
It contains four parts: 1) Encoding, 2) Tuple keyword labeling, 3) Iterations of position embedding and keyword
embedding for nested tuples, 4) Tuple attribute labeling, where details are elaborated as below. Assume a sequence
with n tokens (a case report) is denoted by {t1, t2, . . . , tn}, which is as the input of the model.

(1) Encoding: Inspired by the pre-trained model BERT16, we leverage the pre-trained models to encode each token in
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Figure 3: Tuple-based Multi-Task Neural Network and an example of case reports.

a sequence. Concretely, given a sequence T = {t1, t2, . . . , tn} , the standard [CLS] and [SEP] tokens are inserted at
the beginning and ending of the sequence, respectively. The output TB = {T1, T2, . . . , Tn} of BERT is regarded as
the representation of a sequence T .

(2) Tuple keyword labeling: Entities of tuple keyword are extracted first to recognize event tuple and social relation
tuple by this layer. For tuple keyword labeling task, T is mapping to its corresponding entity label sequence ŷK =
{ŷK1 , ŷK2 , . . . , ŷKn }. The embedding Ti is utilized with a multi-layer perceptron (MLP) and softmax for this task:
ŷKi = softmax(MLP (Ti)) where Ti is the representation of i-th token in a sequence. The vector ŷK and vector
TB are concatenated as the input T̂B of next layer. BIO tags are used to label tokens. Figure 3(c) shows an patient
information tuple example labeled by BIO tags.

(3) Iterations of position embedding and keyword embedding for nested tuples: The layer is to add the features
of position and keyword embeddings to enable next labeling layer focusing on the tuple instance indicated by current
keyword. For each tuple keyword entity, a relative position from the entity in terms of number of tokens can be ob-
tained. The values would be negative offsets for those tokens before keyword entity, zero for all tokens in the keyword
entity and positive offsets for those tokens after the keyword entity. An absolute position in the token sequence is also
taken into account in this layer to improve performance. Relative and absolute position embeddings encoded by posi-
tional embedding19 are concatenated as the tuple position embedding PE

j ∈ RLp , where j is the j-th tuple keyword
and Lp is the size of embedding. We propose to use weights aP as attention coefficients of vector T̂B where weights
are determined by an attention neural network based on tuple position embedding PE

j :

TP
j = (aPj )

TT̂B , where aPj = sigmoid(UP tanh(WPPE
j + bP )),

where (aPj )
T is the matrix transpose of aPj , sigmoid is the sigmoid activation function to normalize the value to a

range of 0 to 1 and tanh is hyperbolic tangent function. WP ∈ RLa×Lp , bP ∈ RLa and U ∈ R1×La are parameters,
La is the size of attention. Let Ej = {ej1, ej2, ..., ejK} be the embedding of the j-th tuple keyword, then we can
encode tuple keyword tokens into a vector TE

j by the following:

TE
j =

∑
k

aEk ejk, where a
E = softmax(UEtanh(WEEj + bE)),
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where aE is an attention vector. The vector TP
j , PE

j , TE
j are concatenated as next layer input feature TD to extract

its corresponding tuple attributes. Because the numbers of events and social relations in case reports are not fixed,
all tuple keyword entities are processed iteratively by position embedding to extract corresponding tuple attributes by
following layer. The tuple keyword entities are obtained by correct label during training process, and by output from
entity labeling in testing process.

(4) Tuple attribute labeling: There are three information extraction tasks in our case: patient information, event
tuple(s) and social relation tuple(s). In patient information extraction, the label sequences ŷPi corresponding to the
patient tuple attibutes can be obtained by MLP layer and softmax based on T̂B :

ŷPi = softmax(MLPP (T̂B
i )).

For event and social relation extraction, the label sequences yEij and yRij corresponding to the event and relation tuple
attibutes can be respectively calculated by MLP layer and softmax using output TD of position embedding layer:

ŷEij = softmax(MLPE(TD
ij )), y

R
ij = softmax(MLPR(TD

ij )),

where j is j-th event or social relation tuple keyword in the sequence.

Loss function for nested tuple learning: We used a cross-entropy loss function for tuple keyword and attribute
labeling. The overall objective of the model is to minimize:

L = λ

n∑
i

yKi log ŷKi + α

n∑
i

yPi log ŷPi + β

n∑
i

∑
j

yEij log ŷ
E
ij + γ

n∑
i

∑
j

yRij log ŷ
R
ij ,

where the four terms are for tuple keyword labeling, patient information tuple attribute labeling, event tuple attribute
labeling and social relation tuple attribute labeling from left to right, respectively. yKi , yPi , yEij and yRij are their ground
truths. The λ, α, β and γ are hyper-parameters to balance their losses.

After structured epidemiological information are extracted, these mentions should also be normalized to enable termi-
nology consistent in the whole epidemiological knowledge graph. However, due to the limitation of paper length, we
have to omit this part in the paper.

Infection Network Inference and Infection Source Identification

After structured epidemiological information are organized as knowledge graph, we can use epidemiological inference
algorithm to discover the implicit infection relations among confirmed patients and find out all possible infection
sources. Here, the problem can be formally defined as: given a list of nodes V = {1, 2, . . . , N} corresponding
to the N individual patients in the epidemiological investigation population, how to generate an infection network8

Ginfect = (V,Einfect) which is a directed graph. For i, j ∈ V, i 6= j, the directed edge Eij = {i, j} inGinfect stands
for the infection relation defined in knowledge graph, its direction is from i to j.

To address the problem, we introduce another concept - contact network9. Similar with infection network, contact
network is also a kind of graph, denoted as Gcontact = (V,E). The edge Eij in Gcontact is undirected and is
associated with a probability p, independently of all other pairs of nodes. Here contact is interpreted as the occurrence
of a physical association of two individuals that could be sufficient for disease transmission, though not all contacts
between infective and susceptible individuals are guaranteed to result in transmission. Easy to know that the infection
network is a subgraph of contact network, shown in Figure 4.

We can get contact network first from the epidemiological investigation case reports, and then derive infection network
from contact network. Each reported patient is one node in the contact network. The contact relation between two
nodes is established according to their reported social relationship (e.g. family, colleague, etc.) or associated events
(e.g. party, meeting, taking the same flight and so on). For an outbreak, the real contact network including all patients
should be a very big connected graph, but we can only collect a part of case reports. These nodes are only a subset of
full set of patients. So, the network got from the epidemiological investigation case reports is a undirected subgraph of
the contact network in real world. We’ll take the subgraph of the network to infer the infection source and transmission
path. We still call it contact network in the following part.
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Figure 4: Concepts in contact network and infection network.

Suppose disease transmits from infection source s ∈ V in contact networkGcontact = (V,E) according to SI model20.
So called SI model is a simplified but usually used version of SERI model (Susceptible-Exposed-Infected-Recovered).
In SI model, each node only has two states: Susceptible and Infected. We observe the state O(t) of all the nodes in
the network at time t. The infected node i ∈ V has a time ti that after the time its state changed from S (Susceptible)
to I (Infected). The disease transmission from one to the other is caused by their contact relation. The infected one is
also possibly a source to others, the source of the network is such a kind of nodes of which no identified transmission
source of it, but with several transmission targets.

Our goal is to infer the infection source and transmission paths (pathway along which the epidemic spreads) from the
contact network G with the history observation O(t). The inferred source(s), transmission paths with nodes are the
directed subgraph of the undirected contact network. We call it directed infection network Ginfect or g. Based on
Bayes theory, it can be expressed in maximum likelihood estimation21–23

ŝ, ĝ = argmax
s∈V,g⊂Gcontact

P (O|s, g)

Supposed s is the infection source, g is the inferred infection network, P (O|s, g) is supposed to be the possibility of
observation O of all nodes states after the disease transmits in contact network.

To realize the inference engine, we can use four-step pipeline:

Step 1: Construct the contact network from structured case reports stored in KG

Firstly, the individuals (i.e. the investigated patient) in the epidemiological knowledge graph are the nodes in the
contact network. The contact relation comes from two, one is the social relationship between two patients, the other is
the contact event associated two or more patients who have at least intersecting event(s) with the same time duration
and location. For any two nodes: x and y, if there exists social relationship or contact event, there should be an
undirected edge Exy in the graph. Note that there are possibly loops in the contact network and the contact network
may not be a connected graph.

Second, add spot nodes to the network: Because of the transmission characteristics of COVID-19, some spots as
interim transmission nodes should be identified in graph. The shared spots in the same time t or the same duration of
events can be a transmitting mediator of the disease. We extend the contact network with the spot as the intermediator
node and edges between patients and spot. The spot node will be added to the node set V . If more than Q patients (for
example, if Q = 2, the two persons are x and y) have events in the same spot (for example z) at time t, then patients
and the spot have undirected edges (Exz, Eyz).

Third, get the transmission time ti for each node: After this time, the node state changes from suspectable to infected.
Since source node is not identified yet, we use the absolute time instead of relative time from source node. We take
onset date of reported case as the time of each node. For the ti of spot node, we use the time of associated event.

Then we get the contact network with the state of each node at every points of time ti.

Step 2: Divide the contact network into connected subgraphs to reduce the computation complexity

The constructed network is sparse. Many of nodes are not connected with others. To reduce the computation com-
plexity, we divide the network into a list of subgraphs by connected graph. Within the subgraph, every nodes has the
degree greater than zero, i.e. the node has at least one edge(s) with other node(s) in the subgraph.
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Step 3: For each subgraph, identify the possible infection sources and transmission paths to get infection subgraphs.

In this step, we need to identify all combined alternatives of s and g, then calculate their P (O|s, g). After comparing
the P of different alternatives of s and g, we pop up ŝ, ĝ as the output whose P (O|s, g) has the maximum value in all
alternatives. To generate all alternatives, we fix all nodes V in current connected subgraph, and combine the values
of all edges where an contact relation Exy has 3 possible values: 1 stands for x infects y, 0 stands for no infection
relation between them, -1 stands for y infects x. To compare the P of all alternative subgraphs, instead of directly
calculating the possibility of source node and the directed infection subgraph on the observation state O(t), we use
empirical discrete values to differentiate and compare the possibilities of edges or nodes. We approximately estimate
the possibility by the sum of the possibility of all direct edges from the inferred subgraph. We defined the following
basic rules to simplify comparison. Let Gcontact = (V,E) be the subgraph from Step 2.

Rule 1: For any x ∈ V , set P (O|x) = p, where p is the average possibility value of all nodes; set P (O|x) = w1p, if
x has contact history with confirmed case(s) before time t; set P (O|x) = w2p, if x has contact history with suspected
case(s) or person(s) come from epidemic area(s) or been to epidemic area(s) before time t, where w1 > w2 > 1,
w1, w2 are the empirical constant value.

Rule 2: For any x, y ∈ V , contact edge Exy ∈ E, tx is the onset time of x, ty is the onset time of y. The directed
infection edge Lxy indicates the edge from x to y, Lyx is from y to x. P (O|Lxy) > P (O|Lyx), if tx < ty .

Rule 3: For any x, y, z ∈ V , Exy ∈ E, tx is the onset time of x, ty is the onset time of y, tx = ty . L is a directed
infection edge. P (O|Lxz) > P (O|Lyz), if P (O|x) > P (O|y).

Rule 4: For any x, y, z ∈ V , Exz, Eyz ∈ E, the onset time of tx, ty , tz , if tx < ty < tz , then P (O|Lxz) > P (O|Lyz).

We use the sum of P (O|Lxy) of each Exy ∈ E to estimate and compare P (O|s, g). One constrain on the sum is
that only the edge with highest P can be added when there are multiple coming-in edges of one node. This constraint
comes from the assumption that the infection result is not accumulative. If the node is infected, we will ignore the other
possible infection to this node. The set of directed edge L which makes the P (O|s, g) maximum value, together with
the node set V , composed inferred the directed infection subgraph. Within the inferred directed infection subgraph,
the node(s) with zero in-degree is identified as the source(s) of this subgraph.

Step 4: Validate the inferred graphs

We validate the inferred result of the identified source(s) and directed infection graph by walking from source and
trying to connect any other nodes in the connected subgraph to see if any node unreachable. If there exists such
node(s), it means the confliction(s) between original epidemiological investigation data and inference result. The
reason may be caused by wrong reported date or other reasons, need manually to fix.

Dataset, Experiments and Results

To better evaluate the performance of our research work, we collect 2264 real confirmed cases from Dec 19, 2019
to Feb 7, 2020 from the websites of China CDC and some main-stream news websites, such as, sina.com.cn, peo-
ple.com.cn, thepaper.cn and news.163.com, etc. Here we thank them. Further, we define and label the named entities
and their relations on the dataset (named ECR-COVID-196) for the purpose of KG construction and inference. To the
best of our knowledge, ECR-COVID-19 is the first high-quality dataset of entity and relation recognition on epidemi-
ological case reports.

We implement the TMT-NN model based on the transformer24 and use the basic “bert-base-chinese” model25 for the
Chinese dataset. We truncate any of input sequences that is longer than 512 for BERT maximum size limit. We split
randomly the dataset into training, validating and testing sets in proportion 0.8, 0.1 and 0.1. For training, we use the
Adam26 optimizer for 20 epochs, the learning rates is 3e− 5 and dropout is 0.1. We use L2 regularization to improve
the generalization ability of the model and the coefficient is set to 0.01. λ, α, β and γ are set as 0.25, 0.25, 0.25 and
0.25 respectively.

Performance results of patient information, event and social relation extraction tasks at token level using TMT-NN
model are illustrated in left of Table 1. We also define a tuple level measurement, its corresponding results are shown
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in right side. Predicted tuples are obtained by the trained model with the highest F1-score on the validating set in
token level. Compared predicted tuples and true tuples, true positive (TP), true negative (TN) and false positive (FP)
are computed, respectively. Precision, recall and F1-score in tuple level can be calculated. From the results, we see
that our model obtains strong performance for patient information task, and event and social relation extraction are
more challenging than patient information extraction. Compared with the result of patient information task, our model
on event task has about 20% reduction because multiple event blocks occuring in the same corpus may confuse the
model. Regarding to social relation task, its performance looks worse since social relation terms are very sparse in the
dataset.

Table 1: Token level and tuple level performance on ECR-COVID-19 test set.

Token level Tuple level
Precision Recall F1-score Precision Recall F1-score

Patient information 94.7 95.7 95.2 96.0 95.3 97.7
Event 58.7 85.0 69.5 77.6 80.0 78.8
Social Relation 44.4 64.1 52.6 34.1 68.9 45.7

For the second task - infection network inference and infection source identification, we select totally 316 case reports
from Shenzhen city and 35 case reports from Tianjin city to validate our implementation of epidemiological inference
engine. For Shenzhen dateset, we got 316 nodes, and 100 edges in Step 1. 11 patients are without onset date. 7
of them, we can take their confirmation date as replacement. In Step 2, we got 217 groups, among them 61 groups
with more than one patient. The max group in Shenzhen data is 8-patient group. In Step 3, for the maximum group,
we generated 52 alternative subgraphs and after comparing them by using 4 rules, we got the final inferred infection
graph with one source node, 7 edges. In Shenzhen, we found most of infections happen among social relations, mainly
within family. Figure 5 shows a construction and inference procedure from individual cases to contact network and
infection network. Here this example comes from Tianjin city. Figure 5(b) shows an indirect contact network in which
a suspected infection spot #8000 is identified, but we don’t know which point is the source and how the disease spreads.
After inference based on the rules in Step 3, #7960 is identified as the most possible infection source, he infected his
colleague #7951 and close contact #7968, Although he don’t know other people (such as #7937, #7963, #7966 etc.),
he infected them since he works with them in the same shopping mall #8000. Here #8000 becomes an infection center
spot. Further #7937 infected his family member #7957. In our experiment, the inference engine correctly identified
all the infection relations, and also found some that are missed by human.

Figure 5: Visualization of typical infection networks generated from epidemiological investigation case reports. Each
node is a patient, the number is the patient ID. Purple indicates infection source(s). Red nodes indicate the infection
spots. Arrows are infection relations labeled with relation type or infection date.
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Discussion

We evaluate the TMT-NN model performance about patient information, event and social relation extraction tasks at
token and tuple level using precision, recall and F1-score on ECR-COVID-19 test set. The experimental results show
that our model is effective to recognize epidemiological entities and relations from unstructured epidemiological case
reports. Patient information tuple only occurs once in a case report, its information extraction is similar with a named
entity recognition task so its performance is good. However, poor performance can be seen in social relation extraction
task. The reason is that most of the report cases in ECR-COVID-19 dataset rarely contain social relations. It causes the
social relation mentions in test cases have not been learnt by our model. Actually on validation dateset, the F1 score of
this task can reach 0.90 at token level. Regarding to event extration, the event keyword can be recognized very well.
The performance of attribute recognition has still improvement space. We think the reason is most of epidemiological
case reports contain multiple events with the similar pattern, the model is confused by them and not be able to extract
correct attributes for current event keyword from corresponding event block. Experiments show position embedding,
keyword embedding and attention mechanism can significent improve performance of event attribute recognition, but
there is still improvement space.

By information extraction and knowledge reasoning, we construct and enrich the KG of epidemiological investiga-
tion. The structured data in KG mainly includes 1) individual patient information (demographic data, flag of infection
source, the sequence of activities with time, location, vehicle, close contacts, and a set of important epidemiological
times including infection date, onset date, the date of seeing doctor, confirmed date, admission date.); 2) cross-patient
information (social relation, infection relation); 3) external data if the data source is available. By using these data,
we can use additional statistical analyses to discover insights into the transmission dynamics, for example, to calcu-
late incubation period according to infected time and onset time; to use the time interval between confirmation and
admission to measure the efficiency of medical institutions; to analyze what kinds of population are more likely to get
COVID-19, etc.

Conclusion

In this paper, we presented an end-to-end framework for automatic analysis and inference on epidemiological investi-
gation case reports. As far as we know, this is the first complete research work to apply NLP and knowledge graph in
epidemiological investigation area from collecting case reports and preparing labeled dataset to information extraction,
knowledge graph construction and inference to generate new meaningful insights. In the framework, we designed a
novel TMT-NN specifically for epidemiological case reports to jointly recognize epidemiological entities and rela-
tions for knowledge graph construction. To evaluate TMT-NN model, we designed a dataset ECR-COVID-19 which
includes the epidemiological investigation corpora of COVID-19 collected in China. It is available to access for public
use. The experiment result proves our approach is effective for automatically extracting key structured information
from epidemiological case reports. We defined an epidemiological knowledge graph for COVID-19 and contributed
its schema in JSON-LD format and corresponding high-quality instance data to open community OpenKG.cn. Based
the knowledge graph of COVID-19, we further designed an epidemiological inference engine to discover infection
networks, infection sources and pathways from scattered case reports. The experiment results have proved the key
technologies are feasible and effective. In the paper, we take COVID-19 as a case study, but the proposed framework
can be used to other infectious diseases. We hope our work can trigger more research work to be applied to the
prevention and control to epidemic diseases.
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Abstract In the electronic health record, the majority of clinically relevant information is stored within clinical notes. 
Most clinical notes follow a set organizational structure composed of canonicalized section headers that facilitate 
clinical review and information gathering. Standardized section header terminologies such as the SecTag terminology 
permit the identification and standardization of headers to a canonicalized form. Although the SecTag terminology 
has been evaluated extensively for history & physical notes, the coverage of canonical section header terms has not 
been assessed across other note types. For this pilot study, we conducted a coverage study and characterization of 
canonical section headers across 5 common, clinical note types and a generalizability study of canonical section 
headers detected within two types of clinical notes from Penn Medicine. 

Introduction 

Unstructured notes are a rich source of clinically important information, some not otherwise found among the 
structured data fields of the electronic health record (EHR). The types of clinical notes generated at the point of care 
can vary by specialty (radiology vs. emergency department (ED) reports), writer (physician vs. nurse), timeline of 
events (discharge summary vs. progress note), length (short telephone encounter vs. long history & physical (H&P) 
notes), among other comparisons. These clinical notes can be documented using a predefined template, which 
organizes relevant clinical information into subsections designated by section headers. In some cases, clinicians can 
create new sections to organize content into novel sections. These templates, initially designed to be used by clinicians 
to provide a cognitive framework for their clinical assessments, can be leveraged to assist in information gathering.  

In a recent literature review, Pomares-Quimbaya et al. defines a section as “a text segment that groups together 
consecutive clauses, phrases, or sentences that share the description of one dimension of a patient, patient’s 
interaction, or clinical findings [1].” The sections used vary for the same reasons that clinical note types vary, e.g., 
variable concept specificity, clinical content, narrative structure, and term synonymy. In particular, clinical notes (e.g., 
progress notes) can follow the traditional, higher-level SOAP (e.g., “subjective”, “objective”, “assessment”, “plan”) 
labels [2,3] or more precise, lower-level labels (e.g., “chief complaint” is a type of  “subjective” section). Some section 
headers (e.g., family history) are commonly observed across notes types (e.g., H&P and ED notes); other sections 
(e.g., specimens) are more frequently associated with a particular note type (e.g., laboratory report). Some sections 
are explicitly denoted with a case, punctuation, line breaks, or white spacing [4,5]; other sections are implied by either 
topical [6], temporal [7], or locational shifts in the narrative. In practice, a canonical set of section headers are not 
often standardized across institutions, or sometimes even within a department, leading to multiple section variants 
with synonymous meaning (e.g., “family history”, “FHx”). Although there’s no formalized agreement of what 
constitutes a section segment, there is consensus that identifying the section segmentation for an extracted clinical 
event can have implications for determining whether that event occurred (actual vs. hypothetical), who experienced 
the event (family vs. patient) and when it occurred (distant past, recent past, current encounter, future) among other 
assertions [1, 8].  

Although section header terminologies i.e., SecTag, have been developed and evaluated for their coverage of section 
headers for more general, summarizing notes, e.g., discharge summaries [9] and H&P notes [4], it has not been 
assessed for coverage of section headers for other semantically-rich, high-value note types e.g., writer-specific note 
types (e.g., physician and nursing notes) as well as domain-specific note types (e.g., radiology and echocardiograms). 
Additionally, there has been no characterization of non-canonicalized section headers that could provide semantically-
meaningful information for extracting clinical events e.g., problem-oriented section headers (“lung cancer:”). These 
non-canonicalized section headers could be valuable for improving information retrieval, extraction, and 
summarization efforts for clinical and translational research efforts e.g., developing natural language processing 
(NLP)-powered applications for identifying relevant patient cohorts for genotype/phenotype association studies, 
clinical trial recruitment, and clinical decision support among other use cases. 
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Our long-term goal is to develop an NLP-powered, section tagger to identify and canonicalize explicit, semantically-
meaningful, and high-value section headers across a variety of note types for patient cohort identification. Our most 
immediate use case is a translational research study for a lung cancer cohort. Our short-term goal, in this pilot study, 
is to 1) conduct a coverage study of canonical section headers using a standardized, section header terminology, 2) 
characterize the themes of section headers that did not canonicalize, and 3) assess the generalizability of the section 
terminology to University of Pennsylvania notes to inform future, automatic section header identification efforts for 
an ongoing translational research study. 

Methods 

In this Institutional Review Board-approved study, we queried notes from the Multiparameter Intelligent Monitoring 
in Intensive Care (MIMIC)-III database [10]. The MIMIC-III database contains a diverse and comprehensive 
collection of clinical data for patients admitted to the Beth Israel Deaconess Medical Center in Boston, Massachusetts. 
MIMIC-III is a relational database consisting of 26 tables with information related to admissions including patients, 
caregivers, diagnoses, procedures, laboratory events, and other coded data as well as the associated clinical notes. We 
focused our study on clinical note types that typically contain explicit, but variable section headers commonly 
documented across institutions. For this study, we processed only - discharge summary, echocardiogram, nursing, 
physician, and radiology notes - codified and stored in the MIMIC-III noteevents table.  
 
SecTag Terminology 
 
One of the most comprehensive section header terminologies was developed at Vanderbilt University using H&P 
notes. This section terminology is leveraged by SecTag, a section tagger that integrates spelling correction, 
hierarchical terminology rules, and a naive Bayesian scoring method to detect sections from clinical notes [11,12]. To 
date, the SecTag terminology contains 1129 canonical section labels (e.g., chief_complaint), 6773 section variants 
(e.g., “cc”, “chief complaint”), and an average of 6 synonym variants per canonical section label1.  
 
Coverage of Canonicalized and Characterization of Non-canonicalized Section Headers 
 
For 10,000 randomly-sampled notes (2,000 of each note type), we report the relationship between the average number 
of canonicalized, candidate headers and tokens by note type. We depict the distribution of all matched (canonicalized) 
and unmatched (non-canonicalized) section headers compared against the SecTag terminology across notes types. We 
further report the distribution of unique matched and unmatched section headers as well as the top 5 most common, 
unique section headers (unique lexical header variants observed once special characters were removed and case was 
converted to sentence case) across all notes.  

Review and Annotation of Candidate Section Headers 
 
For notes with unmatched headers, we randomly-sampled and reviewed 50 notes (10 clinical notes x 5 note categories) 
to determine whether the candidate header should have been encoded using following steps (Figure 1): 

➢ Step 1: Generate a list of candidate section headers using regular expressions to identify phrases likely 
signifying a section. We created sensitive regular expressions to identify sections denoted as 1 or more words 
followed by a colon (:) or hash (-) then a space (“Family History: ”). These regular expressions do not rely on 
line breaks because notes from our data warehouse are not stored with these section boundary delineators. 

➢ Step 2: Match all candidate headers to the SecTag terminology by removing special characters from both the 
candidate header and canonical header before applying an exact match criterion i.e., same tokens in each set. 

➢ Step 3: Generate a list of all unmatched candidate headers and their associated contents. Typically, we 
determine the window size to be 100 characters unless the text that precedes or follows the header is shorter. 

➢ Step 4: Classify the themes of all unmatched candidate headers as one of 9 types:  
○ missed traditional header, phrase is missing from the terminology, e.g., “Other medications:”  
○ procedure, device, treatment, or method used to treat a patient, e.g, “arterial line:” 
○ question/answer, Q/A response syntax, e.g., “Any signs of infection at the wound site:” 
○ administrative, clerical information, e.g., “Dictated By:” 
○ additional assertions, presence/absence of events, e.g., “All the following are negated:” 

                                                        
1https://vumc.org/cpm/sites/vumc.org.cpm/files/public_files/sec_tag.zip 
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○ problem-specific, disease, disorders, observations, e.g., “Hypertension:” 
○ medication, related to drugs, their modifiers or administration/usage, e.g., “Refills:” 
○ need previous header to contextualize, phrase required parent header to interpret, e.g., “Total In:” 
○ hyphenated word, e.g., compounded words spuriously identified, e.g., “right-  sided rib fracture” 

➢ Step 5: Accept or reject each unmatched and classified candidate header. We accepted high-value sections that 
easily generalize across institutions and provide semantically important information necessary for accurately 
representing, encoding, and extracting clinical events including signs, symptoms, findings, observations, risk 
factors, diagnoses, etc. For now, we rejected candidate headers that we believed would be low-value, not likely 
to contain clinically meaningful events and are not administrative or encoded as structured fields in the EHR.   

Finally, we present the distribution of accepted and rejected unmatched candidate headers and themes described across 
the note types.  

 
Figure 1. Flowchart of review and characterization of candidate section headers 

Demonstration of Generalizability 

To assess the generalizability of the SecTag terminology on Penn Medicine notes, we randomly-sampled 50 notes of 
2 types (discharge summary and radiology notes) from an advanced lung cancer cohort study for which we aim to 
target specific sections for extracting lung nodule progression status from radiology reports as well as pertinent past 
medical diagnoses, diagnostic and therapeutic histories, family histories, and social histories from discharge 
summaries. SY, an oncologist, annotated all high-value headers from these notes. AD applied the section terminology 
using the NLP pipeline to each note. Compared to the reference standard headers annotated by SY, AD determined 
correctly identified section headers (true positives), incorrectly omitted high-value section headers (false negatives), 
and spuriously matched candidate headers (false positives). We report the average recall, precision, and F1-score of 
the candidate header algorithm using exact and partial string matching and the errors commonly generated from this 
dataset.  
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Results 

Of the 10,000 notes from the sample set (2,000 of each note type), the average number of canonicalized, candidate 
headers (h) and tokens (t) by note types were noted as: discharge summaries (h: 60, t: 1564), nursing notes (h: 14, t: 
218), physician notes (h: 74, t: 730), radiology notes (h: 7, t: 202) and echocardiograms (h: 23, t: 332). (Figure 2). 
 

 
 

 
Figure 2. Number of sections and tokens: a. discharge summary, b. nursing, c. physician, d. radiology, e. echo. 

 
Coverage Study of Canonicalized Section Headers  
 
First, we attempted to match all candidate section headers within the sample set to the SecTag terminology. The 
proportion of candidate section headers that matched to a canonical header within the SecTag terminology varied 
across note types. For discharge summaries, 53.3% of candidate header mentions match to SecTag terminology; in 
contrast, only 26.4% of echo candidate header mentions match to SecTag terminology (Figure 3a). A review of all 
unmatched, unique candidate header variants revealed the following distribution by note types: radiology (93%), 
echocardiogram (92.1%), discharge summary (89.8%), physician (89.1%), and nursing (80.3%) notes (Figure 3b). 
 

 
 

Figure 3. Matched and unmatched candidate headers: (a) all instances and (b) unique headers across note types 
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Characterization of Non-canonicalized Section Headers 
 
Of all unique header variants, we enumerate the top 5 most common and depict the distribution of unmatched 
(Figure 4a-e) and matched (Figure 4f-j) candidate headers. The unmatched headers were classified by themes, then 
either accepted or rejected based on their value for supporting clinical and translational research. 
 

 

 

 
Figure 4. Top 5 unique, unmatched headers: a. discharge summary, b. nursing, c. physician, d. radiology, e. echo. 
Top 5 unique, matched headers: f. discharge summary, g. nursing, h. physician, i. radiology, j. echo. Unmatched 
header short forms: sig=signature, cpap=continuous positive airway pressure, wmd=weighted mean difference, 
ct=computed tomography. Matched header short forms: disp=disposition, pmh=past medical history, ivf=intravenous 
fluid. 
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In Figure 5, for our review of 50 notes, we show a sunburst infographic to depict the relationships between the 
unmatched unique header variants, characterization theme, note type, and their acceptance or rejection (outer-to-
innermost layer). We’ll review this infographic from the inner-to-outermost layer. In our sample dataset, containing 
50 clinical notes, we accepted 64% of the unmatched candidate headers and rejected 46% of them. For each note type, 
the proportion of accepted (a) and rejected (r) candidate sections were as follows: discharge summary (a: 36.3%, r: 
63.7%), radiology (a: 90.1%, r: 9.9%), echo (a: 86.9%, r: 13.1%), nursing (a: 88.0%, r: 12.0%), and physician (a: 
66.3%, r: 33.7%) notes. The most commonly accepted themes by note types were: discharge summary (procedure, 
problem-specific, traditional), radiology (traditional and procedure), echo (anatomical location, traditional), nursing 
(traditional), and physician (procedure, problem-specific, traditional) notes. The most commonly rejected themes by 
note types were: discharge summary (medication, administrative, procedure), radiology (procedure), echo (procedure, 
administrative), nursing (administrative), and physician (procedure, administrative, medication) notes. 

 
Figure 5. Sunburst of unmatched candidate sections (inner-to-outermost layer): accepted/rejected > note type >  theme 
type > all candidate headers 
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Demonstration of Generalizability 

In Table 1, using the NLP pipeline, we applied the SecTag terminology to Penn Medicine discharge summaries and 
radiology notes which are pertinent to an ongoing lung cancer cohort study. The NLP pipeline identified about twice 
as many (more or less) section headers than annotated within the reference standard for both note types. For discharge 
summaries, by relaxing the match criteria from exact to partial, we observed an improvement in average recall (0.30 
to 0.88) and precision (0.15 to 0.62). For radiology notes, although relaxing the match criteria did not result in a change 
in average recall (0.80), we did observe improvements in average precision (0.56 to 0.73).  
 
Table 1. Performance of section tagger on sample (50 notes x 2 types = 100 notes) from a lung cancer cohort. 

Note type Average exact match Average partial match Annotation counts  

 Recall Precision F1-score Recall Precision F1-score Reference 
Standard  

NLP section 
pipeline 

Discharge 
Summaries 

0.30 0.15 0.20 0.88 0.62 0.71 183 323 

Radiology 
Notes 

0.80 0.56 0.65 0.80 0.73 0.84 54 117 

 

Discussion 

Our goal was to conduct a coverage study of canonicalized section headers using a standardized, section header 
terminology and characterize the themes of non-canonicalized section headers to inform future, automatic section 
header identification efforts. Using lessons learned from this preliminary study, we will develop an automated section 
tagger to identify and canonicalize each high-value, explicit section across multiple note types. After canonicalizing 
these clinical headers, clinical notes can be stored structured in a clinical database and queried by their canonical 
headers. This will support a more precise query of salient clinical events extracted by NLP for identifying relevant 
patient cohorts for clinical research studies. This study of canonicalized and non-canonicalized section headers from 
five clinical note types aims to improve our understanding of additional note type-specific, semantically-important, 
and high-value section headers that are not commonly being addressed across existing section tagging efforts in the 
literature. Of the 10,000 notes we sampled and identified an exact match of section variants from the SecTag 
terminology, we observed a positive association between the number of sections and tokens of discharge summaries, 
i.e., the more content in a note type, the more sections and tokens. Physician notes and discharge summaries had the 
highest number of sections and token counts, which was not surprising given the amount of clinical information 
documented relevant to the course of the patients’ visit.  

Coverage Study of Canonicalized Section Headers  
 
First, we applied an exact match criterion using the SecTag terminology. We observed a moderate proportion of 
section headers that were not canonicalized to the SecTag terminology ranging from 46.7% to 73.6%. Once each 
section header variant was standardized to identify unique headers (same case, no special characters), the proportional 
distribution of unmatched headers rose ranging from 80.3% to 93.0%. The relative proportions of matched-to-
unmatched between all candidate headers and unique headers have a general trend across note types except for 
discharge summaries. In discharge summaries, 10.2% of unique headers account for 53.3% of all candidate headers. 
This finding suggests that there are a higher variability or more synonyms for section headers used within discharge 
summaries over other note types. Surprisingly, nursing notes do not follow the same trend. We hypothesize that for 
other note types like radiology and echocardiograms, we would anticipate some degree of template usage or fewer 
synonyms for section headers resulting in lower variability.  
 
Characterization of Unmatched Section Headers 
 
In total, there are 899 unmatched headers. For those notes with unmatched headers, we randomly sampled 20 notes 
from 5 note types (n=100 notes) to characterize common themes amongst unmatched headers. For all note types, we 
observed traditional section headers or synonyms that were missing from the list of canonicalized sections in the 
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SecTag terminology (e.g., “level of consciousness” should exist for SecTag kmname level_of_consciousness). For 
several note types, section headers denote semantically-important and high-value information (problems, procedures, 
and anatomical locations) that could be important for extracting clinical events. For discharge summaries, physician, 
and radiology notes, synonyms for clinical problems were not found. This makes sense given discharge summaries 
and physician notes can be written using the problem-oriented medical record format (POMR) in which each clinical 
problem (e.g., “pneumonia:”) is enumerated with associated clinical details. This is often done in the intensive care 
unit (ICU) setting. Radiology notes contain missing headers for components related to procedures and investigational 
methods necessary to identify critical findings (e.g., “contrast:”) and echocardiograms contain missing anatomical 
location headers (e.g., “aorta:”) that convey where a pertinent clinical finding was observed during the review of 
cardiovascular structures. These observations signify opportunities for novel expansion upon the existing literature 
for supporting the canonicalization of section headers across various clinical note types.  
 
Demonstration of Generalizability 

We applied and evaluated the SecTag terminology on Penn Medicine discharge summaries and radiology notes using 
the NLP pipeline. Using an exact match criterion, the NLP pipeline did not detect many headers due to a missing 
colon at the end of the phrase. In particular, a considerable number of false negatives contributed to initial low recall 
for discharge summaries. This finding is not surprising given our initial characterization revealed that discharge 
summaries have notably more sections than most other note types, and therefore, more opportunities for omissions.  
Some omitted sections include domain-specific history headers (“Onc history”), problem headers (“HTN”, “Thrush”), 
and subsections. To address domain-specific history headers, we could include a Jaccard similarity comparison to 
existing high-value and commonly documented headers. To encode problem-oriented headers, we could leverage 
biomedical vocabularies i.e., the Unified Medical Language System (UMLS). To readily identify subsections in the 
future, we could include knowledge of the prior recognized section header and encode textual features to capture and 
signal an ontological relationship with the next semantically meaningful noun phrase following the parent header.  
Conversely, false positives were also generated based on the colon in the regular expression for capturing candidate 
headers, resulting in low precision. Low-value sections spuriously tagged include medication-related contexts (“hours 
total dose”) and administrative headers (“attending signature”). We hypothesize that these section headers could be 
omitted through simple post-processing using high precision term lexicons. Using a partial match criterion, we 
observed an increase in all the metrics (recall, precision, F1-score), most notably for discharge summaries. By relaxing 
the matching span (e.g., detecting “allergies” rather than the full section header “allergies drug”), we improved 
coverage. Practically-speaking, even partial matches may still capture enough semantics to support a given 
information extraction task (e.g., extracting sources of allergic reactions). Additional approaches to improve candidate 
header identification include adjusting steps for pre-processing the notes or post-processing the candidate headers i.e., 
cleaning the texts, removing empty spaces, etc. For this initial assessment, we applied a top-down approach, applying 
an existing section terminology. In addition to these enumerated approaches, we will experiment with bottom-up 
approaches that leverage deep learning to incorporate document structure as well as prior knowledge of the header 
sequence, note type, and writer to improve section header detection.  
 
Limitations 
 
Although we have discovered new knowledge for developing strategies for automatically identifying section taggers 
for a variety of clinical notes, our study has several limitations. Given the scope of our project, we rejected medications 
(for now) and low-value, administrative section headers. Additionally, we also omitted some seemingly valuable 
header themes (e.g., “total in:”, “total out:”) which don’t provide inherent value without clinical context (e.g., 
“fluids:”). These information types are also fairly consistently stored as structured fields. This decision was driven by 
the lack of immediate need to support our clinical research studies. We recognize that these determinations can be use 
case driven and can entail some subjectivity on the part of the reviewer as do most annotation tasks. Although we 
focused our work on only 5 note types, we selected note types that are commonly processed to support research studies 
and capture a diverse set of writers, specialties, and intentions. As an initial step, we applied the SecTag terminology 
to Penn Medicine notes to assess the generalizability of the terminology for notes from another academic medical 
center and non-ICU population. We have not enhanced nor tuned the pipeline to address the nuances of Penn Medicine 
provider’s documentation styles. A much larger training and testing set is being developed to experiment with the 
aforementioned solutions, and create a robust, section tagger to address these initial findings in the months to come.   
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Conclusions  

The current study provides an observational study to inform the development of an NLP module for identifying and 
canonicalizing, high-value section headers within clinical notes. The classification of unmatched section headers on 
sample notes and initial evaluation of the terminology on Penn Medicine notes gives us insights for developing a 
computational approach to further canonicalize, semantically valuable section headers.  
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Abstract 

   Alzheimer's Disease (AD) is a common type of dementia, affecting human memory, language ability and behavior. 
Hippocampus is an important biomarker for AD diagnosis. Previous hippocampus-based biomarker analyses mainly 
focused on volume, texture and shape of the bilateral hippocampus. 3D convolutional neural networks (CNNs) can 
understand and extract complex morphology features from Magnetic resonance imaging (MRI) and have recently 
been developed for hippocampus-based AD classification. However, existing CNN models often have highly complex 
structures and require large amounts of training data. Here we propose an accurate and lightweight Densely 
Connected 3D convolutional neural network (DenseCNN) for AD classification based on hippocampus segments. 
DenseCNN was trained on 746 and tested on 187 pairs of hippocampus from Alzheimer's Disease Neuroimaging 
Initiative (ADNI) databases. DenseCNN has an average accuracy of 0.898, sensitivity of 0.985, specificity of 0.852, 
and area under curve (AUC) of 0.979, which are better than or comparable to state-of-art approaches. 

Introduction 

  Alzheimer's Disease (AD) is a common type of dementia among elderly individuals. It causes the death of brain cells 
and brain atrophy and its symptoms include memory loss, language disability, mood swings, among others. Recorded 
number of deaths from AD in the United States was 83,493 in 2010, making it one of the leading causes of death in 
the elderly, and the number of people with Alzheimer’s disease is expected to be 13.8 million by 20501.  

 AD is highly complex and heterogeneous, therefore accurate and less invasive biomarkers and tools for early 
diagnosis are needed.  Many diagnostic methods for AD have been developed, including definitive diagnosis at post-
mortem; positron emission tomography (PET)2 with b-amyloid or Tau specific radioligands; immunoassays in 
cerebrospinal fluid (CSF)3;  Magnetic resonance imaging (MRI) to detect structural defects due to neurodegeneration, 
like localized thinning of cortical gray matter or loss of hippocampal volume; Structural MRI and 18-F 
Fluorodeoxyglucose (FDG) PET to recognize patterns of tissue loss and cerebral glucose Hypometabolism. While 
CSF sampling requires lumbar puncture and PET scans involve exposure to radioactivity, MRI is less invasive.  

  The Alzheimer's Disease Neuroimaging Initiative (ADNI) is a longitudinal multicenter study designed to develop 
clinical, imaging, genetic, and biochemical biomarkers for the early detection and tracking of AD4. Researchers have 
been using ADNI databases to build diagnosis tools of genetic, genomic, biochemical, and image features. N. Schuff 
et al. demonstrated that ApoE is highly related to AD and it has become a major genetic biomarker5. Features extracted 
from brain MRI, such as volume, cortical thickness and hippocampus shape have been used to diagnose AD6. Oskar 
Hansson et al. used CSF and PET from ADNI to predict clinical progression of mild cognitive impairment (MCI)7. 

  Deep learning or deep neural networks (DNN) has been increasingly applied in the field of biomedical image-based 
diagnosis. U-net, which is a neural network comprised of down sampling layers and up sampling layers, is widely 
used for biomedical image segmentation8. Deep Mind has used deep convolutional neural networks (CNN) for lung 
cancer screening based on low-dose chest computed tomography 9. Unsupervised DNN has been used as an 
Autoencoder so that high dimensional features of brain MRI can be compressed to low dimensional features, so that 
supervised DNN model can be built on low dimensional features to classify AD and normal controls (CN)10.   CNN 
has shown its advantages in computer vision tasks since AlexNet in 201211. However Deep CNN suffers from 
degradation since adding more layers often lowers accuracy. Kaiming He et al. in 2015 introduced Residual blocks 
(ResBlock) into CNN model12. The key to ResBlock is that a shortcut connects the input of the first convolutional 
layer and the output of the second convolutional layer, which can pass low level features to later layers in order to 
overcome the degradation problem in Deep CNN models. Gao Huang et al. proposed Densely Connected 
Convolutional Networks (DenseNet)13 of multiple Dense Blocks in order to significantly reduce parameters. 
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  Hippocampus is a major component of the human brain that plays significant roles in both short- and long-term 
memory. Hippocampal atrophy is an important biomarker for AD diagnosis. A number of machine learning models 
have been developed to classify AD based on hippocampus imaging data. Olfa et al. extracted image features from 
Hippocampus, and  built models  based on Support Vector Machines(SVM) and Bayesian classifier14 . Ruoxuan Cui 
et al developed 3-Dimensional convolutional neural networks(3D-CNN) to classify AD and CN15. Hongming Li et al 
used 3D residual CNN to extract deep features of the hippocampus, then built a time-to-event model to predict mild 
cognitive impairment (MCI) progressing to AD16.  Manhua Liu et al. proposed a multi-model CNN AD classifier, 
which used ResBlock residual block and Dense block in one single model17.  Previous CNN models often have 
sophisticated structures, for example residual CNN and multi-model CNN heavily relied on feature engineering and 
required large amounts of training data, the latter is often the bottleneck in biomedical field. Overfitting can happen 
in Deep and complex CNN models, when the model structures are complex and training data are  limited.   

In this study, we propose a light-weight, densely connected 3D-CNN model (DenseCNN) for classifying AD from 
control normal (CN) based on hippocampus segmentations from ADNI. DenseCNN is densely connected with features 
from all levels, therefore no particular feature engineering is needed. DenseCNN is lightweight with fewer 
convolutional kernels, relatively simple structure and fewer total parameters. It does not heavily rely on data 
augmentation and is fast in training and predicting. For preparing the training and testing data, we leveraged the latest 
deep learning hippocampus segmentation tool (Hippmapper) 18 and the segmentation results were further manually 
quality controlled. Compared to previous studies of MRI-based AD classification CNN models, DenseCNN is robust 
with simpler structure and fewer parameters and was trained on more high-quality training data. When tested on a 
testing dataset of 2 to 7 times larger than previous studies, our model  reached a high accuracy of 0.89, sensitivity of 
0.985, specificity of 0.852 and area under curve (AUC) of 0.979, which are better than or are comparable to several 
state-of-art CNN models by Olfa14, Ruoxuan15, Hongming16, Manhau17 et al].  

2.Method 

2.1 Data selection 

  We obtained data from the ADNI (http://adni.loni.usc.edu). The MRI data is T1-weighted structural from initial 
screening or baseline, including ADNI 1,2/GO and 3. Screening visit screening visit consists of  a list of 
assessments(including imaging) to evaluate whether a participant should be included in ADNI. After passing 
screening, baseline assessment collects more biomarkers from participants. Most participants have the same diagnosis 
in screening and baseline. If a participant has both screening and baseline scans, we will choose the baseline one, as 
baseline diagnosis is considered to be more accurate. After hippocampus segmentation, we have 326 AD subjects, 607 
control normal (CN) subjects and 544 Mild Cognitive Impairment (MCI) subjects, totaling 1477 hippocampus 
segmentations. In this study, we focused on classifying AD from CN, therefore AD and CN subjects were used to 
train our residual 3D-CNN model. Most MCI and AD cases have brain atrophy and share similar imaging features. 
Classifying AD and MCI via MRI is often more difficult with moderate accuracy of 70%-80% and may require 
features other than imaging features. While classifying AD and MCI via MRI is not the focus of this study, we are 
developing models based on MRI and other data to classify subjects into AD, MCI and CN. 

2.2 Hippocampus segmentation 

  Hippmapper,  a deep learning based hippocampal segmentation tool18, can segment hippocampus from T1-weighted 
raw MRI. It is the 3D version of U-net and  has two stages: firstly, the tool finds the location of the hippocampus and 
generates bounding boxes; secondly, the hippocampus is extracted from the bounding boxes. It has been shown to 
have better segmentation results than traditional machining learning tools, such as FreeSurfer, in all metrics18. 

  Accurate hippocampus segmentation data is the key to brain MRI-based classification models for AD, therefore we 
further manually checked all segmentation results from Hippmapper. Segmentations with following conditions were 
removed: segmentations from wrong sections of the brain; segmentations with noticeable missing voxels; the raw 
MRI data is not clear or has other defects. Examples of removed subjects are shown in Figure1. Around 5% of the 
initial segments were excluded from our dataset. During our experiments, we found that without this step of manual 
curation, the accuracy of our model was significantly lower as compared to models built on manually curated data. 
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 Figure 1. normal segment; wrong sections of brain; segmentations have noticeable missing voxels 

2.3. Data preprocess and augmentation 

  After segmentation, we had a list of masks for the location of the hippocampus in raw MRI, which have the same 
dimensions as the raw image. The right and left masks were separated in order to remove voxels with 0 value between 
the left and right hippocampus. The left and right hippocampus were extracted by multiplying right and left masks, 
metrics only consisting of 1 and 0 voxels, with the raw image metrics. We then removed slices containing only 0 value 
voxels, reducing the size of a hippocampus to the dimension of (48, 60, 46).  All voxels were normalized to the scale 
of 0 - 1, which is a common step for training a CNN model19.  This normalization step reduces gradients in model 
training, decreases the chance of overflow, and improves training speed. 

  A series of augmentations were then applied to the preprocessed data. The input size (48*60* 46) to our model  is 
comparable to that of  2D computer vision models (256*256, 512*512), which could have over 100 layers. In 2D 
computer vision tasks, models are often trained on large datasets(ImageNet 14 million,CIFAR-10 60,000)20. Deep 
CNN models could contain millions of trainable parameters. Large numbers of parameters training on limited data 
often leads to overfitting. For our task of training 3D CNN models, augmentation to enlarge training data is crucial.  
Each hippocampus segment for training was moved along the x, y and z axis, 6 directions in total, based on the method 
from previous studies 21. The training dataset is 6 times larger than original data after translational change, totaling 
5222 subjects. We did not apply rotation, zoom-in or zoom-out to the original dataset, since hippocampus volume and 
orientations are important features and play an important role in AD diagnosis. 

2.4 DenseCNN 

  DenseCNN (Figure 2) has 3 dense layers, with each layer consisting of 2 convolutional layers, combined with Batch 
normalization (BN)22 layers and Relu activation layers.  Transition Layers end with a Max Pooling layer to decrease 
the size of input data. The general dense connectivity was shown in eq. (1), where x0, x1, … xl are the feature map 
for layers 0 to l and H() could be any non-linear transformation in the CNN. 

𝑥𝑙 = 𝐻𝑙([𝑥0, 𝑥1,… , 𝑥𝑙 − 1]) (1) 

  In our case, the first convolutional layer used 1×1×1 size convolutional kernels(filter), while the second filter used 
filters with a size of 3×3×3 and had a stride of 1×1×1. In the Dense Block, the output of the first dense layer was 
concatenated with output of the second and third dense layers; the output of the second dense layer was concatenated 
with the third dense layer. Dropout layers23 were used in our model to reduce overfitting.  

  DenseCNN model has two streams for left and right hippocampus segments correspondingly (Figure 3). Each stream 
has an initial 3D convolutional layer followed by a BN layer and a Relu activation layer, extracting low level image 
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features. Then a Max pooling was used to ignore 0 voxels on the edges of the input data and reduce the data size. Two 
Dense Blocks and a Transition Layer were stocked in each stream, using 8 and 16 filters correspondingly. At the end 
of each stream is a global average pooling (GAP) layer, which compresses high dimensional image features to 1-
Dimensional features. After the GAP layer, two streams were merged followed by a dropout layer. Finally, a fully 
connected layer and a SoftMax layer were used for generating prediction. 

 
Figure 2. Structure of Dense Layer, Transition Layer and Dense Block of Dense CNN. 

 
Figure 3. The architecture of DenseCNN. 
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2.5 Validation 

   A total of 326 AD subjects and 607 CN subjects were used in this study. 5-fold cross validation was used in our 
study. Each time, 4 folds (746 subjects) were used for training and 1-fold (65 AD, 122 CN) for validation. Average 
classification accuracy, sensitivity, and precision of the 5 folds, receiver operating characteristic (ROC) curve, and 
area under ROC curve (AUC) were used as evaluation metrics.  

2.6 Comparison 

 We compared DenseCNN with previous hippocampus-based CNN AD classification models, including Feature Based 
model, Plain 3D-CNN, Residual 3D CNN and Multi-model 3D CNN, described in the introduction. Classification 
accuracy, sensitivity, precision, and AUC were compared. 

  We examined the performance of DenseCNN with various depth and complexity and experimented with building 
models with different numbers of Dense Blocks and filters. A Transition Layer was also added into the model when 
an extra Dense Block was necessary. We tried Dense Blocks ranging from 1-4 and filters ranging from 4-64. Among 
those trails, we chose 4 models for comparison: 1. model with 3 Dense Blocks and has (8,16,32) filters in each Dense 
Block; 2. model with 3 blocks and has (6,12,12) filters; 3 model with 2 blocks and has (6,12)filters; 4. model with 2 
blocks and has (12,24) filters. These comparison models have trainable parameters ranging from 140,682 to 1,021,074, 
which provided a wide-range coverage of model complexity. 

3. Experiment platform and parameters 

   The segmentation process and model training were conducted on a NVIDIA GeForce GTX 1080 ti GPU with 11 
GB memory. The model was implemented by Keras with the TensorFlow backend. RMSprop was chosen as the 
optimizer in the early stage of training.  Once the model reached 80% accuracy, the optimizer was switched to Gradient 
Descent with Momentum for final fine turning. L2 regularization was used to reduce overfitting.  We experimented 
with a wide range of hyperparameter values and different structures of models.                                                                                    

4. Result 

4.1.  Performance Comparison of DenseCNN, Feature Based method, Plain 3D-CNN and Multi-model CNN 

  We computed the average performance from 5-fold cross validating. The model has achieved of an average accuracy 
of 0.891, sensitivity of 0.985, specificity of 0.852 and AUC of 0.979.  We compared DenseCNN with  previous 
methods (Table 1). In summary, our model achieved an overall best performance among all the previous models based 
on AUC and sensitivity measures. ResNet had an accuracy of 90.0% and is 0.2% higher than DenseCNN, however 
our model was evaluated on a test dataset of two times larger than ResNet (187 vs 63 subjects). The performances of 
previous studies were measured on test datasets consisting of 27 to 89 subjects. On the other hand, DenseCNN was 
evaluated on a test dataset of 187 subjects (Table 1), indicating that  our performance measures are more robust. 

Table1. Performance Comparison of DenseCNN, Feature Based method, Plain 3D-CNN and Multi-model CNN 

Method ACC SEN SPE AUC Number of test subjects 

Olfa et al. 2014 
Feature Based 

85.0 76.0 81.0 - 27(15AD 12CN) 

Ruoxuan et al. 2018 
Plain 3D-CNN 

87.0 79.38 93.22
  

86.41 
 

46(20AD 26CN) 

Hongming et al. 2019 
 ResNet 

90.0 - - 95.6 63(26AD 37NC) 

Manhua et al. 2020 
Multi-model CNN 

88.9 86.6 90.8 92.5 89(45AD  44NC) 

DenseCNN  89.8 98.5 85.2 97.9 187(65AD 122NC) 
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4.2.  Performance comparison of DenseCNNs with different architectures 

  We built DenseCNN with different architectures and compared their performances (Table 2). The Filters column in 
Table 2 shows the corresponding numbers of filters in each Dense Block. For example, a model with 3 Dense Blocks 
has 8 filters in the first block, 16 in second block, 32 in the third, and 1,021,074 trainable parameters in total. The 
lightest model has only 140,682 trainable parameters and has the lowest accuracy, demonstrating that an overly 
simplified models may be highly biased. The model with the most parameters (1,021,074) has the lowest AUC of 
0.846, demonstrating that complex CNN models may be highly variable. The best performance was achieved for 
DenseCNN with 243,090 parameters.  

  Although shortcuts in Dense Block can pass low level feature to later layers in the same block, low level features 
may not be able to flow to all Dense Blocks. Models with 3 Dense Blocks were ended up with 21 convolutional layers, 
which may be too deep for any small size hippocampus (48,60,46).  The model with one Dense Block had worse 
performance than plain CNN models.  During our experimentation, we found that models with 2 Blocks worked the 
best. The number of Filter is also a significant performance factor.  We followed the guideline from the original 
Densenet13 and Resnet12 and doubled the filter number when max pooling was applied. Therefore, filters in later layers 
are decided by the filter number in the first Dense block. The choice of an appropriate number of filters in the first 
Dense Block is important and affects the parameter number in all layers. The filters in the 1st Dense Block are needed 
to represent low level patterns. However, too many filters in the beginning will increase the total parameter number 
exponentially and the overall performance deteriorates.   As expected, DenseCNN achieved the best performance at 
the near the balance point between acquiring low level features and total parameter number (last row of Table 2). 

Table2. Comparison of DenseCNNs with different number of Dense Blocks and filters 

Total parameters number of dense blocks Filters ACC SEN SPE AUC 

1,021,074 3 8,16,32 83.4 67.7 91.8 84.6 

270,546 3 6,12,12 86.6 93.8 82.8 96.7 

140,682 2 6,12 81.8 73.8 86.1 88.7 

532,434 2 12,24 82.4 75.4 86.1 89.3 

243,090 2 8, 16 89.8 98.5 85.2 97.9 

 

We compared the ROC curves of different Densely Connected CNNs (Figure 4). We observed that the curve with 
second highest AUC has 270,546 parameters, which is  similar to that of the best performing DenseCNN model with 
243,090 parameters. This further demonstrated that  the proposed model is robust and has a suitable structure based 
on current data. The most complex model has over one million parameters, resulting the lowest AUC and sensitivity 
(67.7%), but it has higher accuracy than model with 532,434 parameters. Therefore, overly complex models may 
perform poorly in different aspects. Our experiments revealed that a lighter model with advanced structure can 
outweigh complicated models. Models with more layers and parameters is not necessary. 
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Figure 4. ROC curves of Densely Connected CNNs with different number of Dense Blocks and filters 

   

4.3.  Features  visualization of DenseCNN 

  Deep learning methods are often criticized as Black Box, which is a major drawback for clinical applications. We 
illustrated the features related to AD prediction and provided visual information in an AD relevance 3D heatmap of 3 
AD hippocampus and 3 CN hippocampus (Figure 5). We first computed the gradients from the output of the last 
Dense Block for a given hippocampus. We then averaged the gradients of all filters.  The heatmaps are the overlays 
of the gradients and the input hippocampus.  We can see that most parts in CN subjects has no relevance to AD. For 
example, the right hippocampus of the 5th subject has no relevance to those of AD subjects. Most parts in AD subject 
shows medium to high relevance. The high relevance areas are usually located in the lower head part of the 
hippocampus. The heatmap validated our results by visualizing the deep features of our model. Some CN hippocampus 
still has one or two small local areas highly related to AD, which may be  explained as following: because of the 
shortcut connections in dense Block, the heatmap considers multiple convolutional layers at the same time. 
Consequently, both low- and high-level feature relevance are shown in the heatmap. Another possibility is that CN 
and AD subjects  do share certain patterns, such as local textures and shapes, which may lead to some small but highly 
related areas in CN heatmaps. Our analysis of the relevance heatmap  also showed the limitations of traditional shape 
and textured based methods duo to shared patterns between AD and CN subjects, which may provide insights for 
future improvements. 

1283



 
Figure 5. AD relevance heatmap: AD subjects (1-3) and CN subjects (4-6). 

  

 4.4.  Error analysis 

  Three examples of misclassified subjects are shown in Figure 6. Example 1 and 2 are false positive (CN being 
misclassified as AD) and example 3 is false negative (AD being misclassified as CN). The false positives may be 
caused by missing voxels  as shown in the first example and by a hole as shown in the second example (Figure 2). 
Only one side of the hippocampus is shown, because the other side has no observable missing voxels. Though we 
conducted quality control as mentioned in section 2.2 by manually viewing slices of segments., it is difficult to detect 
all missing parts in 3D plots as they can be observed only from a certain perspective. Minor differences between 
ground truth hippocampus and segmentation results do affect the performance of the model, as we can see  that the 
voxel missing areas have high relevance to AD due to the fact that AD hippocampus may have concaves due to 
atrophy, which look similar to the pattens of  the missing parts and holes. Unlike regular AD subjects who have 
relevance on both sides of hippocampus , the false negative (example 3 in Figure 6) has only left hippocampus 
showing some relevance to AD and the right showed no relevance at all.  Consequently, the model misclassified 
example 3 as CN subject. These misclassified examples further demonstrated that AD is highly heterogeneous and the 
brain images varies among different AD patients.  
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Figure 6. 3 misclassified examples. Arrows indicating missing voxels in the hippocampus. 

5.Discussion 

  In this study, we proposed a densely connected 3D-CNN model (DenseCNN)  to classify AD and CN based on 
hippocampus imaging data from the ADNI database. DenseCNN achieved an overall best performance as compared 
to several state-of-art CNN methods. The following four reasons that may contributed to the high performance of 
DenseCNN: 1) advanced densely connected CNN architectures; 2) better hippocampus segmentation tools combined 
with manual curation; 3) more training data than previous method; 4) appropriate numbers of Dense Blocks and filters. 
Given the problem of limited data in biomedical domains, we focused on developing light models with fewer 
parameters. Compared to previous CNN models (e.g., Resnet16 and multi-model CNN17) with over 1 million 
parameters, Dense CNN has 243,090 trainable parameters. During our experiment, we found light models often 
outperformed more complex models.  

 Our study has a few limitations. First the quality of hippocampus segmentation is not perfect, which affected the 
overall performance as shown in our error analysis. Better segmentation tools, in the future, can further increase the 
performance of hippocamps based analysis method. Second, though our dataset consists of 326 AD subjects and 607 
control normal (CN) subjects from the ADNI database, it still may not be large enough to train a CNN model with 
good generality.  Third, we trained and tested DenseCNN using data from ADNI database. It will be important to test 
the model using data from other independent resources.  Fourth,  our current DenseCNN was trained based on 
hippocampus. Image features from other parts of the brains, for example total brain MRI, may further improve the 
oval performance. Fifth, incorporating non-imaging features such as patient genetics, genomics and demographics 
may further improve the performance. Finally, this study focused on classifying AD from CN, which is an easier 
problem than classifying subjects into AD, MCI and CN. Most MCI and AD cases have brain atrophy and share 
similar imaging features. Classifying AD and MCI via MRI is often more challenging and will require features other 
than imaging features.  

6.Conclusion 

  In this paper, we developed a densely connected 3D-CNN model  DenseCNN and compared it with several state-of-
art 3D CNN methods. We demonstrated that DenseCNN has better or comparable performance while it is light, has 
significantly fewer number of parameters and is efficient to train. In summary, DenseCNN has potential as a robust, 
high performance and efficient diagnostic tools for AD classification. 
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Abstract 

In 2016, 13 specific obesity related cancers were identified by IARC. Here, using baseline WHO BMI categories, 

latent profile analysis (LPA) and latent class trajectory modelling (LCTM) we evaluated the usefulness of one-off 

measures when predicting cancer risk vs life-course changes. Our results in LPA broadly concurred with the three 

basic WHO BMI categories, with similar stepwise increase in cancer risk observed. In LCTM, we identified 5 

specific trajectories in men and women. Compared to the leanest class, a stepwise increase in risk for obesity 

related cancer was observed for all classes. When latent class membership was compared to baseline BMI, we found 

that the trajectories were composed of a range of BMI (baseline) categories. All methods reveal a link between 

obesity and the 13 cancers identified by IARC. However, the additional information included by LCTM indicates 

that lifetime BMI may highlight additional group of people that are at risk.  

Introduction 

Obesity incidence is currently on the rise worldwide, with global prevalence having tripled between 1975 and 2016 

(1). Obesity alone is linked to increase risk of developing cardiovascular diseases, musculoskeletal disorders and 

cancer, making it one of the most deadly preventable conditions. This increase worldwide is linked to the rise of 

more sedentary professions (office jobs) and unhealthier diets (1). The World Health Organisation (WHO) currently 

characterise being obese as having a Body Mass Index (BMI) over 30 kg/m2 (2).  This is a standardised form of body 

fatness, taking into account a person’s height and weight.  

Cancer incidence is also on the rise worldwide, with WHO predicting that from 2008 to 2030, the number of new 

cancer cases is expected to increase >80% in low income countries and >40% in high income countries (3). The link 

between increased body fatness and 13 specific cancer types has already been well characterised. In 2016, the 

International Agency for Research on Cancer (IARC) determined that cancers of the gastric cardia, colon & rectum, 

liver, gallbladder, pancreas, postmenopausal breast, corpus uteri, ovary, kidney, thyroid, meningioma, oesophageal 

adenocarcinoma and multiple myeloma all had an increased risk if the person was overweight (4). However, these 

associations were made using baseline body fatness measures only, and therefore may not be capturing a person’s 

more accurate weight profile which may change over their life course.  

Although the use of a “one-off” BMI measure is common, we hypothesise that it is the change in weight over time 

that confers the risk of developing one of the 13 obesity related cancers (ORCs). For example, would a person who 

maintained a constant higher weight over time have the same risk of incident cancer as someone who started at a 

lower weight and put on weight over time?   

When examining smoking, “pack years” (number of packs smoked per day x number of years a smoker), can be 

used to characterise the cumulative exposure to tobacco. However, in obesity there is no such measure. Several 

alternatives include maximum BMI (5), % weight change and number of years overweight but as yet there is no 

single “best” method for looking at the longitudinal effects of obesity. 
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To address this, we developed latent class trajectory models (LCTMs) to simplify all the BMI data into more 

homogenous clusters. These models are traditionally seen in the criminology and psychology literatures (6, 7) but 

are now increasingly used to identify groups of patients that display similar trends over time in drug response or 

disease progression (8-10). The resulting classes were then linked to ORC risk, and compared to ORC risk when 

using baseline BMI alone, or a baseline BMI cluster derived by latent profile analysis (LPA). 

Methods 

Study Populations 

The National Institutes of Health (NIH) – AARP cohort was derived in 1995 and enrolled 339,666 men and 226,732 

women aged 50-71 years. The design of this study has been previously documented (11). Briefly, a baseline 

questionnaire was mailed to 3.5 million members of the American Association of Retired Persons study in 3 waves 

from 1995. A risk factor questionnaire was later mailed in 1996-97 and a follow up questionnaire in 2004 - 06.  

Body shape assessment 

The study ascertained baseline BMI by asking for current height and body weight and recall weights. Height at study 

entry was used to derive BMI (weight [kg] / height [m]2) at each age. Participants recall BMI was calculated for ages 

18, 35 and 50. Using these BMI records from NIH-AARP we examined BMI categories at baseline with ORC, latent 

profiles derived from baseline BMI with ORC and LCTMs with ORC in both men and women. This allowed us to 

distinguish any variability in risk patterns from the standard baseline WHO measures by incorporating different 

information.  

Ascertainment of cancer incidence 

In NIH-AARP cancer incidence was monitored through cancer registries and active follow up through 

questionnaires until cancer diagnosis, loss to follow up, death or 31 December 2011, whichever came first (11). To 

illustrate how different latent class assignments or BMI categories impact the risk of an ORC, we determined 

incidence risk of 12 IARC ORCs listed previously (multiple myeloma excluded due to variability within ICD code). 

The following ICD codes were used to identify the ORCs: 15.5,15.8,18.0-18.9, 19.9, 20.0, 22.0, 23.9, 25.0-25.9, 

50.0-50.9, 54.0, 54.9, 55.9, 56.9, 64.9, 16.0, 70.0, 70.1, 70.9, 73.0, 73.9, 90.0. 

Statistical Analysis 

Out of the full NIH-AARP cohort we excluded 13,944 participants that had no baseline BMI measures, 712 

participants for implausible BMI measures (<15 kg/m2 or > 60 kg/m2) and 229,915 participants that only possessed 

one BMI measure. Our final cohort consisted of 321,827 people (190,848 men and 130,979 women). All BMI data 

was categorised according to WHO definitions (<18.5 Underweight, 18.5 – 24.9 Normal weight, 25.0 -29.9 

Overweight, 30.0 – 34.9 Obese I, 35.0 – 39.9 Obese II, > 40 Obese III) (2).  BMI category change between each 

recall age and baseline was also recorded. To assess how these categories were linked to ORC incidence we fitted 

Cox proportional hazards models, with age in years as the time metric, adjusted for smoking status at baseline and 

baseline hazards stratified by age category at study entry. From this we estimated hazard ratios (HRs) and 95 % 

confidence intervals (CIs) of the association of each latent class to ORC.  As there are several confounding factors 

between obesity and cancer, a supplementary model for LCTM classes was also run to include diabetic status, 

presence of a heart condition, red meat intake, educational level, race, and in women HRT status.  

Identifying subject subgroups (clusters) from baseline BMI 

Next, we created latent profiles for the NIH-AARP cohort, based on baseline BMI only. To identify the best fitting 

number of profiles, 1 to 7 classes were fitted and the best model chosen from Bayesian Information Criterion (BIC). 

Using the class proportions and the BIC, the preferred model was selected for both men and women. This preferred 

model was then fitted to the cox model mentioned prior. 

Identifying BMI trajectory subgroups 

Finally, we followed the framework for developing latent class trajectories (12). A scoping model was run on a 1 

class model with no random effects and the residuals examined to determine the random effect structure of the 

model. From this a cubic structure was selected and multiple shape structures and classes (up to k=7) were tested. 
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Twenty random start points were used to ensure that the model had converged upon the global maximum and the 

log-likelihoods of all outputs plotted to ensure that the majority had converged on the same point. Multiple metrics 

were examined to select the best fitting model for each gender in each data set. These included the Bayesian 

Information Criterion (BIC), the average posterior probability of assignment (APPA), the odds of correct 

classification (OCC), mismatch scores and relative Entropy. By not relying on BIC alone we minimise the 

possibility that the model is over fitted to the data. Using the results of these tests we selected the favoured model 

for each subset of data. These trajectories were then plotted and the clinical plausibility of each assessed. Model 

discrimination was also evaluated using degrees of separation (DoSk) and Elsensohn’s envelope of residuals. 

Sensitivity Analysis 

All final models were re-run with only participants assigned to each class with > 80% certainty to confirm that the 

model shapes remained stable. 

Results 

Baseline BMI clusters mirror WHO categories 

In order to identify, in a data-driven manner, subgroups of individuals with differing patterns of single-measure 

BMI, we applied LPA to baseline BMI in both men and women. In both cases, the BIC decreased as the number of 

classes increased until a plateau was reached. Applying the “elbow criterion” this resulted in a 3 class fit for men 

and for women. The spread of BMI within each class is detailed in Figures 1C and 1D.  These classes broadly 

concurred with the basic WHO categories (Normal weight, Overweight and Obese). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Trajectories of BMI 

We used an LCTM approach to identify subgroups of patients with similar trajectories of BMI over time. For both 

men and women, multiple models testing linear, quadratic, cubic and natural cubic splines were fitted for 1 to 7 

classes. In men, as per the LPA analysis, the BIC for each shape set decreased as more classes were added and using 

Figure 1: LPA Model Development 

Panels A and B show the final model for both men and women, with the x being the mean BMI of the class. Panels 

C and D show the associated risk of ORC with each class. 
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this in conjunction with other metrics, a splenic 5 class model was chosen for men (knots placed at ages 35 and 50). 

In women a cubic 4 class model and splenic 5 class model performed similarly, but when raw data was plotted 

against the predicted trajectories – a better fit was seen by the splenic model. 

The final model in men (Figure 2A) consists of a “lean-increase” class that starts with lower BMI and puts on 

weight over time, a “medium-increase” class that follow a similar trajectory but at a heavier weight, a “medium-

stable” class that remain fairly constant at a borderline normal-overweight threshold, a “high-increase” class that 

start overweight and put on weight over time until obese, and an “n-shaped” class that start overweight and put on 

weight (up until age 50) then dramatically lose weight. The two leanest classes are assigned the majority of the 

population, containing 38.9% and 36.6% respectively.  

 In women, the final model has a similar pattern to that seen in men but with more marked increases. A “lean-small 

increase” class is observed, with those that are borderline underweight slowly putting on weight over time all within 

the normal weight bounds, a “lean-medium increase” class which follows a similar pattern with a heavier weight 

gain, a “lean-heavy increase” class where weight gain accelerates after age 50 and participants become obese, a 

“medium increase” class where participants start overweight and put on weight consistently until morbidly obese, 

and a “heavy – n increase” class where participants start overweight and put on weight until aged 35 and obese, this 

weight gain continues but at a slower rate as participants become morbidly obese (Figure 2B). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ORC incident risk 

The WHO BMI categories follow an expected pattern with associated ORC risk (Figure 3) as previously reported in 

NIH-AARP (13-15) and other cohorts (16). In men the underweight class appears to have a higher risk of ORC but 

this is non-significant and could be due to small numbers present in this group.  

A similar pattern is seen with the data-driven LPA derived classes, the heavier the class, determined by baseline 

BMI, the higher the risk of an ORC (Figures 1C and 1D). This relationship is stronger in men than in women, with 

larger HRs observed. A similar pattern was not observed with the non-ORCs where no significant differences were 

found between the classes.  

Figure 2: LCTM Model Development 
Panels A and B show the final model for men and women. Panels C and D show the HR and 95% CI for ORC. 
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In men, when the LPA class assignments are compared with the baseline WHO BMI categories, there is again broad 

agreement between the two (Figure 4A). The lowest BMI LPA class consists of all the participants who are normal 

weight at baseline and a few who are overweight. The middle class consists of large proportion of the overweight 

and obese group and the final class consists of the extreme weight classes (underweight and highly obese).  

In women, a similar pattern is observed (Figure 4B) but with class 1 taking all underweight and most normal weight 

participants at baseline. Class 2 consists of a small proportion of normal weight participants, all the overweight 

participants and a large proportion of those classed as Obese I. Finally Class 3 consisted solely of obese participants, 

ranging from morbidly obese to threshold level obese.  

Similarly with the LCTM class assignments a stepwise increase in risk is observed in men (Figure 2C). In women 

there is a slight increase in ORC risk, although for the lean-moderate increase and n-increase classes this is not 

significant (Figure 2D). Again when looking at non-ORC, no significant results are found. 

When trajectory classes are compared to baseline WHO BMI categories in men (Figure 4C), the Lean-Increase 

group consists of a large proportion of the normal weight participants and some overweight. The medium stable 

group is made up of mostly overweight participants and some normal weight. The medium increase group has a 

broader spread of participants, encompassing normal weight overweight and all obese classes. The heavy-increase 

group has small proportions in all groups as does the N-shaped group.  

When this comparison is made for female trajectory classes and baseline WHO BMI categories (Figure 4D) there is 

slightly better agreement between the two sets of groups. The Lean-stable increase class consists mainly of normal 

weight participants and nearly all underweight participants. The Lean-medium increase group is made up of a nearly 

even split of normal weight and overweight participants, plus a small group of Obese I participants. The Lean-heavy 

increase group surprisingly has a smaller proportion of normal weight participants and more overweight, obese I and 

obese II participants. The Medium increase group mainly consists of Obese II and III participants with a very small 

proportion of Overweight and Obese I. Finally, the Heavy increase class has small proportions in all Obese 

categories.   

Discussion 

Main findings 

To our knowledge this is the first study to examine in a stepwise progression, the added benefit of latent classes with 

either snapshot or longitudinal data compared to established categories, in the context of BMI and cancer. 

A B 

Figure 3: Baseline BMI risk of ORC 

A depicts the HR and 95% CI of an ORC in men, B in women.  
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 We found that participants who were consistently heavier had the highest risk of cancer whereas those who 

maintained a normal body weight had the lowest risk. Compared to the latter group, regardless of weight in earlier 

life – those who gained weight consistently had a higher risk of developing an ORC. Our derived LPA and LCTM 

classes followed a similar progression in ORC risk as seen by using WHO derived baseline BMI categories. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Comparisons with other studies 

Many studies investigating BMI and associations with cancer use a baseline BMI measure recorded at study onset 

and follow the individuals from that point (17, 18). While this ensures accurate data, it does not capture the complete 

picture of how a person’s weight has changed over life.  

Other studies simply use a single BMI measure per person taken at any given time point, which has the benefit of 

capturing a larger sample size in retrospective studies but makes it hard to address how a change in BMI might have 

an impact on the resulting risk (19). Additional approaches, such as that taken by Renehan et al (20) summarised 

weight change over 4 separate periods and how each change was linked to cancer risk to try identify a “critical 

period” for intervention. It has also been previously demonstrated that using baseline data can result in more 

significant differences in the resulting HR (21). Here it was shown that using a person’s max BMI  (at any time 

point of life) compared with a current baseline BMI of obese class II, compared to normal weight, was associated 

with a HR of 2.15 (95% CI; 1.47 – 3.14) but when using baseline BMI this dropped to 1.31 (95% CI; 0.95 – 1.81).  

A thorough study by Song et al (22) using LCTMs demonstrated that body shape trajectory had a significant impact 

on overall obesity related cancer risk and individual cancer sites, dependent on trajectory. As the trajectories derived 

here are for body shape score instead of BMI and at different time points, it is hard to directly compare. 

Nevertheless, the “lean-moderate increase”, “lean marked increase” and “heavy-stable/increase” classes that they 

derived in women seem to concur with our “lean-small increase”, “lean-heavy increase” and “medium-increase”” 

Figure 4: Comparison of LPA and LCTM class assignment with baseline BMI categories 

Figure A compares the LPA results in men with baseline BMI and B with women. Figures C and D compare 

the class assignments from the LCTM in men and women respectively. The width of the bands represents the 

proportion of the population assigned to each respective class or WHO BMI category. 
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groups. In men, the same groups as in women compare with our “lean-increase”, “medium-increase” and “heavy 

increase” classes with additional similarities noticed between the “medium stable” groups. 

Trajectory modelling of BMI 

By using LCTMs instead of single WHO BMI measures, and even categories derived by LPA, we can capture more 

inter-population variability. As people are subject to fluctuate over time, and change many factors that can influence 

their health and therefore weight, LCTMs provide a useful approach to finding common themes within age groups 

and demographic groups over life course. In the context of our derived BMI trajectories, the majority of these started 

off as a normal weight and became overweight/obese when they reached either middle age or later life, therefore 

other social factors might be at play to influence this increase in weight, something that could not be captured 

looking at baseline BMI alone. LCTMs have also been useful in other fields to identify subgroups that have not been 

previously categorised. For example, Geifman et al (8) identified 3 distinct patterns of disease progression and 

cognitive decline in Alzheimer’s patients.  

Strengths and limitations of the study  

We first note that our data-driven approach, identifying subgroups of participants from baseline BMI, strongly 

correlates with WHO BMI categories. These further show an increase in risk for developing ORCs, providing 

additional evidence to support previous studies using WHO categories. Additional strengths of this study include its 

large sample size in a well-documented cohort. By using a dataset that contained recall BMI, we were able to 

examine the effect of early life BMI and therefore change in weight over time and how this affects ORC risk. 

Through the use of multiple selection metrics instead of BIC alone to select the best fitting LCTM we ensured that 

the model best fitted the data, and by comparison with LPA and WHO BMI categories we examined the usefulness 

of additional data. 

However, this study does have limited generalisability as the majority of the population were white and well 

educated. As body weight and height were recalled this could have led to some bias, although similar cohorts have 

found good correlation between self-reported and directly measured weight/height, both for current and recall data 

(23, 24). Finally, due to practical constraints only a limited number of latent classes could be tested as the 

computational power and time needed to run some of the larger number of classes was substantial. However, due to 

the good discrimination of our final models we can assume that these models do summarise the main patterns of 

weight change within the population. It was also reassuring to see that these patterns did not change when those 

assigned to each class with suboptimal probabilities (<0.8) were removed. 

Future Work 

Further work is needed to develop methods to suitably validate the patterns observed in LCTMs, as can be done in 

the risk prediction field. Testing these models in a more diverse data set would likely bring out new classes and 

characteristics previously not seen in the predominantly white cohorts. 

Conclusions 

While it is hard to determine which method has the best performance, we can incorporate more information into an 

LPA or LCTM which captures more of the population heterogeneity and can take into account other background 

features such as lifestyle choices/ other medical conditions that may not directly be incorporated using WHO BMI 

categories alone. Overall, these results indicate that there would be a health benefit to a weight intervention in early 

life and continued monitoring. Our findings provide evidence as to GP recommendations or a public health 

campaign for weight management and avoidance of weight gain for long term health benefits.  
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Abstract 

HIV medication adherence is a topic of major public health concern in the United States. Adherent patients may be 

less likely to experience treatment failure, AIDS presentations and extreme medical costs. We evaluate a cohort of 

highly adherent Medicare beneficiaries to establish if the out of pocket costs of HIV medications are an inherent 

barrier to adherence. We analyzed a 100% sample of Medicare Part-D prescription medications. The drug and out 

of pocket costs for HIV and non-HIV medications of highly adherent cohort were extracted and analyzed. The average 

gross drug cost per beneficiary was $34,029 for HIV medications and $11,439 for non-HIV medications. Average out 

of pocket costs per beneficiary was $454 for HIV medications and $129 for non-HIV medications. Out of pocket costs 

do not reasonably appear to be a barrier to adherence for Part-D beneficiaries.  

Introduction 

HIV is a major infectious disease and was implicated in at least 16,350 deaths in the United States in 2017.1 In 2020, 

the ‘National HIV/AIDS Strategy for the United States’, a Federal plan to end the HIV epidemic, was updated to 

include (medication) treatment adherence as a core goal and an underlying requirement of expanding treatment to 

HIV+ Americans.2 Medication adherence for HIV+ patients refers to the consistency with which patients are 

dispensed, receive and consume HIV medications.3 HIV medications are understood to prevent AIDS presentations 

among HIV+ patients.4–6 While some debate remains internationally on when to start patients on retroviral drugs there 

is consensus that once treatment begins interruption (non-adherence) can produce viral resistance, treatment failure, 

AIDS and AIDS related mortality.7–10 While HIV+ patients are dispensed medications other than ‘HIV medications’ 

where treatment adherence could influence their clinical outcomes (diabetes, heart disease, cancer) adherence among 

this population has historically meant dispensation of anti-retroviral drugs alone.3,11 

 

Cost, clinical complications, toxicity and social determinants are common concerns for the management of HIV 

treatment adherence. The extreme financial cost of medications in the United States of America (US) are well 

documented.12 The clinical complications of HIV disease have also been shown to influence adherence, especially 

HIV related dementia.13,14 Medication toxicity and drug interactions have been a major barrier to adherence as HIV 

treatment emerged and may still be a barrier in specific cases.15,16 The social determinates of treatment adherence 

include incarceration, homelessness, poverty, drug addiction and care deserts (rural areas). These socially 

marginalized experiences (should) make consistent access to any treatment, let alone HIV treatment even more 

difficult than cost alone.17–19 

 

Adherence to HIV treatment is a major focus of clinical research because of the cost, consequences and possible 

explanatory value of HIV medication non-adherence on the outcomes of HIV+ Americans.20–22 HIV medications are 

high cost medications and may be out of reach for some patients in the US. Several subsidy programs for HIV 

medications including Health Resources and Services Administration’s Ryan White Part-B, AIDS Drug Assistance 

Programs (ADAP), Medicaid and manufacturer specific rebates and programs are used as core sources of HIV 

medications by  HIV+ Americans.23,24 These programs provide medications at lower or no cost, where available.  

 

Use of large observational databases (including claim-based) in retrospective HIV research is less frequent compared 

to other clinical domains. In this project, our motivation is to demonstrate strength and weaknesses of Center for 

Medicare and Medicaid Services (CMS) claim-based data for HIV research. This work at the same time a part of a 

HIV-focused project that identifies and analyzes Common Data Elements (CDE) available in routine healthcare data 

or in completed HIV clinical trials. Here, we aim to observe if highly adherent patients have high out of pocket costs 

for HIV and non-HIV medications. We also consider if program specific features of Medicare influence out of pocket 

costs among a population of highly adherent HIV+ patients.   
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Methods 

Data Source: We use a 100% sample of Medicare encounter level claims from 1999 through 2017. Data was acquired 

through the Centers for Medicare and Medicaid Services (CMS) Virtual Research Data Centers’ Chronic Condition 

Warehouse (VRDC CCW). VRDC contains both Medicare and Medicaid data. VRDC provides encounter level claims 

as well as pre-processing features that support analysis. These pre-processing features include a unique patient 

identifier (Beneficiary ID) which follows individuals over time, across programs (parts A, B, C, D or Medicaid) and 

pre-calculates coverage and expenditure at the beneficiary level. VRDC pharmacy dispensation data for Medicare 

Part-D uses ‘National Drug Code’ (NDC) codes. The data availability delay (non-availability of recent data) is longer 

for Medicaid; as of fall 2019 Medicare 2016 and Medicaid 2012 encounter level claims were available. Medicaid 2013 

and 2014 claims were also available but only for a sub-set of States. This data delay determined our analysis as 

Medicare centric; our study does not consider Medicaid claims. We used calendar year 2016 since this was the most 

recent data available in VRDC to us as of October 2019. 

 

Cohort Definitions: We analyzed two cohorts, an ‘HIV Cohort’ and an ’HIV Adherent Cohort’. The HIV Cohort used 

the following inclusion criteria: (1) two HIV-1 viral load tests in calendar year 2016 billed to an outpatient (B-Carrier 

Claim, identified by CPT code 87536) and (2) at least one pharmacy claim in 2016. The HIV Adherent Cohort had the 

following additional criterion, (3) 80% proportion of days in 2016 covered by a dispensation that included an HIV 

medication ingredient (patients switching different treatment regiments were this way properly classified as adherent).  

 

Our cohort criteria were created to mitigate possible incompleteness of claims data. For example, the requirement for 

two viral load tests was used to ensure that Medicare insurance is being utilized and billed for HIV monitoring care. 

Similarly, the criterion for at least one reimbursed pharmacy claim was used to demonstrate (by presence of a claim) 

that Part-D medication coverage is accessible to the analyzed patients. 

 

Data Analysis: Our analysis describes the demography, overall costs, clinical drug level costs (HIV and non-HIV 

separately) and costs per member per month. We aim to discover if highly adherent patients have high out of pocket 

expenses which could potentially explain non-adherent patient medication avoidance behavior, if it exists. As a 

secondary outcome we aim to discover if medication seeking behavior differs within our highly adherent cohort by 

medication type. Our cohort and highly adherent cohort should not be confused for the Medicare or Medicaid HIV 

burden in the US in 2016.  

  

Adherence was determined at the ingredient level per individual patient. Each medication dispensation had the 

presence of HIV ingredients evaluated and if present, the date of dispensation and the count of days of supply was 

extracted. Dates of dispensation were plotted in a SAS array loop to distribute the days of supply from the 

corresponding date of HIV dispensation to a 365-day calendar view spanning January 1st to December 31st. For each 

dispensation the array loops over each Beneficiary ID calendar day cell marking 1 from the beginning of the 

dispensation date until the days of supply are exhausted. Then the non-zero calendar days are aggregated and divided 

by 365 to produce the percent of days in the calendar year covered by HIV medications. Days covered by multiple 

HIV medications (multiple regiment) and combination pills (or other dose forms) with more than one HIV ingredient 

apply only to the given day (are not counted twice) as days evaluate to either 0 (none) or 1 (present).   

 
Medication Mapping and Value Sets: VRDC raw dispensation data uses NDC codes to identify dispensed medication. 

We created a custom list of NDCs that contained HIV medication ingredient string tokens. Our list was validated 

against RxNorm Ingredients by mapping our NDCs to RxNorm Clinical Drugs. Our list of 32 HIV tokens captured 

32 RxNorm HIV ingredients. Since multiple NDC codes represent identical clinical drugs, we transformed NDC-

coded dispensation data into RxNorm Clinical Drugs. 2918 2016 Part-D NDC codes converted into 138 clinical drug 

codes. For example, NDCs: 00081010855 (Zidovudine 100 MG Oral Capsule [Retrovir]) and 00081010856 

(Zidovudine 100 MG Oral Capsule [Retrovir]) both converted into Clinical Drug 1710616 Zidovudine 100 MG Oral 

Capsule. In addition to reducing the number of distinct items to analyze, it also allowed us to use RxNorm relationships 

of clinical drugs to ingredients. We used OMOP Vocabulary as a source of RxNorm mappings and relationships. For 

example, the top five most frequently used HIV ingredients from our list were: Emtricitabine, Tenofovir Disoproxil, 

Lamivudine, Ritonavir and Dolutegravir.  

 

Part-D Medication Plan Considerations: Part-D is a highly complex prescription drug program which contains 

multiple eligible plans and phase specific rules for reimbursement.25,26 These rules are Part-D specific. Eligibility in 

Part-D requires that the patient be enrolled in Medicare and eligible for a member plan. Member plans can be low cost 
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and for qualifying beneficiaries, specific low income plans are available.27,28 All member plans are subject to program 

level phases which determine reimbursement. Reimbursement amount per dispensation is determined by the amount 

billed to date by the individual patient and the individual dollars within a dispensation’s phase. The amount due by 

the patient reflects this phased payment structure and changes depending on how much a patient has spent, dollar by 

dollar and the expenditure thresholds of specific phases. The more a patient pays the further through the Part-D phases 

they progress until they reach ‘catastrophic’ personal financial contributions to their prescription drug care threshold. 

Phase specific financial thresholds vary depending on the calendar year; in 2016 patients reach ‘catastrophic’ coverage 

(and enjoy reduced out of pocket expenditure) when their out of pocket spending exceeds $7,062.50 on eligible 

medications. Patients whose medication contributions have exceeded this financial threshold are reach a ‘catastrophic’ 

status, this means that they are no longer affected by possible high co-pays for HIV (and non-HIV) drugs. Catastrophic 

is the last, and most expensive (for Medicare as a payor) Part-D phase. Once patient payment contributions reach the 

catastrophic threshold, patients pay a radically reduced share of their medication costs with the remainder of the cost 

being paid by Medicare and the individual member plan itself.  

 

For example, a patient with a monthly prescription expenditure across multiple prescriptions totaling $1,000 a month 

would never reach the threshold of $7,062.50 within the calendar year despite $12,000 in annual expenses. In month 

one, the patient would begin by paying 100% of expenses until the ‘deductible phase’ is satisfied. Then the patient 

would pay 25% of expenses with the remainder paid by their plan until the ‘coverage gap phase’ is satisfied. Similarly, 

the patient pays 25% of their medication cost with the remainder being paid by the manufacturer until the final 

‘catastrophic phase’ is satisfied. Once a patient spent the $7062.50 and reached the final catastrophic phase, the patient 

pays 5% of their medication costs (or a flat cash payment of $3 (for generic drugs) to $8 (for brand drugs) dollars per 

dispensation whichever is smaller).  

 

Expenses covered by the plan and the manufacturer do not count towards the catastrophic patient contribution 

threshold. In turn, 75% of expenditures do not count towards the catastrophic limit. If the deductible on their plan is 

$500, they would pay $500 + 25% of $1,000 a month through the end of the year, or $500 + $2,875(25% of $11,500) 

which is less than $7,062.50. In 2016, a patient’s monthly medication expenses would need to exceed 2,500 a month 

in gross drug costs to reach the catastrophic contribution threshold and enter the final Part-D phase, assuming a 

deductible of $500. The patient would only be paying 25% of the qualifying amount in most intermediary phases, 

limiting their contribution towards the $7,062.50 threshold.  

 

Multiple non-patient payers can contribute to patient contribution medication costs (before and after the catastrophic 

phase). In the case of HIV medications, Ryan White Part-B and Medicaid may contribute to medication costs attributed 

to the patient through reimbursement, rebates direct supply or additional mechanisms. These contributions may count 

towards the individual patient’s catastrophic threshold. Part-D low income subsidies may also contribute to patient 

medication expenses which in some non-patient payments would count towards the catastrophic threshold. This study 

was specifically interested in the Out of Pocket Costs paid by the patient (OOP), Gross Drug Cost (GDC), month of 

the dispensation and if the dispensation included an HIV anti-retroviral ingredient. OOP in this study does not consider 

True Out Of Pocket (TrOOP) dollars which are dollars not paid by the insurer, but not necessarily paid by the patient. 

The patients’ payment phase was not considered specifically but out of pocket expenses per-member per-month was 

used to assume ‘catastrophic’ phase in population level terms where an aggressive decrease in out of pocket spending 

would indicate that catastrophic spending was generally reached. In this study OOP is learned from the VRDC variable 

‘patient total payment amount’.29  

Results 

Table 1 shows descriptive characteristics of the two cohorts we analyzed. We found 43,859 patients fulfilling criteria 

for our HIV cohort. 72% (31,784 patients) of such patients are at the same time highly adherent to HIV therapy 

(fulfilling criteria of the HIV adherent cohort). The demography parameters are mostly comparable between the HIV 

cohort and the HIV adherent cohort. Blacks are disproportionately represented in both the HIV cohort and the HIV 

adherent cohort relative to US census data. This reflects the disproportionate burden of HIV among Blacks living in 

the US.30 The proportion of females is consistent with 20-25% national prevalence across all ages (especially older 

adults). Medicare is commonly remembered as health plan for seniors aged 65+. The table 1 demography data, 

however, show that thanks to other Medicare eligibility mechanism (at least in 2016), many HIV+ patients under the 

age of 65 use Medicare and Medicare Part D as their health plan that pays for their care. Table 2 shows that 27% of 

patients in HIV Adherent cohort are 65+ while the remaining 73% are younger than 65 (e.g., 30% are aged 45-54). 

Age was calculated for each patient as of December 31, 2016. 
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Table 1. Descriptive characteristic of HIV and HIV Adherent Cohorts * 

 HIV Cohort HIV Adherent Cohort   

Population Count Count (proportion) 

Distinct Population 43,859 31,784 (0.72) 

Median Age  56 57 

   

Gender Count (Proportion) Count (Proportion) 

  Male  32,540 (0.74)  24,028 (0.76) 

Female  10,953 (0.25)  7,499 (0.23) 

   

Race Count (Proportion) Count (Proportion) 

Unknown  344 (0.00)  249 (0.00) 

White  20,851 (0.47)  16,140 (0.51) 

Black  18,636 (0.42)  12,385 (0.39) 

Other  508 (0.01)  400 (0.01) 

Asian  359 (0.00)  287 (0.00) 

Hispanic  2,594 (0.05)  1,919 (0.06) 

N. American Native  201 (0.00)  147 (0.00) 

   

Age Count (Proportion) Count (Proportion) 

18-24  100 (0.00)  50 (0.00) 

25-34  1,383 (0.03)  701 (0.02) 

35-44  3,866 (0.09)  2,354 (0.07) 

45-54  12,675 (0.31)  9,085 (0.30) 

55-64  12,008 (0.29)  9,242 (0.31) 

65+  10,504 (0.25)  8,007 (0.27) 
* Demography is reported where consistent across calendar years within VRDC. Inconsistent demography 

includes patients who report more than one distinct race, gender or whose year of birth is reported as at least two 

different values on a Medicare encounter claim over our 18 CMS observation years.  

 

Table 2 shows on cohort level the cost and other characteristics of HIV and non-HIV medications in the HIV adherent 

cohort. HIV medication costs represent 75% of the total medication cost. The top five most dispensed HIV drugs (on 

RxNorm clinical drug level) were: 1. Emtricitabine 200 MG / Tenofovir disoproxil fumarate 300 MG Oral Tablet, 2. 

Ritonavir 100 MG Oral Tablet, 3. Raltegravir 400 MG Oral Tablet, 4. Dolutegravir 50 MG Oral Tablet, 5. Efavirenz 

600 MG / emtricitabine 200 MG / Tenofovir disoproxil fumarate 300 MG Oral Tablet. The top five most dispensed 

non-HIV drugs were: 1. Gabapentin 300 MG Oral Capsule, 2. Omeprazole 20 MG Delayed Release Oral Capsule, 3. 

Zolpidem tartrate 10 MG Oral Tablet, 4. Sulfamethoxazole 800 MG / Trimethoprim 160 MG Oral Tablet, 5. 

Amlodipine 10 MG Oral Tablet. 

 

Table 2. Cohort level Gross Drug Cost of medications for HIV adherent cohort in calendar year 2016 

  HIV RX  Non-HIV RX Total  

# of Dispensations 782,410 1,971,941 2,754,351 

Days of Supply 24,033,279 62,165,378 86,198,657 

Out of Pocket Cost $14,448,956 $4,064,004 $18,512,960 
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Gross Drug Cost $1,081,596,649(75 %) $357,881,840 (25%) $1,439,478,489 (100%) 

 

Table 3 shows annual person level drug cost for HIV adherent cohort, such as average annual total gross drug cost 

and out of pocket drug cost. Per person annual gross drug costs are $34,030 for HIV medications and $11,439 for non-

HIV medications (GDC for HIV medications are 2.97 higher). Per person annual OOP costs are $18 per dispensation 

for HIV medications and $5 per dispensation for non-HIV medications (OOP for HIV medications are 3.6 times 

higher). Table 3 also shows similar comparison for per dispensation GDC cost. 

 

Table 3. Annual person level drug cost and additional drug cost measures (HIV adherent cohort)  
 

HIV RX Non-HIV RX 

Averages of Gross Drug Cost (GDC) and Out of Pocket (OOP) 
  

Average GDC Per Person $34,029 $11,439 

Average OOP Per Person $454 $129 

Average OOP Per Dispensation $18 $5 

Average GDC per Day of Supply $45 $14 

Average OOP Per Day of Supply $0 $0 

   

GDC per Dispensation   

Mean $1,382 $181 

Median $1,363 $12 

Max $10,511 $80,486 

   

OOP Per Dispensation 
  

Mean $18 $2 

Median $0 $0 

Max $3,125 $4,174 

   

Graph A shows the volume of dispensations is much higher for some HIV medications relative to the size of the 

population taking them at the clinical drug level. Graph B also suggests OOP relative to GDC is much higher for HIV 

rather than non-HIV medications. Two non-HIV medications appear to be in OOP to GDC class with HIV 

medications.  

Graphs C-F show temporal trend over time (x axis shows 12 months of Jan 2016 through Dec of 2016). Graph C 

considers over time, the count of distinct patients seeking a dispensation in each calendar month. It shows some 

monthly variation over time for both HIV and non-HIV medications which appear symmetrical. Graph D plots the 

count of dispensations by month showing generally much higher volume of non-HIV drug dispensations compared to 

HIV drug dispensations. Comparing Graphs C and D demonstrates that highly adherent patients are taking HIV 

medications more consistently than non-HIV medications, but those patients taking non-HIV medications receive 

more dispensations for non-HIV medications than HIV medications. HIV dispensations never exceed 70 thousand a 

month, and non-HIV dispensations never drops below 150 thousand dispensations per month. Graphs E and F both 

show OOP costs (E on per patient bases and F as sum for whole cohort). Both graphs show higher OOP costs early in 

the year and much lower amounts from April till December.  

Figure 1.  Patients by dispensations (A), GDC by OOP (B) and patients (C), dispensations (D), OOP per member per 

month (E) and total out of pocket expenditure per-member per-month (F). 
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Figure 2 shows drug cost on individual drug level. To make the graph more readable, we only include frequent HIV 

clinical drugs that were taken by at least 200 highly adherent cohort patients and had non-zero GDC and OOP costs. 

Each horizontal bracket represents a distinct clinical drug that contained an HIV ingredient and drugs are listed in 

decreasing annual cost from left to right. The top three most expensive HIV clinical drugs and their averaged gross 

drug cost per patient (dark blue line) are: (1) efavirenz 600 MG / emtricitabine 200 MG / Tenofovir disoproxil fumarate 

300 MG Oral Tablet  ($24,200); (2) abacavir 600 MG / dolutegravir 50 MG / Lamivudine 300 MG Oral Tablet  

($23,092); and cobicistat 150 MG / elvitegravir 150 MG / emtricitabine 200 MG / Tenofovir disoproxil fumarate 300 

MG Oral Tablet ($22,393). The clinical drugs taken by most patients (see gray bars) are emtricitabine 200 MG / 

Tenofovir disoproxil fumarate 300 MG Oral Tablet (9,653 patients), Ritonavir 100 MG Oral Tablet (8,888 patients) 

and raltegravir 400 MG Oral Tablet (6,594 patients). Typical annual supply for a single HIV medication would exceed 

the 2016 catastrophic threshold ($7,062.50, light blue line) in 26 out of 39 clinical drugs shown in figure 2. In most 

cases, HIV+ patients take more than one such HIV clinical drug. If their regimens require more than one clinical drug 

dispensation (HIV or non-HIV medication) the rate of reaching catastrophic phase accelerate and this reduces the 

annual, per drug OOP cost faster. If patients experience regiment transition within the highly adherent cohort the GDC 

per person by clinical drug would not reflect a full 12-month cost but perhaps less than 12 months. GDC per person 

is not a ‘list price’ but an average of what was charged for a clinical drug. 

Figure 2: Graph of selected HIV clinical drugs (X axis) and their Gross Drug Costs Per-Patient (left Y axis, dark blue 

line) and count of distinct HIV adherent cohort patients taking that clinical drug (Right Y axis, gray bars)  

A B 

C D 

E F 
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Discussion 

Our study shows that 2016 Medicare data can be used to study a large cohort of HIV+ patients that are highly adherent 

to ART therapy (34,784 patients in HIV adherent cohort). The total size of HIV+ patients in Medicare data is much 

larger and we fully acknowledge that missing data (events not reimbursed by Medicare medical plan or Part-D 

pharmacy plan) is a biasing factor. However, despite this data heterogeneity, there is still a large cohort of highly 

adherent patients where we observe evidence of regular disease monitoring and treatment. Two similar adherence 

studies (on other data sources) had sample sizes 2,030 and 23,343 patients (see ‘Relationship to prior studies' section 

below). Within CMS VRDC system, thanks to a shared unique patient identifier across Medicare and Medicaid 

datasets, it would be theoretically possible to study data overlap (what care and medications are billed to various plans) 

for patients dually enrolled in Medicare and Medicaid. However, large data delay for Medicaid data prevents such an 

analysis for recent years (Medicaid is 4 years behind Medicare in terms of data being up to date; in the fall of 2019, 

Medicaid data from 2012 are the most recent; considering majority of US states). An alternative source, the IBM 

Watson MarketScan Medicaid database, has a much shorter data delay. Our study is the first to focus on drug out of 

pocket expenses on a large cohort of HIV patients highly adherent to ART therapy.  

The speed at which patients become catastrophic within the calendar year is remarkable. These thresholds were most 

likely intended to be reached in rare circumstances; however most HIV patients reach them routinely due to high cost 
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of HIV medicines. While Medicare Part-D only provides HIV care to a minority of HIV+ Americans, in-year-

adherence and relatively low OOP costs per person could suggest Part-D as a worthy model for providing high costs 

drugs to patients impacted by the HIV epidemic in the US. Our study also reveals interesting data about the volume 

of non-HIV medications taken by patients in the HIV Adherent cohort. This is significant because it impacts controlled 

total out of pocket expenses. Of particular note, in terms of non-HIV medications are drugs used to treat Hepatitis C  

(especially the eradication therapy for Hepatitis C).  

Relationship to prior studies: Several prior retrospective observational studies analyzed HIV adherence using claims 

data but, to our knowledge, none have targeted out of pocket costs. Kangethe et al analyzed adherent and non-adherent 

HIV cohorts and total cost of care (medications cost + outpatient/inpatient visit cost) using California Medicaid data 

from 2007-2016.20 They did observe differences in medication cost (adherent compared to non-adherent) but the total 

annual cost of care was not significantly different (their non-adherent HIV group had lower medication cost but it was 

compensated by higher visit costs). Their study did not detect enough ‘highly adherent’ patients for follow-up-analysis 

when using a region specific, private network of healthcare claims billed to Medicaid. Our adherent cohort sample 

size (n: 31,784) is 15.6 times larger compared to Kangethe’s study (n: 2,030).  

A second relevant study by Youn et al. analyzed Medicaid claims from 2001 to 2010. It found 52.4% 2-year adherence 

to ART in 2010 (using a threshold of >90% days covered to indicate adherence and considered whole regimen)31. This 

adherence threshold is very high for a single payer program view. Private companies also offer reimbursement, rebates 

and mail order HIV medications in the US. Compared to Youn’s study, we used a lower threshold (>=80% days) and 

applied it at the ingredient level (rather than a complete HIV regiment). Youn et al. studied a sample of 23,343 patients 

from years (2001-2010). Our cohorts are not generally comparable as ART initiation was not a requirement in our 

study but was for theirs. Our monthly pattern of dispensations may indicate that even this lower 80% level may be too 

high considering that patients may be stockpiling some drugs at the end of calendar year while their co-pays are lower 

due to catastrophic status. 

Limitations: Our study has several limitations. First, it only analyzed HIV patients with insurance coverage and relies 

on reimbursed pharmacy claims for complete medication history. Patients could have been using additional 

medication. For example, additional over-the-counter non-HIV medication. Patients who were deemed non-adherent 

may actually be adherent as medication dispensation not reimbursed by Medicare Part-D is unobserved in our data 

set. Second, the NDC mapping to RxNorm clinical drug (extracted from OMOP Vocabulary) does not cover all NDC 

codes appearing in the VRDC pharmacy claims. However, a cursory analysis of the non-mapped NDC codes indicate 

that the non-mapped NDC codes do not represent any significant HIV or non-HIV clinical drug. Third, our list of HIV 

ingredients and HIV clinical drug contain drugs that are also used as anti-retrovirals for other infectious diseases 

(Hepatitis C and B). Using manual review, we excluded some such drugs where review of label showed clear use for 

non-HIV condition (for example, some clinical drugs containing ritonavir).  Moreover, hepatitis C eradication 

treatment typically only lasts 12 weeks. Fourth, use of HIV drugs in pre-exposure prophylaxis (PrEP) may interfere 

with our analysis. Patients could qualify for our cohort if they were highly adherent consumers of HIV medication 

ingredients; and PrEP patients would be HIV- and consuming Truvada. In the HIV cohort, A total of 17 patients had 

no documented diagnosis for HIV disease across VRDC years. This could be due to payor dynamics, or the 17 patients 

may be true HIV- cases that consume HIV medications. Fifth, the eligibility criteria for HIV+ patients to quality for 

Medicare are changing over time. While our 2016 data showed demography indicating wide range of HIV patients by 

age, later analysis for years after 2016 (where criterial for obtaining Medicare under age 65 were made stricter) may 

show demography shifted more heavily towards age 65+.   

Conclusions 

Our study shows that HIV medications have significant cost (HIV medication cost were 75% of total drug cost in HIV 

adherent cohort). However, our analysis of OOP cost on annual basis for highly adherent patients (at $454 per year 

per patient) indicates that high OOP does not appear to be a barrier to ART therapy adherence for Part-D Medicare 

beneficiaries. With carefully constructed cohort inclusion criteria, Medicare data can be used to study some special 

populations of HIV+ patients, namely those where Medicare claims data do indeed contain evidence of active and 

regular HIV-related care. Moreover, because of national scale of Medicare, the overall sample size for such special 

cohort is high compared to studies using other claims-based databases.  
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Abstract

Rule-based Natural Language Processing (NLP) pipelines depend on robust domain knowledge. Given the long tail
of important terminology in radiology reports, it is not uncommon for standard approaches to miss items critical for
understanding the image. AI techniques can accelerate the concept expansion and phrasal grouping tasks to efficiently
create a domain specific lexicon ontology for structuring reports. Using Chest X-ray (CXR) reports as an example, we
demonstrate that with robust vocabulary, even a simple NLP pipeline can extract 83 directly mentioned abnormalities
(Ave. recall=93.83%, precision=94.87%) and 47 abnormality/normality descriptions of key anatomies. The richer
vocabulary enables identification of additional label mentions in 10 out of 13 labels (compared to baseline methods).
Furthermore, it captures expert insight into critical differences between observed and inferred descriptions, and image
quality issues in reports. Finally, we show how the CXR ontology can be used to anatomically structure labeled output.

INTRODUCTION
The radiology community is looking for automatic solutions that would enhance their reporting workflow to tackle
problems such as delayed reporting and eye-fatigue.1 Automatic structured “preliminary reporting” of imaging exams
is one avenue to revolutionize radiology workflow by helping radiologists produce and finalize exam reports faster.
Recent report generation work has been directed towards the Chest X-ray (CXR) modality, where large publicly
available CXR datasets have become available for machine learning research, totaling 1 million images. These include
the Indiana University CXR dataset,2 NIH Chest-Xray8 dataset,3 Stanford CheXpert dataset,4 and MIMIC-CXR.5

Most recent report generation studies use a variety of Convolutional Neural Network-Recurrent Neural Network
(CNN-RNN) based approaches, where raw text reports along with images are directly used as input for model train-
ing.6–11 Although less manual, unsupervised text approaches such as these do have some disadvantages. Firstly, they
do not easily allow radiologists introduce workflow related needs, such as structured reporting (since most raw training
reports come unstructured). However, of greater clinical concern is that there is no guarantee that report generation
models trained this way will automatically learn about the key clinical findings in the image.

Since both the input and output stay “unstructured”, robust evaluation of the “correctness” of the generated reports
remains challenging for these CNN-RNN based models. Instead, most of the report generation algorithms reported
in recent literature rely on performance metrics, such as CIDEr-D12, ROUGE-L13 and BLEU14, that measure the
linguistic similarity between two text sequences. These statistical measures rely on n-grams, which can fail to capture
disease states where terms that cue the context (e.g. negation) and the target abnormality terms are far apart in a
sentence. As such, these metrics can fail to capture the overall accuracy and quality of the generated report.

Another approach to train report generation models is to first derive a richly labeled dataset from radiology reports
using natural language processing (NLP). Existing work on labeling CXRs from CheXpert show that training labels
can be efficiently and accurately extracted from reports with rule-based NLP.4 Rule-based NLP depends on robust
vocabulary knowledge of the radiology domain (e.g. CXR modality) to accurately extract target labels. Since the
knowledge curation work is usually a bottle neck for these NLP pipelines, they can be restricted to a narrow selection
of labels. For example, CheXpert NLP pipeline is currently limited to extracting 14 labels from CXR reports. These
labels are important CXR “triage” findings but are insufficient for populating preliminary reports. There is also no
guarantee that, for each label, the radiologists would be able to manually produce a comprehensive list of vocabularies
and patterns that reflect the wide range of documenting practices in free text reports.

In our work, we describe a systematic methodology, where domain experts (radiologists) used a human-in-the-loop un-
supervised NLP tool15, 16 to efficiently construct an anatomically-organized, report-language specific, lexicon-defined
ontology. We show that, with the knowledge curated from one large corpus of CXR reports, even a simple rule-based
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NLP pipeline can extract accurate and rich labels from two different corpora of CXR reports. Additionally, we provide
a detailed comparative analysis of the CXR reporting label landscape against existing work (CheXpert’s). We utilized
reports from an open source CXR report dataset for the latter analysis, and argue that the label set we extracted is much
richer for training report generation imaging networks. Finally, we show that using the CXR lexicon ontology, our
label extraction pipeline effectively structures the finding and impression sections of CXR reports in compliance with
the anatomically organized CXR reporting template published by the Radiology Society of North America (RSNA).17

METHODS
I. Premise - driven by clinical and machine learning needs
One key goal for any NLP pipeline that extracts labels from radiology reports for training deep learning imaging
models is to derive the “visual” presence or absence of target observations in the imaging exam. To do so, we observe
that the knowledge created needs to meet several practical criteria:

1. It should follow recommended terminologies (e.g. the CXR part of Fleishner Glossary18) where possible.
2. However, more importantly, it needs to capture the large variations in terminologies used by average radiologists

in their routine reporting practice. Terms such as “infiltrate” may not be recommended by the Fleishner Society,
but are used routinely by many radiologists to describe visual findings that could look like “consolidation”
(recommended). The reality is that terminologies not in professional guidelines are present in reports from any
PACS system and need to be accounted for based on the most likely visual similarity for computer vision tasks.

3. The vocabularies need to be grouped so that the extracted labels relate to visually similar images.
4. To extract labels that are visually similar, a semantic distinction must be made between the “observed” and

“inferred” types of label descriptions in reports.
5. It should support the variation in which radiologists can describe abnormality and normality in free text reports.

Radiology reporting practice boils down to describing whether an anatomy or an anatomical location (e.g. angle,
border) is normal or abnormal (and if abnormal, what specific abnormality it is). For example, “cardiomegaly”
is an abnormality (“enlargement”) of the heart anatomy, and “rib fracture” is “fracture” of the rib anatomy.
Therefore, to allow robustness of anatomy pattern based label extraction, we aim to structure and capture the
anatomical relations between abnormalities and the related anatomies in the CXR ontology.

6. There needs to be additional NLP context considerations for “visual label presence” in the labeled image. For
example, X should actually be affirmed in “There is no increase in X”, Y should be negated in “There is
resolution of Y.”, and Z may or may not be present in “Assess for Z”. Just as there are variation in labels related
terminology in reports, there is also a large variation of context determining language in radiology reports.

7. The curated vocabulary and grouping need to be validated in context by multiple radiologists.

II. Building an exhaustive CXR lexicon-defined ontology with bottom-up curated vocabularies

Top-down literature search:
The Fleischner Glossary contains recommended “proper” Chest X-ray (CXR) and Chest CT reporting terminologies
from the North American Thoracic Radiology society.18 We kept only the terminologies related to CXR reporting as
the starting “concept level” backbone of the CXR ontology, and refer back to Fleischner’s finding definitions when
grouping the bottom-up curated phrases from raw reports. In addition, we reviewed several radiology educational
resources to determine rarer potential CXR labels less likely to appear in a limited selection of radiology reports.18–20

We also investigated the radiology terminologies from Radlex.21 However, we found it has a relatively small vocab-
ulary for potential training label coverage in CXR reports. Its anatomical knowledge organization is also difficult to
apply to real CXR reports for anatomy pattern based finding extraction or structured reporting. The closest existing
CXR knowledge work suitable for labeling images using reports came from the CheXpert group, which focuses on 14
CXR findings only, but does have a starting (implicit) anatomical organization (e.g. lungs, pleura) for some of them.4

Bottom-up vocabulary curation - Assisted vocabulary expansion:
Dictionary expansion with the Domain Learning Assistant (DLA) tool is a human-in-the-loop method of rapidly
developing more complete lists of terms around an “entity”.15, 16 It uses an ensemble of expansion techniques ranging
from deep learning systems to pattern extraction to linked data in order to quickly and efficiently produce high quality
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candidates. However, in any real world application the definition of an entity type is quite subtle; thus, having a human
domain expert (e.g. radiologist) quickly review the suggestions keeps the lexicon ’on topic’, since they only accept
good terms. These accepts and rejects allow the underlying system to focus (or refocus) on the important concepts.

For example, one major type of “entity” in CXRs is “opacity”, which is the radiology terminology used to describe an
area of increased whiteness (from attenuation of X-ray beam) within the lungs on a typical CXR. Our expert gave a
few seed terminologies used to describe lung opacity related CXR observations that can be used in reports. The DLA
expansion engine (Figure 1) uses the seed examples to propose additional likely candidates that occurred in similar
textual context in the CXR reports we used for vocabulary curation. The experts then accepted all abbreviations,
misspelled words, and any other different ways of describing “opacity” in the candidate list, and rejected the rest. For
unclear cases, the experts were able to examine the most common contexts using the DLA tool before they accept or
reject any proposed candidate. They are also able to accept just part of a proposed phrase. The newly accepted and
rejected examples become additional training data to propose more candidates in future iterations. We were able to
expand the lung opacity related terms to over 200 semantic equivalents in an hour.

Figure 1: Bottom-up assisted vocabulary expansion with Domain Learning Assistant (DLA) tooling. “Accepted” column contains
the expert’s seed and accepted phrases. “Candidate” column presents the phrases proposed by the DLA tool. “Rejected” phrases
appear in the right most column. The experts can choose to view the report context for any phrases in the left panel.

Assisted finer grouping of curated vocabulary into “lexicons” for label extraction:
After expanding a broad parent type of CXR observations, such as “lung opacity”, we used the “Grouper” function
of DLA to assist our experts in grouping the pool of phrases into finer children “lexicons”. The tool accelerates
lexicon grouping up to 5 times faster than manual methods.22 The DLA “Grouper” engine suggests potential groups
to the radiologists for bottom-up lexicon group creation. The expert can use suggested groups as starting points to
develop, name, expand and approve groups to form a final grouping. The system uses what human approves and
rejects to learn what is important in this grouping. Using the lung opacity example again, the assisted grouping tool
allowed our radiologists to group the bottom-up curated phrases into more specific types of opacity observations,
such as consolidation, lobar/segmental collapse, pulmonary edema/hazy opacity, etc. The radiologists grouped any
abbreviations, synonyms, semantic equivalent phrases under the same lexicon based on their understanding of visual
similarity of the observation that the accepted phrases describe (Table 1).

Table 1: Semantically grouped lexicon examples.
Label name Related UMLS CUI Synonyms Semantic equivalents
Consolidation C0702116 (or) C0239027 consolidated, conslidation, etc alveolar opacity, airspace infiltrate, etc
Lobar/segmental collapse C1522010 (and) C0004144 lobar collapse, lung collapse, etc volume loss, flat waist sign, etc

After the finer grouping were agreed upon by two radiologists, the experts then re-imported the groups as concepts
back into the DLA engine for further vocabulary expansion until exhaustion (no more interesting candidates). Similar
cycles of broad concept expansion, finer grouping and further expansion of grouped concepts were also done for lung
lesion (mass and/or nodule), technical assessment, medical devices and anatomy related labels.

Organization of CXR lexicons:
The clinical experts assigned each bottom-up curated CXR lexicon concept a radiology-specific semantic category
(Table 2 and Table 3). Additionally, each CXR lexicon concept is manually mapped to the closest Concept Unique
Identifier(s) (CUI) in the widely accepted Universal Medical Language System (UMLS) ontology for bioinformatics
research.23 The UMLS CUIs are selected based on semantic, lexical, ontological, and clinical definition similarity
for each CXR lexicon concept. Any un-charted concepts are represented by combining one or more UMLS CUIs
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(Table1). This mapping effort grafts the curated CXR lexicon ontology to the UMLS ontology, which would allow it
to leverage the wider medical knowledge base in future reasoning tasks.

Table 2: Semantic categories of labels in the bottom-up curated CXR lexicon ontology.
Semantic Category Description and rationale In CheXpert
Technical assessment Describes the quality of the image and whether there is any resulting diagnostic limitations. For

example, ascertaining heart size abnormality is more difficult if the patient is “rotated” in the image.
No

View point E.g. AP, PA or lateral view. Some findings are better or only visible from a certain view. PA CXR
images are taken under more controlled conditions and tend to have better quality than AP images.
We categorized view point labels separately from technical assessment since this information is
inconsistently described in reports, but is available in structured DICOM meta-data.

No

Tubes and lines Special support devices (e.g. ij line, endotracheal tubes) that are placed inside patients for treatment
or monitoring purposes. Assessment of tubes and lines placement and ruling out placement related
complications (e.g. pneumothorax) are common reasons why CXRs are taken.

No

Tubes and lines finding Describes abnormal tubes and lines placement issues in CXR reports. No
Device Other medical devices visible in CXR images but where placement issues are irrelevant (e.g. ekg

leads and stickers). Devices are included if they might possibly affect the diagnostic quality of the
exam visually (e.g. by obscuring parts of anatomies).

No

Finding (anatomical) These labels contain terminologies used by radiologists when they more objectively describe what
they visually see in the imaging exam (e.g. lung opacity).

Yes

Disease Disease (or diagnosis) concepts tend to incorporate radiologists’ own clinical judgment, inference,
impressions or conclusions after incorporating additional knowledge (e.g. patient clinical infor-
mation, known prior studies, clinical experience) outside of what is objectively visible within the
particular CXR image. For the same CXR, different diseases (e.g. pneumonia, heart failure) can
be reported if the clinical setting or patient information is different.

No

Table 3: Semantic categories of CXR lexicons useful for context, pattern or anatomy recognition.
Semantic Category Description and rationale In CheXpert
Major structure Closely follows the recommended anatomical fields from the RSNA structured reporting template to

facilitate structured reporting.17
No

Subanatomy More granular location terminologies that radiologists use in reports to describe where the anatom-
ical abnormalities are seen. The subanatomy labels are grouped under the major structure labels to
delineate parent-to-child anatomical hierarchies.

No

Location Describes the placement locations of various tubes and line devices. No
Laterality Identifies whether a finding, disease, tubes and lines or device label is visually present on the left,

right or both sides (bilaterally) on the image.
No

NLP contexts Contain bottum-up curated terms useful for radiology reports specific context recognition. They help
identify whether the mentioned label is likely ”visually” present in the imaged. E.g. “no change in
opacity” does not imply negation of opacity. Terms for describing “normal” or “abnormal” anatomies
and other visual modifiers (e.g. uncertainty and severity) of findings are also in this semantic category.

No

We semantically differentiated between “observed” type concepts (a.k.a. labels) as “finding” labels and “inferred”
type concepts as “disease” labels. This helps distinguish which report derived labels may have more objective visual
signatures in images. Existing work from CheXpert has not made this distinction. However, this difference is clini-
cally important for automatic image labeling with radiology reports. Report language contains both what radiologists
visually observed in images and what they inferred from that observation with additional clinical knowledge outside
the image. For example, “lung opacity” is the most objective observation, “consolidation” is often used to describe an
opacity that possibly look like a pneumonia, and “pneumonia” is most clearly a clinical inference (disease diagnosis)
based also on knowing that the patient has a fever and cough, etc. However, that opacity might also be documented as
some other disease processes (e.g. fluid overload/heart failure) if the clinical information had been different.

Lastly, to support structured label extraction, we organized and related every finding and disease labels to the anatom-
ical structure labels that they can be expected to be found in. The tubes and lines related labels are related to the
location labels for placement extraction. For example, “consolidation” is a finding in the “lungs” (major structure),
and tip of a “IJ line” can be described to be found in the “svc”, ”cavoatrial junction”, “right atrium”, “brachiocephalic
vein” and “internal jugular vein”, etc. For ease of working closely with the clinical experts, we represented the curated
CXR lexicon ontology in a flat tabular format, where each column have pre-specified relations to other columns.

III. Study objectives and setup for comparing CXR label coverage and report understanding
In this study, we demonstrate the breadth of label coverage of our systematically curated CXR lexicon ontology for
concepts in free text CXR reports. We compare this to the extraction results from the most commonly used CXR
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labeling ontology and NLP pipeline, CheXpert, in the medical computer vision community.

A clinical knowledge driven, simple NLP pipeline:
Firstly, we need to establish that the simple rule-based NLP pipeline we developed with the CXR lexicon ontology
performs comparably with CheXpert’s so that we can more accurately compare our labeling output against existing
CheXpert’s based on vocabulary differences. CheXpert’s NLP pipeline was written with some crafted rules around
its vocabulary and labels, which means we cannot simply substitute our vocabulary in CheXpert’s pipeline without
affecting its performance. We illustrate below (Figure 2) the steps implemented in our NLP pipeline.

Figure 2: A simple rule-based NLP pipeline that utilizes the CXR lexicon ontology.

Labeled output comparison with CheXpert’s pipeline:
Secondly, we aim to understand the extraction results gained from additional vocabulary, as compared with only the
CheXpert vocabulary. For this, we first mapped the relevant CXR lexicon labels we curated to the 13 of the existing
CheXpert labels by using their phrasal grouping definitions (Table 4). The “no finding” CheXpert label is dropped
in this analysis since it is a less meaningful catch-“most other”-label. Since some CheXpert label definitions are very
high in our ontological hierarchy (e.g. support devices, fracture), we included all the relevant child labels that would be
extracted from our pipeline. We then ran the original CheXpert pipeline through NegBio on the same set of tokenized
(and quality checked) sentences to generate the results on their 13 labels for comparison. The common sentences
removes any sentence tokenization error as a variable.

Lastly, we will demonstrate additional label coverage/distribution, semantic richness, and added anatomical structuring
use case by labeling with the CXR lexicon ontology (without mapping to CheXpert’s labels).

IV. CXR report datasets

Dataset for CXR vocabulary curation:
We queried 200,000 de-identified CXR reports from the “noteevents” table in the MIMIC-III dataset for vocabulary
curation and CXR lexicon ontology development. MIMIC-III is a restricted access Intensive Care Unit dataset sourced
from one tertiary Boston Hospital.24 We picked this corpus for its accessibility and range of reporting practice from
different hospital departments over 10 years.

Datasets for establishing our NLP pipeline’s label extraction performance:
1. 500 Indiana Hospital CXR reports2 - Random 500 out of 3851 unique Indiana CXR reports were dual annotated
to evaluate the precision, recall and F-1 scores for all the CXR relevant labels described in this set of 500 reports
(83 specifically mentioned and 47 normal/abnormal anatomy labels). Spotted label trigger phrases are marked where
possible and all sentences are reviewed twice, for correctness of context detection (negation or affirmation by non-MD
and MD), radiology semantics (MD) and to assess recall. Disagreements are resolved by a third annotator (MD).

2. 3000 NIH CXR reports - 3000 Anterior-Posterior (AP) CXR images sampled from the NIH Chest-Xray8 dataset3

were internally de-novo reported by crowd-sourced radiologists. All 3000 free text reports are single annotated (non-
MDs or MDs) to ground truth for 45 finding category labels.

Dataset for exploring coverage and statistics of extracted labels:
For reproducibility (we intend to open source the labeled dataset), we ran our CXR labeling pipeline on the Indiana
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Hospital CXR dataset, which has 3851 unique de-identified free text CXR reports, available from the Open-i website.2

Ethical statement: All the report datasets used in our study are de-identified or never had been identifiable. For
access to the MIMIC datasets, all authors completed required HIPPA training and individually obtained dataset access.

Table 4: Mapping between CheXpert’s labels and CXR lexicon ontology
CheXpert label CXR lexicon label CXR lexicon labels

(Same level/meaning) (Related by how CheXpert groups/uses its phrases)
Support devices device present ekg leads and stickers, other external medical devices, cardiac pacer and wires, msk

or spinal hardware, other internal post-surgical material, sternotomy wires, tubes or
lines present (nos), central venous line (not otherwise specified), chest port, dialy-
sis/pheresis line, ij line, picc, subclavian line, swan-ganz catheter, chest tube, medi-
astinal drain, pigtail catheter, enteric tube, endotracheal tube, tracheostomy tube

Pleural effusion pleural effusion
Pleural Other pleural/parenchymal scarring
Edema pulmonary edema/hazy opacity vascular congestion, fluid overload/heart failure
Consolidation consolidation
Lung Opacity not otherwise specified opacity infiltration, increased reticular markings/ild pattern,

(pleural/parenchymal opacity) pleural/parenchymal scarring
Atelectasis linear/patchy atelectasis lobar/segmental collapse
Enlarged mediastinal widening
cardiomediastinum
Lung lesion mass/nodule multiple masses/nodules, cavitary mass/nodule’

(not otherwise specified)
Pneumonia pneumonia
Cardiomegaly enlarged cardiac silhouette
Fracture fracture new fractures, old fractures, rib fracture, spinal fracture, clavicle fracture, humerus

fracture, scapula fracture, sternal fracture
Pneumothorax pneumothorax hydropneumothorax (CheXpert does partial matching so treats this finding the same

as pneumothorax)

RESULTS
I. Contribution to CXR report labeling vocabulary and ontology
Overall, the CXR lexicon ontology’s largest contribution is having added 27 labels for identifying different devices or
tubes and lines, and 26 labels describing technical assessment problems. These are areas missing or poorly covered
by CheXpert. Compared to the CheXpert baseline (13 comparable CXR concepts, 93 associated unique phrases and
15 relations), we identified 329 unique CXR concepts described in CXR reports, 8752 associated unique raw phrases
(1792 unique phrases after removing partial matches), 12 semantic categories and 408 ontological relations from this
process. The curation process took 3 experts (2 radiologists and 1 clinician) two weeks to complete (part time). All
the accepted phrases for each lexicon have been validated by both radiologists through the DLA tool interface.

Figure 3: Comparison of curated vocabulary against 13 CheXpert labels according to CheXpert’s phrases grouping definition
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Figure 4: Label detection using different vocabularies on Indiana Hospital CXR Dataset. Mentioned (top-left), affirmative (top-
right), negated (bottom-left) and uncertain (bottom-right) cases that are extracted from reports.

Our experts accepted many additional terms proposed by the DLA tool, many of which have partial matches in CheX-
pert’s vocabulary. However, the longer phrases in the curated vocabulary tend to be more visually descriptive of the
target finding. For example, “infiltrate” alone is less specific than “alveolar infiltrate” and “interstitial infiltrate”, which
denotes different visual finding labels so were grouped under different lexicons. Therefore, we did not remove lexical
redundancies in the rich vocabularies that the radiologists deemed relevant to include for each lexicon. However, for
comparison purposes, we show the actual number of phrases for each of the label (compared at the CheXpert level)
that are not partial matches of each other, as well as all the additional phrases that the curation process have added to
existing knowledge as compared to CheXpert (Figure 3).

II. Briefly: CXR label detection performance via a simple NLP pipeline
We assessed the affirmation and negation performance for the NLP pipeline used for comparison with CheXpert’s
labeling coverage in following sections. A snapshot of our results (Table 5) are calculated on two ground truth datasets
as described in methods section. More detailed per label F-1 score data is presented for the Indiana report dataset in
later section (Figure 5). Overall, the simple NLP pipeline achieved > 90% average precision and recall over a large
set of target labels. The 45 labels evaluated for the NIH reports are all finding semantic labels, where straight forward
spotting of phrases in the CXR lexicon ontology followed by negation worked well (average precision 99.00%, recall
96.37%). The 83 specifically mentioned labels for Indiana also includes technical assessment and detailed tubes and
lines placement labels, which are harder to detect without more complex pattern recognition.

Table 5: Negation detection performance of a simple NLP pipeline using CXR lexicon ontology.
Dataset Number and types of labels validated Average precision Average recall
Indiana (500 reports) 83 specifically mentioned labels 94.87% 93.83%

47 abnormal/normal anatomy description labels 99.51% 92.63%
NIH (3000 reports) 45 specifically mentioned finding labels 99.00% 96.37%

III. Comparing extracted label results using CheXpert’s label definitions
To assess whether and how much additional extractions our CXR lexicon vocabulary adds to labeling CXR images
from reports, we compare the extracted output with the CheXpert vocabulary alone and with added bottom-up curated
vocabulary. For label mapping and rationale, see methods (Table 4).
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Figure 5: Label detection using CXR lexicon ontology on Indiana Hospital CXR Dataset. Top and middle figures, x-axis labels
blue if covered by CheXpert. Middle and bottom figures, bars color-coded for each label’s F-1 scores (on 500 reports). Bottom
figure, axis label name is black if label is affirmative, or red if label is negated.
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Overall, the added vocabulary did increase the number of mentioned detection for most of the labels (Figure 4), though
to varying amount, which should still help reduce the problem of missing data in the final labeled dataset for imaging
classifier training. In addition, the increase detection did not come at the expense of per label accuracy (Figure 5).
The only label that did not have improved detection is “enlarged cardiomediastinum”. Reviewing the CheXpert NLP
pipeline, we found that almost all its hand-crafted rules deal with extracting negated and uncertain cases for this label.
The affirmed cases of “enlarged cardiomediastinum” typically only mean that the “cardiomediastinum” anatomy has
been mentioned, which by itself does not entail the abnormality described by the label name, “enlarged cardiomedi-
astinum”. This suggests there are some semantic inconsistency in CheXpert’s vocabulary.

IV. Additional report insight gained with granular CXR labels and radiologic-specific semantic grouping
We used the CXR lexicon ontology and our NLP pipeline to label the whole Indiana Hospital CXR report dataset and
show the prevalence statistics for the most common and clinically important CXR labels extracted. The semantically
categorized results show a complex label landscape that radiologists describe in CXR reports.(Figure 5, top graph)

Overall, we show a fuller spectrum of different labels useful for reporting extracted using the CXR lexicon ontology
(Figure 5, middle & bottom) compared to baseline. In addition, for CXR reporting, it is also key for radiologists to doc-
ument whether various anatomies are observed to be normal or not (Figure 5, bottom graph). Therefore, besides labels
that specifically name the abnormalities (Figure 5, middle graph), label patterns that describe normality/abnormality
of key anatomies are also important for producing anatomy descriptors to train an automated system.

Finally, we attempt to illustrate some clinically known correlations between selected finding labels and labels from
other semantic categories (disease, technical assessment and tubes and lines). E.g. Low lung volume (e.g. from poor
technique) can be associated with description of vascular congestion lung appearance in CXRs (Figure 6). Addition-
ally, as color-coded in the same figure, all labels extracted with the CXR lexicon ontology can be related to one or
more key major structure concept (e.g. “consolidation” [is a] “finding” of the “lungs” “major structure”). Since the
major structure concepts followed the structured reporting template for CXRs from RSNA,17 the labels extracted (and
their source sentences) can be categorized into to these structured reporting fields.

Figure 6: Correlation heatmap for selected labels. X-axis has finding labels for: lungs (blue), pleura (black), mediastinum (red),
bones (blue), other (brown). Y-axis has labels for tubes and lines (black), technical assessment (purple), disease (red).

DISCUSSION
The systematic methodology presented utilized a human-in-the-loop NLP tool for the bottom-up curation of a domain-
specific ontology for structuring CXR reports. The approach has the advantage of harnessing unsupervised NLP
techniques to suggest candidate vocabulary that may not have been considered by human domain experts, whilst having
the experts in the loop to make sure only good vocabulary for the task get included. In particular, by purposefully
starting with a broader vocabulary inclusion criteria then grouping to finer concepts (which also helps in qualitatively
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educating the domain experts on what actually get described in real-life reports), we aimed to execute a less biased
bottom-up curation process. However, a current limitation of our current work is lack of wider validation of the
ontology by the fuller radiology community. For this reason, we hope to contribute the CXR lexicon ontology we
curated to the community (pending on internal legal approvals) to facilitate wider expert validation and improvement.

CONCLUSION

A rich CXR lexicon ontology was efficiently constructed within two weeks with a human-in-the-loop NLP tool, where
3 domain experts curated 329 report concepts (over 23 times more than baseline), 8752 unique raw phrases, 12 seman-
tic categories, and 408 relations. We show that with a robust context detection vocabulary and richness of recognizable
concepts, even a simple NLP pipeline can extract a rich set of clinically reliable labels (average recall and precision
> 90% on two datasets) for training supervised report generation imaging networks. The process allows the experts
to semantically group and anatomically organize labels, contributing to a better understanding of CXR language and
reporting needs. Further work is needed to evaluate whether introducing expert knowledge into labeling datasets can
indeed train more reliable report generation systems than the existing CNN-RNN based networks.
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Abstract

Thought disorder (TD) as reflected in incoherent speech is a cardinal symptom of schizophrenia and related disorders.
Quantification of the degree of TD can inform diagnosis, monitoring, and timely intervention. Consequently, there has
been an interest in applying methods of distributional semantics to quantify incoherence of spoken language. Prior
studies have generally involved few participants and utilized speech data collected in on-site structured interviews. In
this paper we conduct a comprehensive evaluation of approaches to quantify incoherence using distributional seman-
tics, including a novel variant that measures the global coherence of text. This evaluation is conducted in the context
of “audio diaries” collected from participants experiencing auditory verbal hallucinations using a smartphone appli-
cation. Results reveal our novel global coherence metric using the centroid (weighted vector average) outperforms
established approaches in their agreement with human annotators, supporting their preferential use in the context of
short recordings of unstructured and largely spontaneous speech.

Introduction

Coherent discourse is characterized by an orderly and interconnected flow of ideas, and coherence has been defined
as the “semantic similarity” between these ideas in previous work1. In psychiatry, speech in which it is difficult
to perceive such connections is thought to reflect a type of underlying thought disorder (TD), which has long been
recognized as an important diagnostic feature of schizophrenia in particular2,3,4. Schizophrenia is a serious mental
illness that has an estimated prevalence of 4.6 per 1000 persons5. It has been shown that patients with schizophrenia
have worse quality of life than the general population and other physically ill patients6. TD in particular has been
shown to strongly correlate with the impairment of work performance7 and poor functionality in the community8.
Therefore, quantifying TD is important for schizophrenia prognosis9, as well as for diagnosis4 which is clinically
important because early detection allows for timely intervention to mitigate the condition10.

TD manifests as abnormalities in speech pattern, ranging from loose association of contents (derailment) to entirely
incomprehensible speech11. Traditionally, TD is evaluated clinically, but it can also be more objectively measured
by certain scoring constructs such as a self-reporting scales12 and clinically administered rating scales13,14. However,
inherent problems are associated with these scale measures: self-scoring measures lack the identification of objective
symptoms associated with TD; while the administration of clinical scales is time-consuming, requires specific training
and expertise, and even when used regularly can only provide intermittent measures during office visits. To address
these issues, there is a burgeoning interest in the development and evaluation of automated methods to quantify TD by
measuring coherence of speech1,15,16,17. Motivated by prior work on automated assessment of the coherence of written
text18, Latent Semantic Analysis (LSA)19,20 has been a prominent component of efforts to quantify speech coherence
using automated metrics1,15. LSA is a method of distributional semantics (for reviews see21,22) that represents semantic
units (words, paragraphs, or sentences) as vectors that capture patterns of co-occurrence across a large text corpus.
Words that occur in similar documents will have similar vectors, which can be used to compose representations of
larger text units. The semantic similarity of such units is then estimated by calculating the cosine of the angle between
their vector representations. Coherence can thus be quantified by the semantic similarity between consecutive units1,18.

Previous work has demonstrated the utility of LSA-based metrics as a means to estimate the coherence of speech in the
context of psychotic-spectrum disorders. The automated coherence estimates resulting from this work correspond well
to clinical assessment of the degree of TD using a standardized instrument1; have been used to distinguish between
transcribed speech samples produced by patients with schizophrenia, their family members and healthy controls23; and
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provide a key feature for machine learning methods used to predict the onset of psychosis in high-risk subjects15,16.
Although these studies provide insight into the utility of quantifying speech coherence, they share some limitations.
First, they have a limited participant pool size and are confined to experimental rather than naturalistic settings. When
considering the seminal studies establishing the validity of LSA-based coherence metrics1 and their utility as features
for prediction of the onset of psychosis15, both have under 40 participants whose speech samples were collected in a
research setting and elicited using either extended clinical interviews or tasks such as story-telling selected on account
of their perceived utility as a means to reveal TD. Smaller participants pools may lead to undercoverage bias, with
exclusion of certain case variants, as may be indicated by a substantial drop in the performance of machine-learning
approaches to the prediction of psychosis onset when evaluated with a larger sample16 (although accuracy nonetheless
remained promising at ≈80% even when generalizing across sample populations). With respect to experimental
setting, while evaluation under controlled conditions using standardized tasks or extended interviews has advanced
the science of automated measures of coherence considerably, the translational impact of these methods is contingent
upon their being readily deployable under naturalistic conditions, such that they can capture fluctuation in symptom
severity without the need for additional clinic visits.

Additionally, and of particular importance to the current work, the usage of LSA in previous studies focuses exclusively
on semantic similarity between juxtaposed units. This includes both comparison of the subsequent units (termed “first
order” coherence15) and comparison of gapped units with an intervening unit in between (“second order” coherence15).
For example, in the 3-word “w1 w2 w3” sequence, word-based variants using first order coherence will compare
w1 : w2 and w2 : w3 for coherence calculation, whereas the second order coherence calculation will compare w1 :
w3. This method may capture local coherence characteristics but it does not consider coherence globally and global
coherence - the ability to sustain a topic throughout spoken discourse - is an important consideration for normal
speech capabilities24. This is a somewhat surprising omission given that the vector average or centroid of words
in a document has been used to represent larger units of text with LSA since the method was first introduced for
information retrieval19, and provides a convenient geometric approximation of the central topic of a document that
could also be used to estimate global coherence. Finally, previous studies usually focus on one semantic unit of either
words or phrases for coherence analysis, without systematic comparison of the utility of different semantic units as
a basis for LSA-derived estimates of coherence. A comprehensive analysis using words, phrases, and sentences may
provide much-needed guidance to modelers as to which unit type best supports distributional estimates of coherence.

In this study, we aim to address these issues, while presenting and evaluating a novel approach to quantify global
speech coherence. To overcome the limitation of participant pool size and address the need to estimate coherence
in naturalistic settings, we evaluate our methods in the context of speech samples from a smartphone application
that collects “audio diaries” describing participant experiences of auditory verbal hallucinations (AVH) recorded in
naturalistic environments. AVH, like TD, are an important diagnostic consideration in schizophrenia and may be
caused by the disordered monitoring of inner speech25. The sample collection process did not involve structured
questions, and the recordings were limited to three minutes in duration, which enhances the scalability of the data
collection procedure. However distributional semantics based estimates of coherence have yet to be validated in the
context of relatively unstructured speech samples of this length. The speech samples used in the current study were
collected using this smartphone application from more than 150 participants, with the potential to scale to much larger
participant pools. As such, validation of coherence metrics in the context of these data would provide a solution to the
scalability limitations inherent in laboratory-based evaluations using lengthy interviews or structured instruments that
require specialized expertise to use. To analyze transcribed speech samples for their coherence, we evaluated a range
of established and novel distributional semantics based approaches that collectively not only compare consecutive
semantic units, but also compute a mean vector (the centroid) to estimate global coherence. We also explored the
utility of different semantic units by conducting a comprehensive analysis comparing them. The coherence scores
generated by each approach were compared to human annotations for validation and comparative evaluation.

Method

Participants: Data were obtained from a study of participant experience of AVH, which uses a smartphone platform
to capture a range of ecological momentary assessment and sensor-derived variables. The study was approved by
the institutional review boards at the University of Washington and Dartmouth College. Participants experiencing
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Table 1: Characteristics of participant pool.

Gender Number Percentage Age Number Percentage
Male 56 39.4% 19-29 24 16.9%

Female 82 57.8% 30-39 52 36.7%
Transgender (MTF) 3 2.1% 40-49 37 26.1%
Transgender (FTM) 1 0.7% >=50 29 20.4%

AVH were recruited via both in-person and online means. Informed consents from participants were obtained through
a rigorous procedure involving triple confirmations from a screening questionnaire. All participants were asked to
install a mobile application, which had the capability of recording and uploading audio diaries, and were prompted
to describe their experiences of AVH, as well as anything else they would like to share or think it would be helpful
for the research team to know, with prompts for audio diaries following the collection of other data, and the option
to record an entry directly on demand. Although no monetary incentives were offered for the audio diary component,
most participants submitted their recorded audio diaries. We used data collected up to October 18th 2019, consisting
of 1868 recordings from 202 users. As short recordings seldom contained interpretable language, we restricted this
set to recordings of length 30 seconds or more (maximum three minutes), leaving 909 recordings from 154 users.
We randomly sampled up to three recordings per user, leaving 355 recordings which were professionally transcribed.
After manual inspection, we retained 310 transcripts with interpretable content, covering 142 participants (Table 1).

Transcripts: Each transcript was labeled by two human annotators with a score between 0 and 4 to indicate the degree
of derailment, which is an indicator of TD4,26, and was selected as a construct for the current study because it does
not concern deviation from the topic of a question, and audio diary prompts were open-ended in nature. Annotation
was guided by the definitions and training materials for the Thought and Language Disorder (TALD) rating scale14,
a validated instrument for the assessment of TD. A score of 0 indicates that derailment is not present. A score of 4
indicates that speech is incomprehensible. Scores from 1 to 3 represent intermediate degrees of derailment, in which
the connections between sentences grow less recognizable as the score increases. The raters each rated all transcripts.
Any transcripts with a disagreement of two or more units on the scale (n=22) were re-evaluated independently, to reach
a quadratically-weighted Kappa of 0.71. Note that quadratically-weighted Kappa scores penalize larger differences
between scale categories more than smaller ones, which we deemed appropriate given the subtle distinctions between
neighboring TALD categories. The average score of the two raters for each transcript was calculated to be used for
further analysis. Table 2 shows the number of transcripts by average rater score.

Preprocessing: Transcripts were pre-processed by stop-word removal and term tokenization. Stop-words are filler
words with little or no semantic content (such as “a”, “the”, and “on”). These words were defined by the stopword list
distributed with the natural language tool kit (NLTK27), an open source tool, and their occurrences were removed from
the transcripts to reduce noise. Tokenization is a process of extracting semantic units from documents so that they
can be represented by vectors for similarity comparison. For example, a word tokenizer extracts individual words
from a document while maintaining their sequential order. In this study, because we were interested in conducting
a comprehensive analysis of various semantic units, we tokenized the transcripts into three different units: words,
noun phrases and sentences. The word and sentence tokenizations were performed using the NLTK word and sentence
tokenizers. The noun-phrase tokenization involved a different tool, textblob28, which is also publicly available.

Semantic vectors (word embeddings): Most previous work modeling coherence using distributional semantics has
employed LSA20,18 to generate semantic vectors for words (see for example1,15,16,23). LSA creates vectors based on
the distributional statistics of words in a corpus (usually the Touchstone Applied Science Associates (TASA) corpus,
which was used in these previous studies1,15,16,23). However, neural word embeddings, distributed representations of
words derived from neural networks trained to predict words in proximity to an observed word (such as the popular
skipgram and continuous bag of words architecture29 embodied in the widely used word2vec30 and fastText31

software packages), have been shown to outperform matrix decomposition-based approaches like LSA32, especially
on novel tasks involving solving proportional analogy problems using geometric operators33. While some of these
improvements in performance have subsequently been shown to be contingent upon the selection of task-specific
optimized hyperparameters34, it remains true that the efficient algorithms used to train neural embeddings allow for
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Table 2: Transcripts by mean rater score. Line ruled between 2.5 and 3 indicates categorization threshold.

Score (x̄) Number Percentage TALD category (paraphrased and abridged)
0 35 11.29% not present: no derailment
0.5 62 20.00%
1 93 30.00% doubtful: connections still obvious
1.5 53 17.10%
2 24 7.74% moderate: sometimes disconnected from prior speech
2.5 25 8.06%
3 8 2.58% severe: no meaningful connection between ideas
3.5 8 2.58%
4 2 0.65% extreme: interview is incomprehensible
Total 310 100.00%

training on much larger corpora in a relatively short time. Neural word embeddings have received little attention in
related work on quantifying coherence, except in a recent study35, where neural embeddings performed better than
LSA in distinguishing participants with schizophrenia from controls in some experiments. Thus, in this study, neural
embedding was used as a technique to generate the vector space for automated analysis of the transcripts. Publicly
available fastText pre-trained word embeddings36 were selected for this study. These vectors were trained on a
large corpus derived from Common Crawl37, comprised of approximately 600 billion word-level tokens, as compared
with approximately 12 million in the TASA corpus, and without the use of subword embeddings.

While we used the aforementioned fastText-derived space for the majority of our experiments, we used four addi-
tional vector spaces - two Wikipedia-derived, and two trained on the TASA corpus - to evaluate two methodological
variants applied in prior studies. Firstly, the utility of lemmatization of words was evaluated as this has been used
in prior work on coherence15. Lemmatization refers to the process of reducing various forms of a word to a canon-
ical form, for example converting “does”, “did”, “doing” and “done” to “do”. Lemmatization has been used as a
normalization procedure to accommodate morphological variants in distributional semantics22. For the purpose of
comparison, we trained neural word embeddings using the open source Gensim38,39 implementation of the skipgram-
with-negative-sampling algorithm40 (which is also a component of word2vec and fastText), to generate a vector
space from lemmatized and non-lemmatized versions of a Wikipedia-derived corpus. We generated a 100-dimensional
vector space without imposing frequency thresholds (i.e. including all terms), using a window size of 5, a subsampling
threshold of 10−3 and five iterations of training across the corpus. The transcripts were also lemmatized when using
the vectors trained on the lemmatized corpus. In addition, we trained word vectors on the TASA corpus using both
LSA and neural word embeddings, both using Semantic Vectors41 which implements a number of distributional
semantics algorithms in a manner conducive to comparative evaluation (e.g. with consistent pre-processing). Both
spaces were 300-dimensional. With LSA we used log-entropy weighting of terms. Neural embeddings were trained
using the skipgram-with negative sampling algorithm with five negative samples per observed term, a subsampling
threshold of 10−3, and ten iterations of training across the corpus. For both models we excluded terms that occurred
fewer than five times or more than 15,000 times. The latter constraint approximates a stopword list, which in our
experience is important for the quality of LSA vectors in particular.

Semantic units: One goal of the current work was to conduct a comprehensive analysis of the utility of modeling
coherence using differently sized semantic units. The semantic units considered in this study were words, noun
phrases, and sentences. Words as a unit are straightforward, in that individual embeddings can be retrieved directly
from the lookup table of a vector space. For noun phrases, once extracted from documents using textblob, vectors
were calculated by summing the vectors of individual words that composed a phrase. Similarly, a sentence vector was
also calculated by summing of vectors representing component words. We explored one additional sentence vector
variant by multiplying each component word vector by the relevant word’s inverse document frequency (IDF)42. The
IDF of a word is derived from the total number of documents N , and the number of documents that contain the word
of interest n as logN

n . The higher the IDF, the rarer the word, and it has been argued on theoretical grounds that IDF
is an optimal measure of a word’s importance for information retrieval43. The IDF of each word was obtained from
distributional statistics derived from the Wikipedia corpus, and used to scale each corresponding word vector before
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Figure 1: Vector computation comparison: suppose a transcript is tokenized into three units, which are then repre-
sented by vectors V1, V2, and V3. The coherence metrics will be calculated as shown above.

summation. In all cases, the resulting vectors were normalized to unit length.

Centroid-derived metrics: In addition to implementing previously developed methods involving computing the vec-
tor similarity between consecutive (or “gapped”) units, we also developed and evaluated a novel method of estimating
global coherence. For this method, we computed each vector’s similarity to the mean vector, or centroid, of a transcript.
Similarity was calculated as the cosine of the angle between two vectors - one representing the centroid and the other
representing a semantic unit - with the centroid calculated as the vector average of the individual unit vectors. The
idea underlying this approach is that the dispersion of units from the centroid gives a measure of the extent to which
they diverge in meaning from the central topic of a transcript. As this central topic may evolve as speech proceeds, we
also developed and evaluated a cumulative centroid coherence metric where centroid of a document changes as more
vectors are considered in sequence. The cumulative centroid is therefore sensitive to the position of each semantic unit
within the document, and measures whether what has been said is consistent with what was said previously.

Aggregation: The sequential, gap, centroid and cumulative centroid metrics were then applied to words (all metrics),
noun phrases and sentences (sequential and centroid metrics only) with and without IDF weighting for a total of
13 coherence metrics. Each metric produces a series of similarity calculations, one for each comparison it makes.
For example, the sequential word-level metric produces a cosine value for each pair of neighboring words, and the
centroid-based metrics produce a cosine value for the comparison between each independent unit and the centroid.
Thus, the output for every metric was an array of cosine values. We then calculated the minimum and mean value
of the array to evaluate their utility as transcript-level coherence scores. Our motivation for doing so was that previous
studies suggested the minimum and mean of the cosine array were effective in representing coherence15.

Evaluation: For each of the metrics, an area under the curve (AUC) of a receiver operating characteristic (ROC)
curve was calculated, using 1 - the coherence score of a transcript t (1− coherence(t)) as an estimate of incoherence,
and comparison against average human annotations with derailment score >=3 labeled 1, and derailment score < 3
labeled 0. Our choice of this threshold was motivated by the immediate clinical implications of severe to extreme
degrees of TD, and the likely utility of a downstream application that could detect deterioration to this point. The
coherence metrics’ performance was further evaluated by computing their Spearman Rho correlation coefficient with
the average of the scores assigned by human annotators. The Spearman Rho correlation is a ranked-based correlation
metric that evaluates the monotonic relationship between two continuous or ordinal variables. Consequently, the
Spearman Rho does not require that the two variables under consideration change together in a linear fashion, which
makes it a suitable metric to evaluate the relationship between automatically generated coherence scores and human
ratings. We measured the correlation between the average human rating and 1 − coherence(t) for each method.

Results

Aggregation: The mean and minimum aggregation methods were evaluated by comparing the number of coherence
metrics that performed best in terms of ROC curve AUC and Spearman correlation with each method. With ROC
curve AUC, nine out of thirteen coherence metrics performed better when summarized by the minimum method.
The 4 exceptions were the centroid metric at phrase level and the cumulative centroid metric at word, phrase, and
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weighted sentence levels. With Spearman correlation, the mean performed better than the minimum for only two of
thirteen coherence metrics: centroid and cumulative centroid both at phrase level. Because of the generally better
performance of the minimum, we report results with this approach to aggregation for the remainder of the paper.

Coherence metrics: The results of our experiments comparing coherence metrics are shown in Table 3. Across both
metrics (AUC and Spearman RhO) and all unit types, the best-performing metric is always one of the centroid variants,
with the cumulative centroid (CTRDcuml) predominating in two of the eight configurations, the static centroid
(CTRDstat) variant predominating in three, and these two metrics tied for best performance in the remaining three.
The sentence level sequential (SEQ) model performs well with respect to AUC, but relatively poorly when consid-
ering correlation, suggesting that it is effective in identifying severe TD, but less well equipped to identify subtler
manifestations of this condition. IDF weighting did not improve sentence vector performance.

Table 3: ROC Curve AUC (left) and Spearman Rho (right) for each of the metrics. Boldface indicates best per-
formance across models, and underscored text indicates best performance across unit types. SEQ : sequential,
GAP :gapped, CTRDstat and CTRDcuml : static and cumulative variants of the centroid respectively.

AUC Spearman Rho
SEQ GAP CTRDstat CTRDcuml SEQ GAP CTRDstat CTRDcuml

Word 0.67 0.55 0.70 0.68 Word 0.21 0.26 0.50 0.51
Noun-phrase 0.69 - 0.78 0.77 Noun-phrase 0.38 - 0.49 0.50

Sentence 0.83 - 0.84 0.83 Sentence 0.26 - 0.44 0.44
Sentence with IDF 0.74 - 0.76 0.76 Sentence with IDF 0.21 - 0.41 0.41

Lemmatization: Out of thirteen coherence metrics, only two performed better with the vectors trained on the lemma-
tized Wikipedia corpus: the centroid and cumulative centroid at phrase level. The performance of the remaining
eleven metrics with vectors trained on the original unlemmatized Wikipedia corpus was better in terms of the AUC of
the ROC curve. The Spearman Rho coefficient revealed a different ratio of eight to five (instead of 11:2), but the orig-
inal wikipedia-trained vectors still predominated over those trained on a lemmatized corpus. The five exceptions were
sequential at phrase level, centroid at phrase, sentence and weighted sentence level, and cumulative centroid at
weighted sentence level. Overall, lemmatization did not improve performance on the task of quantifying coherence.

Distributional models: To evaluate the influence of the underlying method of distributional semantics, LSA (a matrix-
decomposition-based method) and skipgram-with-negative sampling (SGNS) (a neural network based method) were
compared. Both models were trained on the TASA corpus. Of thirteen coherence metrics, nine performed better when
implemented with LSA vectors in terms of ROC AUC. The four exceptions were sequential and cumulative centroid
at word level and centroid and cumulative centroid at phrase level. Similar results were observed with Spearman
correlation, aside from that instead of sequential at word level, it was sequential at phrase level where SGNS per-
formed better. These results show LSA outperforming neural embeddings when trained on a relatively small corpus,
a finding consistent with previous research44. However, we note that the performance of either TASA-trained space
in the majority of metrics was exceeded by the performance of models using neural embeddings trained on Com-
mon Crawl. Thus, while LSA appears to offer advantages when restricted to smaller corpora, the capacity of neural
embedding models to scale to much larger corpora appears advantageous for automated estimates of coherence.

Discussion

In this paper we present a comprehensive study of automated methods of measuring speech coherence in the con-
text of transcripts of short (≤3 minutes) responses to an open-ended prompt. When evaluated for their agreement
with human annotators, our results show strong performance for two novel coherence metrics: the centroid and
cumulative centroid. When considering the consistency with speech coherence level rated by humans, the two novel
metrics outperformed the established sequential and gap metrics of coherence in terms of both their ability to detect
severe cases (as estimated by the AUC of the ROC curve) and their correlation with average annotator scores across
all categories of severity (as estimated by the Spearman Rho coefficient). This observation holds true for all semantic
units considered in this study: words, noun phrases, sentences and IDF-weighted sentences. For detection of severe
cases, the best performing metric of coherence is the centroid, while the cumulative centroid performed slightly
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better with respect to overall correlation. The centroid measure attained a AUC of the ROC curve above 0.7 for all
semantic unit types with some above 0.8. For overall correlation, this metric attained a Spearman Rho coefficient
larger than 0.4, with in some cases larger than 0.5. While not presented in detail on account of space constraints, we
note that the centroid-based methods performed best across all of the vector spaces generated during the course of this
research, whether derived from TASA, Wikipedia or Common Crawl, and irrespective of whether neural embeddings
or LSA were used. These findings suggest that in the context of short unstructured speech samples, coherence metrics
using distributional similarity perform better when modeling global coherence with a centroid vector.

When considering different semantic units, using a sentence as a unit performed best on the task of identifying severe
cases, with AUC values above 0.8. For overall correlation, using a word as a unit led to best performance with
centroid metrics, while noun phrase units performed best with the sequential metric. The disparity between these
findings may be due to the nature of the tasks concerned. The AUC measures the ability of the model to predict
positive cases at relatively low false positive rate, with “positive” in our case indicating severe derailment. Thus, the
AUC measure focuses on the coherence metric’s ability to identify severely incoherent speech. On the other hand, the
Spearman Rho coefficient is a rank-based correlation measure that takes into consideration all coherence categories.
It does not require the imposition of a dichotomous classification threshold like the AUC and thus, it measures the
overall prediction quality of the coherence metrics. Therefore, the sentence semantic unit appears best for identifying
severely incoherent cases, and word or phrase units appear best used to model subtler distinctions in coherence.

To focus on detection of manifestations of severe TD, we set a threshold at an average human rating of three to
calculate the AUC. However, detection of milder degrees of TD is also of interest, and previous work, albeit with a
different rating scale based on clinical observation rather than text, has employed a threshold of two on a five point
scale to identify TD1. To verify the consistency of our findings at a different threshold level, we also computed the
AUC of the ROC curve with threshold of two, with a more than threefold increase in the number of positive examples.
Our main findings were consistent at this threshold: the centroid measures still outperformed the sequential and gap
measures with every type of semantic unit. Of note, a difference is that the cumulative centroid measures now have
higher AUCs than their static counterpart (best AUC of 0.78 at phrase level), which is consistent with this metric’s
better performance for correlation across all levels of severity. The effects of aggregation on metrics of coherence
have rarely been explicitly compared. Bedi et al15 used the minimum aggregate as a predictor for a classification
model, whereas Elvevag et al1 used the mean aggregate to generate LSA-derived coherence scores. Experiments with
aggregates in this study suggest the minimum of a set of similarity values performs better than the mean in most
cases. The few exceptions are from the centroid metrics (best AUC of 0.83 for cumulative centroid at phrase level),
indicating the minimum aggregate does not impair performance of sequential or gap coherence metrics.

We also examined the effects of lemmatization of the corpus used to train word embeddings (as well as the transcripts
themselves). Our findings with word embedding methods suggest lemmatization does not improve the performance of
most coherence methods, which is consistent with previous work evaluating the utility of lemmatization for automated
grading of summaries for coherence 45. There is some degree of disparity between the AUC and Spearman Rho when
considering the ratios of number of best performing measures (unlemmatized:lemmatized - 11:2 for AUC, 8:5 for
Spearman Rho). However, this is likely due to the different aspects of performance these metrics focus on, as discussed
earlier. As coherence metrics without lemmatization generally outperform their lemmatized counterparts, the use of
lemmatization is not recommended. In addition, the comparison between LSA and neural word embeddings trained
on the TASA corpus found LSA vectors performed better with most coherence measures. This finding suggests that
neural embeddings are not inherently better than LSA for automated estimates of coherence. LSA remains an robust
alternative to generate word vectors, especially with a small corpus, which is consistent with prior work comparing
these models44. The main advantage of neural embeddings over LSA appears to be attributable to the availability of
neural embeddings trained on larger and more comprehensive corpora. This advantage was substantial with the best-
performing sentence-level centroid metrics where improvements in performance of ≈11% in AUC were observed
with the vectors trained on Common Crawl as compared with those trained on the TASA corpus.

A limitation of this study is that only one construct (i.e. derailment) was used to evaluate the degree of TD. As ar-
gued previously, we considered derailment to be the TD construct most applicable to the evaluation of responses to
open-ended prompts. Nonetheless, there are a number of other TD-related constructs that have yet to be modeled
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using centroid-based methods. These constructs include tangentiality, logorrhoea and poverty of speech14, which if
accurately recognized would result in a more granular automated system for the characterization of linguistic mani-
festations of disordered thinking. Cosine-based coherence metrics alone may be inadequate for this task; suggesting
a need to incorporate more automated measurements such as graph-based measures17 and measures considering ver-
bosity in relation to topical breadth46. However, this is beyond the scope of the current paper. In future work we
plan to evaluate the utility of the coherence measures from this study as features for predictive models of clinically
important outcomes, such as use of mental health services. Studies suggest that key differences between AVH patients
with and without the need for care include whether normal functioning is affected, and whether AVH content is neg-
ative47,48. The coherence metrics from this study may serve as a proxy for level of function as coherence of speech is
prerequisite to functional communication. Combining coherence with sentiment analysis to measure the negativity of
speech content may be of value in anticipating need for care. We also plan to develop automated models of emotional
content on account of the prevalence of TD and AVH in severe mood disorders49.

Conclusion

In this paper, we compared the performance of novel centroid-based estimates of speech coherence to established
sequential measures in the context of transcribed recordings of responses to an open-ended prompt. The novel meth-
ods agreed better with human annotation both for detection of severe cases, and in terms of overall coherence. In
addition, we evaluated a number of methodological alternatives, providing guidance for future efforts toward auto-
mated detection of linguistic manifestations of disordered thinking.
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Abstract

Recent research in predicting protein secondary structure populations (SSP) based on Nuclear Magnetic Resonance
(NMR) chemical shifts has helped quantitatively characterise the structural conformational properties of intrinsically
disordered proteins and regions (IDP/IDR). Different from protein secondary structure (SS) prediction, the SSP pre-
diction assumes a dynamic assignment of secondary structures that seem correlate with disordered states. In this
study, we designed a single-task deep learning framework to predict IDP/IDR and SSP respectively; and multitask
deep learning frameworks to allow quantitative predictions of IDP/IDR evidenced by the simultaneously predicted
SSP. According to independent test results, single-task deep learning models improve the prediction performance of
shallow models for SSP and IDP/IDR. Also, the prediction performance was further improved for IDP/IDR prediction
when SSP prediction was simultaneously predicted in multitask models. With p53 as a use case, we demonstrate how
predicted SSP is used to explain the IDP/IDR predictions for each functional region.

Introduction

According to the sequence-structure-function paradigm1, protein function has been closely associated with a unique,
well-defined three-dimensional structure. However, it is eluded by the discovery of intrinsically disordered proteins
and regions (IDP/IDR). It is experimentally difficult to characterize IDP/IDR since they do not show stable electron
densities in crystal structure analysis2. Various computational methods have been developed to predict IDP/IDR di-
rectly from amino acid (AA) sequences3–6. Among these methods, the δ2D method7 and the s2D methods8 took a
different perspective, characterising IDP/IDR in terms of their protein secondary structure populations (SSP) calcu-
lated from NMR chemical shifts. The former calculates the SSP directly from the six chemical shifts obtained from
NMR experiments; while the latter trained a machine learning model to automatically predict SSP from amino acid se-
quences, which is further used to characterise IDP/IDR. Several other works also explore the relation between protein
structure and NMR chemical shifts9–11.

Given the close correlation between SSP and IDP/IDR, we propose to predict the two properties directly from amino
acid sequences using multitask learning. We first designed a single-task deep learning framework for predicting SSP
and IDP/IDR, respectively, which are referred to as DEEPS2P-P and DEEPS2P-D. With DEEPS2P-P, we charac-
terised the secondary structure populations of ordered and disordered proteins and regions, from which we observed
the quantitative correlation between protein SSP and IDP/IDR. Based on this observation, we then designed the multi-
task frameworks for predicting SSP and IDP/IDR simultaneously, with hard parameter sharing and cross-stitch-based
soft parameter sharing; namely, MULTITASK-D and CROSS-STITCH-D, respectively.

The contribution of this paper is summarised as follows. Firstly, it achieved the state-of-the-art performance for SSP
prediction. Note that SSP prediction is different from protein secondary structure (SS) prediction because SSP models
are trained based on the population labels ranging from 0 to 1, while SS prediction models, either generating binary
outputs or probabilistic results, are trained on certain SS assignments represented as binary values. Secondly, it takes
the δ2D/s2D methods one step further to IDP/IDR prediction, filling the gap between IDP/IDR characterisation and
IDP/IDR prediction. A detailed comparison between the δ2D/s2D methods and our methods is demonstrated in Fig
1. Finally, for the first time, it automatically generates the quantitative correlation between two protein structural
prediction tasks, e.g. SSP prediction and IDP/IDR prediction in this paper. This feature of CROSS-STITCH-D can be
extended to the exploration of the quantitative correlation between any other pair of protein structural properties.
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Figure 1: Relation with the δ2D method and the s2D method.

Materials and methods
Datasets

Protein SSP prediction. The training dataset for SSP prediction was obtained from the s2D method8. It contains
2,671 proteins with 362,702 residues, among which 2,223 proteins were obtained from the BMRB database12 and the
remaining 448 proteins were obtained from the PDB database13 in form of X-ray structures. For independent tests,
we constructed a novel benchmark dataset, namely BMR2018, from the 12,018 entries of the latest BMRB database
(downloaded in March 2018). The following filtering procedure was applied. Firstly, we kept entries that have the
same experimental conditions described in the s2D method, i.e. with pH between 5.5 and 8 and with temperature
between 10 and 42 C. Secondly, we only kept the entries that have the sample type labelled as ‘solution’ and removed
any entry with amino acid ‘X’. Thirdly, we extracted the annotated values for the six backbone chemical shifts, e.g.
CA, CB, CO(C), N, HA, and HN, and removed entries that are lack of at least one of the six backbone chemical shifts.
Finally, we removed entries that appear in the s2D training dataset. To obtain the SSP annotation for each entry, we
used the δ2D method to generate the populations for helix, strands and coils from the extracted chemical shifts. Since
PSI-BLAST failed to find a matching hit for 1,009 of the 2,293 entries, we end up with a dataset of 1,284 BMR entries.
The resulting BMR2018 dataset represents the first independent test benchmark dataset for protein SSP prediction.

IDP/IDR prediction. The training dataset for IDP/IDR prediction was downloaded from the web server of SPINE-
D14. We performed 10-fold cross validation over the 4,229 proteins. For independent tests, we used the 117 targets in
the CASP9 benchmark15 and the 94 targets in the CASP10 banchmark16.

Feature calculation. For both SSP and IDP/IDR prediction, we calculated the position-specific scoring matrix
(PSSM)17 for each residue as the only source of information for prediction. Combined with the position and residue
type, the feature vector of each residue is composed of 23 real values, where the first value represents the position of
the residue in the protein sequence, the second value indicates the residue type ranging from -10.0 to 10.0, and the
remaining 21 values from the PSSM.

Deep learning framework for single tasks

The single-task frameworks for predicting SSP and IDP/IDR are essentially the same except for the different numbers
of units in the output layer and the use of different activation and loss functions. We refer to the general single-
task framework as DEEPS2P. It is designed based on the deep convolutional neural network (DCNN)18, a deep
feed-forward neural network where individual neurons in hidden layers are only connected with a restricted set of
neighbouring neurons in the previous layer.
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The DEEPS2P framework uses DCNN to sequentially label amino acid sequences, e.g. assigning a categorical or
numeric value for each residue in the amino acid sequence. Similar to any DCNN-based models, the DEEPS2P
framework is composed of an input layer, convolutional layers (with max-pooling layers), fully-connected layers and
an output layer. With convolutional layers and fully-connected layers designed the same with those in generic DCNN
architectures, the input layer and the output layer are designed specifically for protein sequence modelling, which are
described as follows,

• The input layer I: We used a sliding window of size L to extract the neighbouring residues of the target residue
rt (where t represents the position of the residue in the sequence). Therefore, the feature vectors of the sequence
segment rt−w. . . rt. . . rt+w of size L = 2 ∗ w + 1 were combined together to form an input vector vI of size
L×23, where 23 is the number of real values in the constructed feature vector. Correspondingly, the input layer
was designed to have L× 23 neurons distributed in two dimensions.

• The output layer O: For protein SSP prediction, this layer used three real-valued neurons representing the
populations of secondary structure elements: Helix (H), Strands (E) and Coil (C), with values ranging from 0 to
1. The outputs of H, E and C neurons were restricted so that they sum to 1. Accordingly, the sigmoid function
was used as the activation function and the mean squared error (MSE) as the loss function. For IDP/IDR
prediction, two binary neurons indicating the ordered/disordered states were added in the output layer. The
cross entropy (CE) was used as the loss function and the softmax function as the activation function.

The hard-parameter-sharing multitask deep learning framework

Based on the observation of the correlation between protein SSP and IDP/IDR8, we propose to combine the prediction
of these two into one multitask framework. Reviewing the design of DEEPS2P-P and DEEPS2P-D, the architectures
of their input layers and convolutional layers are very much the same. Therefore, it is straightforward to hard share
the weights in convolutional layers and split full-connected layers and output layers for task-specific weights.

Alternatively training was performed. Specifically, we trained the model with mini-batches acquired from the δ2D
dataset and the SPINE-D dataset in an alternate manner. For each mini-batch, only one loss function from MSE and
CE was used to optimise the model. As a result, the shared parameters in convolutional layers were updated in each
mini-batch, while the task-specific weights were only updated in alternate mini-batches for respective tasks.

The cross-stitch multitask deep learning framework

To automatically learn the quantitative correlation between SSP and IDP/IDR, we further explore the application of the
cross-stitch architecture19, a soft-parameter-sharing model where both tasks have their own neural network models.
Between corresponding layers in the two models, a cross-stitch unit is added to linearly combine the outputs of the
two hidden layers, producing inputs for their next hidden layers respectively. Here, hidden layers refers to both
convolutional layers and fully-connected layers in DCNN and a layer-specific cross-stitch unit is added on top of each
hidden layer. Fig. 2 (a) illustrates the change from hard-parameter-sharing to full soft-parameter-sharing while (b)
demonstrates the architecture of the cross-stitch units.

According to Fig 2 (b), the cross-stitch unit between task A and task B for layer hi (where i indicate the i-th hidden
layer) is composed of a matrix (formula (1)), indicating the linear relation between the contribution of the outputs OA

hi

and OB
hi

for the next layers hi+1. As a result, the inputs for layer hi+1 for task A and task B, e.g. IAhi+1
and IBhi+1

, can
be respectively represented as shown in formula (2) and (3). We added a layer-specific cross-stitch unit Mi after each
hidden layer and the fully-connected layer, yielding four cross-stitch units altogether.

Mi =

[
α
(i)
AA α

(i)
AB

α
(i)
BA α

(i)
BB

]
(1)

IAhi+1
= α

(i)
AA ∗OA

hi
+ α

(i)
BA ∗OB

hi
(2)
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Figure 2: Framework for a cross-stitch multitask deep convolutional neural network.

IBhi+1
= α

(i)
AB ∗OA

hi
+ α

(i)
BB ∗OB

hi
(3)

Results
Results for SSP prediction

In this section, we compare our proposed model DeepS2P-P to s2D and Linear Regression (LR) in SSP prediction.
The performance for SSP prediction was evaluated using three measures including the Pearson correlation coefficient
(R) (, the higher the better), the mean squared error (MSE) and the mean absolute error (MAE) (, the lower the better)8.
Characterising IDP/IDR using predicted SSP provided a new avenue for quantitatively analysing IDP/IDR8. Among
the three compared models, linear regression (LR) is a generic linear model for capturing the relationship between
a scalar-dependent variable and one or more relevant variables. In contrast, the s2D method represents non-linear
shallow models and the DEEPS2P-P method represents non-linear deep learning models. A comparison of the three
approaches illustrates how increasing model complexity benefits the prediction performance.

Table 1: SSP prediction results using LR, s2D and DEEPS2P-P on the δ2D validation set.

LR S2D DEEPS2P-P
Helix Strands Coil Helix Strands Coil Helix Strands Coil

R 33.7/5.2 37.9/4.7 43.1/4.7 81.7/1.4 77.0/3.9 71.0/3.9 85.2/0.8 80.6/1.4 74.2/2.7
MSE 10.7/0.6 5.1/0.4 6.7/0.4 3.8/0.4 2.4/0.2 4.1/0.2 3.2/0.4 2.2/0.2 3.6/0.2
MAE 27.8/0.8 19.0/0.8 21.8/0.9 14.0/0.8 11.3/0.6 15.8/0.6 11.9/0.8 10.1/0.8 14.3/0.6

Table 1 shows their respective average performance(%)/the confidence intervals(%) for predicting the population of
Helix (H), Strand (E) and Coil (C) on the s2D validation set, with a significance level of 5%. According to these
results, DEEPS2P-P improved the Pearson correlation coefficient for helix, strands and coils by 3.5, 3.6 and 3.2 points,
respectively, compared to s2D predictions. The LR model performed significantly worse than the other two methods,
indicating that non-linear models are more suited for modelling SSP prediction. Similar trends were observed for
MSE and MAE, where the DEEPS2P-P method achieved the lowest scores for these two measures among the three
methods.

To validate the performance of DEEPS2P-P and the s2D method, we conducted an independent test by further applying
DEEPS2P-P and the s2D method to the constructed benchmark dataset BMR2018. Table 2 shows the prediction
performance(%) of DEEPS2P-P and the s2D method for protein SSP prediction on BMR2018.

According to the results shown above, DEEPS2P-P has improved the respective Pearson’s coefficient of correlations
by 3.4, 3.5, and 2.2 points for helix, strand and coil populations compared to those achieved by the s2D method. Corre-
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Table 2: Performance of the DEEPS2P-P and the s2D method on the independent benchmark BMR2018.

S2D DEEPS2P-P
Helix Strands Coils Helix Strands Coils

R 79.8 76.1 63.0 83.2 79.6 65.2
MSE 4.7 3.3 4.9 4.0 2.9 4.8
MAE 15.3 13.2 17.5 12.9 11.9 17.1

spondingly, DEEPS2P-P decreased the MSE and MAE for helix, strand and coil populations as well. Its performance
represents the current state-of-the-art performance for this task.

IDR/IDP independent test evaluations

For IDP/IDR prediction, the performance of the proposed DEEPS2P-D, MULTITASK-D and CROSS-STITCH-D meth-
ods in terms of true positive (TP), false positive (FP), true negative (TN), false negative (FN), balanced accuracy
(BACC), Matthew’s correlation coefficient (MCC) and the area under the ROC curve (AUC) were evaluated on the
CASP9 and CASP1020 targets. Performance was compared to benchmark model that includes four models with the
best performance in CASP9, including PRDOS221, DISOPRED3C22, MultiCom6 and SPINE-D14, and the four models
with the best performance in CASP10, including PRDOS-CNF21, DISOPRED35, Biomine-dr-mixed and Bio-mine-dr-
pdb-c23. In addition, two recent deep learning models, e.g. DEEPCNF-D6 and AUCPRED24, were included in the
evaluation.

Table 3: Performance comparison for IDP/IDR prediction in independent test evaluations.

TP FP TN FN BACC MCC AUC
CASP9 (117 targets)

PRDOS215 1,468 2,340 21,318 949 75.4 41.8 85.5
DISOPRED3C15 839 180 23,478 1,578 67.0 50.8 85.4
MultiCom15 953 934 21,695 1,310 69.0 41.3 85.3
SPINE-D15 1,399 2,774 20,884 1,018 73.1 36.5 83.2
DEEPCNF-D6 - - - - 75.2 48.6 85.5
AUCPRED * 1,010 538 23,118 1,417 69.7 48.4 85.0
DEEPS2P-D 796 202 23,456 1,621 66.0 48.5 85.8
CROSS-STITCH-D 883 248 23,410 1,534 67.7 50.5 86.0
MULTITASK-D 905 244 23,414 1,512 68.2 51.4 86.7

CASP10 (94 targets)
PRDOS-CNF16 657 287 22,401 845 71.2 52.9 90.7
DISOPRED316 607 201 22,487 895 69.8 53.1 89.7
Biomine-dr-mixed16 628 368 22,320 874 70.1 48.8 89.0
Biomine-dr-pdb-c16 579 290 22,398 923 68.6 48.3 88.6
DEEPCNF-D6 - - - - 76.4 47.4 89.8
AUCPRED * 673 485 22,203 829 71.3 48.2 88.0
DEEPS2P-D 561 171 22,517 941 68.3 51.6 89.5
CROSS-STITCH-D 613 179 22,509 889 70.0 54.3 89.8
MULTITASK-D 603 178 22,510 899 69.7 53.7 90.2

According to the evaluation on CASP9 in Table 3, DEEPS2P-D improved the AUC score by 0.3 points compared
to PRDOS2 and DEEPCNF-D. CROSS-STITCH-D and MULTITASK-D further improved the AUC score by 0.5 and
1.2 points respectively. In terms of BACC, PRDOS2 still performed best among all models with a score of 75.4. In
comparison, the three models introduced in this study achieved BACC scores of 66.0, 67.7 and 68.2, respectively. As
for MCC, MULTITASK-D and CROSS-STITCH-D achieved the best and second-best performance, improving the MCC
score by 1.9 and 2.8 points, respectively, as compared to the MCC score of the DEEPCNF-D model. According to the
prediction statistics based on TP, FP, TN and FN, PRDOS2 achieved the best sensitivity by correctly predicting 1,468
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of 2,417 positive examples, while DISOPRED3C achieved the best precision by correctly predicting 839 of 1,019
positive examples. In comparison, the performance of CROSS-STITCH-D and MULTITASK-D are located some-where
in between, with a tendency to make more positive but cautious predictions. Specifically, they correctly predicted
more positive examples than DISOPRED3C, and obtained a FP to TP ratio below 1:3.

When applied to CASP10 proteins, the prediction performance of most models improved, keeping the FP to TP ratio
under 1:2. Among all methods, CROSS-STITCH-D and MULTITASK-D performed second and thirst best in term of
AUC with scores of 89.8 and 90.2, and the best and second best MCC, with scores of 54.3 and 53.7, respectively.
PRDOS-CNF achieved the best AUC score of 90.7 and DEEPCNF-D achieved the best BACC with a score of 76.4.
In summary, when applied to CASP10 proteins, generative models such as PRDOS-CNF and deep learning models
including DEEPCNF-D, CROSS-STITCH-D and MULTITASK-D achieved a superior performance compared to the
other models.

Correlation between SSP and IDP/IDR prediction

Besides simultaneously predicting IDP/IDR and SSP, the CROSS-STITCH-D model also automatically learned the
linear correlation between each of the corresponding layers for the two tasks. The cross-stitch units M in Fig. 2
and formula (1) were populated with real-valued correlations during the learning process, which are normalised and
illustrated as a heapmap in Fig. 3, where darker blue indicates stronger dependence. The heatmap in Fig. 3 is
divided into four areas: cross stitch unit(AA), cross stitch unit(BA), cross stitch unit(AB) and cross stitch unit(BB),
corresponding respectively to values of αAA, αBA, αAB and αBB in cross-stitch units. Here, task A represents
IDP/IDR prediction and task B represents SSP prediction.

Figure 3: Cross stitch units indicating a linear correlation between IDP/IDR prediction (task A) and secondary struc-
ture population prediction (task B).

According to the correlation heatmap, αAA and αBB are darker than αBA and αAB , with maximum weights achieved
at layer conv2, indicating that both tasks rely mainly on the outputs of its own previous layer. According to weights
in αAB , SSP prediction has the most support from IDP/IDR prediction at layer conv1, showing that features extracted
for short chains in IDP/IDR prediction can also be reused in SSP prediction. In comparison, the maximum weights
in αBA was achieved at layer conv3, indicating that features for longer chains in SSP prediction is better reused in
IDP/IDR prediction.

Discussion

To demonstrate how to explain IDP/IDR prediction using the simultaneously predicted SSP, we plotted the predicted
results of DEEPS2P-D, MULTITASK-D, S2D8, PSIPRED25, PRDOS221 and DISOPRED35 for target T0520 from
CASP9 in Fig. 4.

Fig. 4 (a) shows the prediction results from DEEPS2P-D and MULTITASK-D, and IDR labels in CASP9 are indi-
cated as ‘D’ on the top axis. Both DEEPS2P-D and MULTITASK-D predicted the first short IDR (residues 1-2) with
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one false positive prediction at residue 3 and failed to predict the second short IDR (residues 23-26). The third long
IDR (residues 174-189) was predicted by MULTITASK-D with full accuracy, while DEEPS2P-D predicted only 12
of the 16 disordered residues. This difference can be evidenced by the additional support obtained from the simul-
taneously predicted higher coil populations for residues 172-189 (indicated by ‘grey’ bars), which is only available
in the MULTITASK-D model. This, altogether, shows the benefits of using a multitask frame-work over a single-task
framework.

Figure 4: Prediction results for target T0520 in CASP9 by DEEPS2P-D, MULTITASK-D, PSIPRED, DISOPRED,
PRDOS2 and s2D.

In Fig. 4 (b), results from multiple other methods are plotted, including the secondary structure predicted by PSIPRED25

(indicated as ‘H’, ‘E’ and ‘C’ on the top axis), the IDR predicted by DISOPRED3 and PRDOS2 (indicated by respect
‘red’ and ‘black’ lines) and the SSP predicted by the s2D method (with H, E and C populations indicated by ‘blue’,
‘green’ and ‘grey’ bars respectively). The SSP prediction results of S2D, MULTITASK-D and PSIPRED generally
agree with each other. In IDP/IDR prediction, DISOPRED3 missed the first short IDR and the first two residues in the
third long IDR while PRDOS2 missed the first three residues in the third long IDR.

Figure 5: Prediction results for p53 by DEEPS2P-D and MULTITASK-D.

We further applied DEEPS2P-D and MULTITASK-D to protein p53 from the DisProt 7.0 database26, demonstrating,
how simultaneously predicted SSP can be used to qualitatively explain the predicted IDP/IDR states. The prediction
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results are plotted in Fig. 5.

The p53 protein is composed of three functional regions, including the N-terminal region, the core DNA-binding
region and the C-terminal region27. The N-terminal region is further divided into a transaction-activation domain
(TAD, residues 1-63) and a proline-rich area (residues 64-93)27. The C-terminal region is further divided into a
tetramerization domain (residues 320–356) and a regulatory domain (residues 363–393)28. MULTITASK-D predicted
four disordered regions, where region 1 (residues 1-15) and region 2 (residues 56-92) are located in the N-terminal
region, and region 3 (residues 287-322) and region 4 (residues 359-393) in the C-terminal region.

According to27, a) the whole N-terminal region p53(1-93) is disordered and b) residues 21-25 form a residual α-
helical segment, which is consistent with the known propensity of residues 18-25 to form an α-helix when binding to
MDM229. The first two predicted IDR by MULTITASK-D do not cover the whole N-terminal region, but the predicted
SSP in the gap region 18-23 reveals a larger helix population, which is consistent with b). According to the correlation
between IDP/IDR and SSP, a higher helix population may explain the predicted structure states in this region.

Another observation in the N-terminal region is that the second IDR (residues 56-92) predicted by MULTITASK-D
corresponds to the proline-rich domain (residue 64-93). According to30, no significant chemical shifts were observed
in this proline-rich domain, but resonances undergoing significant chemical shift changes were observed in the segment
(residues 18-57), which corresponds to the structured region (residues 16-55) that was predicted by MULTITASK-
D. These corresponding regions suggest that segments with significant chemical shift changes are less likely to be
predicted as an IDR, which in turn explains the predicted structure states in residues 16-55.

The third predicted IDR (residue 287-322) was validated by the crystal structure of the core domain of p53 intro-
duced in31. According to this crystal structure of p53, residues 278-289 form a α-helix segment H2 for which the
MULTITASK-D model predicted an increase of helix population from 0.137 to 0.668 followed by a decrease to 0.471.
With the decrease of helix population and the increase of the coil population, the H2 segment ends and, according to31,
residues up to Thr-312 are disordered. This disordered region, ranging from the end of H2 at residue 289 to residue
Thr-312, overlaps with the third predicted IDR (residues 287-322).

Finally, the whole C-terminal region of p53 was annotated as a disordered region in DisProt 7.0. However, the
MULTITASK-D model predicted the regulatory domain (residues 363–393) to be disordered and the tetramerization
domain (residues 320-356) to be populated with strands and helixes. This observation is consistent with the results
in27, showing that the tetramerization domain of p53 adopts a well-defined conformation and is a folded domain. Our
predictions validated these results.

Conclusion

In this study, we simultaneously predicted IDP/IDR and SSP by exploring the mutual correlation between these two
tasks, using multitask deep learning neural networks. The cross-validation and independent test results demonstrate
that the deep learning model DEEPS2P-P out-performs the s2D method for predicting protein SSP and that the rep-
resentations learned for SSP and IDP/IDR prediction are mutually supportive. With the multitask framework, it is
possible to explain the IDP/IDR predictions for proteins such as p53 using the simultaneously predicted SSP.

Despite the improved performance in both IDP/IDR and SSP prediction using multitask deep learning frameworks,
the frameworks presented here can be extended in several ways. First, additional protein features can be incorporated
to improve the prediction performance. Other features that have been proved useful for IDP/IDR prediction include
physicochemical properties, structural features, and evolution-based features. Second, the multitask framework can
be modified to automatically learn non-linear correlations among multiple tasks. The current cross-stitch framework
only explores the linear relations, which is a relatively naive assumption of the correlation among different protein
sequence-based predictions. Third, other related tasks can be added to the multitask framework, including protein-ATP
site prediction, protein-nucleotide binding residue prediction, phosphorylation site prediction, contact map prediction,
and protein fold pattern.
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Abstract Sharing electronic health records (EHRs) on a large scale may lead to privacy intrusions. Recent research
has shown that risks may be mitigated by simulating EHRs through generative adversarial network (GAN) frameworks.
Yet the methods developed to date are limited because they 1) focus on generating data of a single type (e.g., diagnosis
codes), neglecting other data types (e.g., demographics, procedures or vital signs), and 2) do not represent constraints
between features. In this paper, we introduce a method to simulate EHRs composed of multiple data types by 1) refining
the GAN model, 2) accounting for feature constraints, and 3) incorporating key utility measures for such generation
tasks. Our analysis with over 770,000 EHRs from Vanderbilt University Medical Center demonstrates that the new
model achieves higher performance in terms of retaining basic statistics, cross-feature correlations, latent structural
properties, feature constraints and associated patterns from real data, without sacrificing privacy.

Introduction

Electronic health records (EHRs) have been widely adopted by healthcare organizations (HCO) to provide more ac-
curate, timely and safer care for patients. Though initially designed to improve the efficiency of healthcare delivery,
EHRs have shown great promise in secondary endeavors, including facilitating software systems development, en-
abling clinical training, and boosting biomedical research.1, 2 As a result, HCOs are incentivized to share EHR data,
but are concerned that doing so could lead to privacy intrusions and loss in trust.3, 4 Various computational approaches
have been proposed to maintain patient anonymity and confidentiality5, but providing raw data, at any degree of speci-
ficity, leads to a tradeoff between privacy and data utility.6 Moreover, as the amount of data alteration made to real
data grows, one realizes greater privacy protections at the cost of lower utility.

Recent advances make it possible to alleviate such tensions by enabling the generation of synthetic EHR data with
the look and feel of real data. If generated appropriately, synthetic data has a low risk of being linked to the real
individuals that were in the training data for the model, which mitigates privacy concerns. As such, data simulation
enables an opportunity to widely share data of a more granular nature, which is not often possible through traditional
de-identification mechanisms. Deep learning approaches based on generative adversarial networks (GANs)7, 8 have
demonstrated an uncanny ability to simulate realistic-looking data instances with high statistical generalizability, scal-
ability and limited reliance upon knowledge drawn from domain experts.9–11 This is because GAN-based models
are trained in an adversarial environment, where a generator produces increasingly realistic instances, such that an
evolving discriminator cannot distinguish them from real data.

However, there are several gaps between current GAN-based EHR simulation approaches and the practical needs of
simulation and evaluation. First, current models are designed to simulate only one type of data, such as International
Classification of Diseases (ICD) codes. Yet EHRs are an amalgamation of a multitude of types, such as demograph-
ics, procedures, medications, laboratory test results, and vital signs. Beyond differences in semantics, the data has
different syntax (being composed of binary, categorical and continuous values), which induces higher dimensionality
and greater sparsity. Second, there are various record-level constraints that exist between features. For example, the
results of a blood pressure test should indicate that systolic pressure is greater than diastolic pressure. However, such
constraints are not directly embedded in a GAN-based generative model, leading to situations where the corresponding
semantics are violated in the generated dataset, which weakens the overall utility of synthetic EHRs.

Moreover, the current array of data utility measures for synthetic EHRs are deficient in several respects. First, they
do not assess record-level consistency, which is the extent to which frequently associated conditions or events in real
EHRs are sufficiently maintained by the generative model in records (e.g., correlated diseases and common diagnosis-
procedure pairings). This is a concern because poor record-level consistency can invalidate record-level studies in the

* Equal contribution

1335



synthetic data. Second, to simulate EHRs with multiple data types, we need to measure if the conditional distribution
of one data type is well-represented with respect to another. For instance, the correlation between the distribution of
blood pressure with respect to a certain diagnosis (e.g., hypertension) should be similar in the real and synthetic data.

In this paper, we address the aforementioned challenges by refining GAN-based generative models and enriching the
current set of data utility measures. Specifically, we 1) incorporate a penalization into the GAN learning process such
that, if a violation transpires during training, then the generator will be penalized and, thus, forced to output records
with more desirable feature constraints; 2) refine the deep neural networks of both the generator and discriminator to
make signal sparser and, thus, more efficient, 3) introduce measures for constraint violations, feature associations, and
conditional distributions to assess EHR simulation models. We then demonstrate the effectiveness of the new model
(as well as the privacy risks) and measures, using a dataset based on over 770,000 EHRs from Vanderbilt University
Medical Center (VUMC).

Related Work

In this section, we review recent GAN-based developments in EHR simulation. Choi et al. first customized a GAN
framework to generate a set of structured and discrete features in the form of ICD-9 codes.10 Recognizing that the
original GAN framework7 could not generate discrete values, an autoencoder was incorporated to learn the distribution
of discrete data and a trained decoder was applied to generate data in a discrete space. A limitation of this model was
that it could suffer from a mode collapse (that is, the generator maps different inputs to the same output) and a
mode drop (that is, the generator only captures certain regions of the underlying distribution of the real data). To
mitigate these problems, Baowaly et al. introduced an approach that used Wasserstein divergence to more effectively
measure difference in real and synthetic data distribution.11 Zhang et al. enhanced the billing code simulation model
by removing the auto-encoder and incorporating utility measures to evaluate structural properties of the data.9 Still,
all of these techniques focused on generating only a single feature type. Recently, Chin-Cheong et al. explored
the use of off-the-shelf models12, 13 to generate EHRs with more than one data type.14 However, their work did not
improve the learning model, nor did it address feature constraints. They also did not evaluate the data with respect
to consistency between features. By contrast, in this paper, we focus on model refinement and evaluation in more
challenging scenarios than previous simulation settings.

Data Overview

The data in this study was derived from the VUMC Synthetic Derivative (SD), a de-identified warehouse of over 2.2
million EHRs. We collected the EHRs of patients with at least one recorded visit during a ten-year period (2005-2015).
For each EHR, we extracted several types of data: 1) age (at the latest time in the resource), 2) gender, 3) ICD-9 codes,
4) Current Procedural Terminology-Fourth Version (CPT-4) codes, 5) body mass index (BMI), and 5) systolic and
diastolic blood pressures. We restricted our analysis to EHRs with at least one documented BMI and blood pressure
reading. We note that we use BMI and blood pressure due to the fact that they are frequently populated in EHRs
and are common covariates in biomedical research. We rolled up 1) ICD codes to their subcategories (by removing
the portion of the codes to the right of the “.”) and 2) CPT codes to the minor categories (including 115 distinct
categories)15. As such, through the remainder of this paper, ICD and CPT codes refer to their rolled-up versions. We
refer to this dataset, which includes 928,089 records, as the SD.

To mitigate noise in the data, we further refined the set of records. First, we ranked all ICD codes based on their
prevalence and removed those with a rate less than 1/1000 (which corresponded to 928 patients). The same process
was applied to CPT codes. Second, we removed records that were composed of less than 5 distinct ICD and CPT
codes. Third, we removed obviously-errored test results, which specifically corresponded to cases where 1) systolic
pressure was less than diastolic pressure in the same observation, 2) systolic pressure was greater than 300, and 3) BMI
was less than 5. We refer to the refined dataset as the cleaned SD (or CSD). This dataset contains 770, 231 records,
693 distinct ICD codes and 65 CPT codes. Summary statistics for both datasets are provided in Table 1.

Table 1: Summary statistics of the EHR datasets.
Dataset Patients Gender ICD ICD Codes Patients Per CPT CPT Codes Patients Per BMI Instances Blood Pressure

Codes Per Patient ICD Codes Codes Per Patient CPT Codes Per Patient Instances Per Patient
SD 928, 089 M:43% F:57% 926 12.03 15, 208 88 7.02 104, 044 10.32 33.60

CSD 770, 231 M:44%: F:56% 693 13.88 20, 221 65 8.00 140, 815 12.05 40.05
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For reference, Table 2 illustrates the format of a record, where the second row indicates the length of the sub-vector
needed to represent each feature space for the CSD dataset. As can be seen, the CSD contains multiple types of features
and two syntactic types, which are binary and continuous. To incorporate a statistical summary of the vital signs of each
record, we computed the minimum, median and maximum values of BMI, systolic, and diastolic pressure, respectively.
Each patient’s record can then be represented as a vector over age, gender, ICD codes, CPT codes, minimum BMI
(systolic and diastolic), median BMI (systolic and diastolic) and maximum BMI (systolic and diastolic). Note that
categorical features can be embedded by applying a one-hot encoding strategy, which leads to a binary representation.

Table 2: Data representation of the CSD dataset. (B: binary; C: continuous).

Data Type Age Gender ICD Codes CPT Codes BMI Systolic Diastolic

Min Median Max Min Median Max Min Median Max
Variable Type B B B B C C C C C C C C C

Length 100 1 693 65 1 1 1 1 1 1 1 1 1

Constraints. In addition to the heterogeneity in data types, there are multiple constraints that can exist between
features in practical data synthesis tasks. Consider the CSD dataset. In each record, the minimum value of a continuous
feature (i.e., BMI, systolic and diastolic pressure) should be no greater than its corresponding median value. Similarly,
the median value of a continuous feature should be no greater than its maximum value. The generative model needs
to capture these constraints so that it can simulate synthetic EHRs without violating them.

Method

In this section, we introduce the GAN-based generative model for the simulation of EHR data with heterogenous data
types and feature constraints. We then define new utility measures to assess the quality of synthetic data.

Generative Model

Preliminary of GAN in EHR simulation. There are two core components in GANs for EHR data simulation: 1) a
generator neural networkG(z, θg) which accepts random noise z ∈ Rr and 2) a discriminator neural networkD(x, θd)
which accepts EHR data represented as vector x (θg and θd denote the parameters ofG andD, respectively). These two
components are updated iteratively and alternatively through competition with one another. The generator G(z, θg) is
trained to minimize the statistical divergence between the distribution of real data Pr and the distribution of generated
data Pg; i.e., minGDiv(Pr,Pg). Ideally,G is able to learn Pr and generate synthetic records that are indistinguishable
to the discriminator D. By contrast, the discriminator D is trained to distinguish synthetic data generated by G from
real data. In EHR simulation, the state-of-the-art models9 adopt Wasserstein Divergence12 to characterize the earth
mover distance between two distributions. When combined with a gradient penalty technique13, such a divergence
measure can effectively mitigate the problem of poor convergence, which is the main cause of mode collapse and
mode drop.

Heterogeneous GAN. We build our generative model, which we henceforth refer to as Heterogeneous GAN (HGAN),
based on the basic structure of the state-of-the-art model, EMR-CWGAN9. The architecture is shown in Figure 1. First,
we apply a conditional generation framework, where the conditional batch normalization16, 17 (in G) and conditional
layer normalization (in D) are leveraged to control the specific generation and discrimination. In this work, we use
age and gender as the conditioning features to simulate EHR data. Specifically, we build one distributed representation
vector (i.e., an embedding) for each integer age and one embedding vector for each gender. We train HGAN using
a batch of records from CSD in each training step and then use their conditioning features to extract the associated
embedding representations to build the normalization layers.

Second, we reorder the neural networks for both the generator and discriminator. Instead of applying conditional
normalization→ rectified linear unit (ReLU) layer between fully connected layers (as adopted by EMR-CWGAN9),
we use ReLU → conditional normalization → ReLU to filter signals. Though the former implementation has been
widely utilized in the deep learning community18, we anticipated that our design can make data sparser, which helps
disentangle the signals and, thus, make the representation robust and efficient.19 We confirm this expectation in the
experimental results.

Third, to encourage simulated EHRs to adhere to the record-level feature constraints, we incorporate a penalization
term as part of the loss function of the GAN model. Formally, the minmax objective with gradient penalty and
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Figure 1: An architectural representation of an HGAN.

constraint violation penalty becomes:

min
G

max
D

Ex∼Pr
[D(x)]− Ex̃∼Pg

[D(x̃)]︸ ︷︷ ︸
Original Discriminator Loss

−λEx̂∼Px̂,δ∼Nd(0,aI))[(|| 5x̂ D(x̂+ δ)||2 − 1)2]︸ ︷︷ ︸
Gradient Penalty

+ β
∑
c∈C

Ex̃∼Pg
[P (x̃,Fc(·))]︸ ︷︷ ︸

Constraint Violation Penalty

, (1)

where the first term denotes the classification loss of D and the second term penalizes the situation where the gradient
ofD is far from 1. In the third term, c denotes a feature constraint from set C and P (x̃,Fc(·)) represents the quantity of
penalty applied to the synthetic record x̃ when using the constraint-specific penalization functionFc(·). The coefficient
λ and β control the weights of the two penalty terms during optimization. Recall that in CSD there is one type of
constraint within multiple continuous feature pairs due to their ordinal relationship in semantics (e.g., for each type of
vital signs, the min value is no greater than the median value, and the median value is no greater than the max value).
We define the constraint violation penalty function for such a constraint as:

Fc(x) = max{f1(x)− f2(x), 0}, (2)

where f1(·) and f2(·) denote the feature extractor of EHR data, which correspond to min and median values for the
former case and median and max values for the latter case, respectively. Another constraint is the mutual exclusiveness
between two binary features. In this case, the constraint violation penalty function can be defined with the format
Fc(x) = ω[f1(x) · f2(x)]. Consider an example that a synthetic EHR of a man cannot own the CPT code “59400
vaginal delivery”. In this case, f1(x) and f2(x) represent the gender (1 for male) and the CPT code 59400 (1 for
presence), respectively. As long as both values are close to 1 in the training process, the generator will be heavily
penalized. The existence of feature constraints depends on the feature space for EHR simulation tasks and F(·) can
be flexibly defined based on specific constraints.

Utility Measures

Various utility measures for EHR simulation have been proposed9, 10, 20, including dimension-wise statistics (DWS),
dimension-wise prediction (DWP), latent space representation (LSR), and first-order proximity (FOP). DWS investi-
gates the degree to which the distribution of each binary feature (e.g., ICD or CPT code) in the synthetic EHR records is
similar to real data. By contrast, DWP evaluates the degree to which a generative model captures the cross-dimensional
relationships of real data. LSR and FOP measure the ability of a generative model to maintain the structural properties
of real data in the latent and original space, respectively. Due to space limitations, we refer the reader to the supple-
mental materials of a recent paper9 for the implementation details of these measures. In this section, we introduce
three new utility measures to provide greater intuition into the quality of simulated EHR data in the general simulation
scenarios.

Constraint Violation Test (CVT). Given that there may be known constraints between features in EHR data, we need
to determine the extent to which the synthetic data satisfy these constraints. Though there may be a large number of
constraints among the features in an EHR dataset, in this paper we focus on solving the ordinal relationship between
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continuous features. To assess if the minimum value is no greater than the median value, we compute the difference
between the values in median and minimum columns of each vital sign (including BMI, systolic and diastolic pressure)
in each synthetic record, and then investigate whether this difference is positive. Similarly, we perform this evaluation
for the max versus median case for each vital sign. As a baseline, for each setting we provide the corresponding
distribution of difference obtained from the real data. An ideal generative model can simulate EHR data that obeys the
record-level feature constraints and has a similar distribution with the real data.

Frequent Association Rules (FAR). This utility measure investigates the extent to which the record-level medical
condition associations in real EHRs maintained in the synthetic ones. This measure functions over a set of categorical
features, such as a mixture of ICD and CPT codes. The two key criteria in association rule mining are support and
confidence. Support is an indication of how frequently the condition set appears in the dataset, whereas confidence is
an indication of how often a condition rule is true. With respect to rule mining in EHR, the support of condition set X
(e.g., a set of diseases and procedures) with respect to record dataset T is defined as the proportion of records in T that
contain X . The confidence of a condition rule, X ⇒ Y , with respect to T , is the proportion of records that contain X
that also contain Y .

We first obtain all frequent condition sets (FCS), which form a set S with frequency larger than a threshold mins,
such that any subset of any FCS is not in S. For each FCS f ∈ S, we then determine the set of association rules
R : f ′ ⇒ f − f ′, where each rule satisfies that the number of records which have f ′ also have f is greater than a
threshold minc. By applying such a process to both real and synthetic EHR data, we measure the proportion of the
association rules that are from the synthetic data that are in the real data and vice versa, which we refer to as recall
and precision, respectively. We use a popular association rule mining technique – Apriori21 – to learn FCSs and the
association rules from the real and synthetic EHRs. It is notable that FAR can be regarded as an expansion on the
structural measure FOP. This is because FAR does not limit the number of features to consider and, thus, consider
deeper and broader dependencies between features. By contrast, FOP focuses on the condition sets containing only
two features. As a consequence, in this paper we report the FAR results, instead of FOP.

Cross-type Conditional Distribution (CCD). This utility measure evaluates the ability of a generative model to
maintain the distribution of one data type conditioned on another. Since the correlation between ICD and CPT codes
(binary one-hot representation) can be extracted and evaluated by FAR, we focus on the correlation between continuous
and binary features. Specifically, we investigate the distribution of vital sign features conditioned on ICD and CPT
codes. We compare the mean and standard deviation of each conditional distribution for real and synthetic EHR
data. Similarly, we investigate the distributions of the conditioning labels of GAN model (i.e., age and gender in this
study) on each ICD and CPT codes. This indicates the degree to which the demographic distributions for each health
condition and procedure are similar in the real and synthetic data.

Privacy Measures

We investigate the extent to which the synthetic data is susceptible to membership and attribute inference attacks.10

For the membership inference, the attacker is assumed to have the entire records of a set of real patients and attempts to
infer which patients are in the training dataset of the generative model. This is achieved by calculating the Hamming
distance between each compromised record and each synthetic record. We then apply a threshold such that one
compromised record has a distance (to any synthetic record) less than the threshold is considered in the training
dataset. For the attribute inference, an attacker is assumed to possess a subset of features of certain real EHRs and
aims to infer the value of a missing feature. k-nearest neighbors algorithm is adopted to determine the missing values.
As these two approaches were designed for the situation where all features are represented in a binary form, we
uniformly discretize all continuous features into categories and then use one-hot distributed representations.

Results

In this section, we compare the utility of synthetic EHR data generated by our model and several alternative models.
The first alternative is the state-of-the-art model, EMR-CWGAN, which generates one data type, and, thus, will be
relied upon to investigate whether generating a mixture of data types decreases the data utility on the binary features
(i.e., ICD and CPT codes). To investigate how the new reordered filter ReLU → conditional normalization→ ReLU
between fully connected layers influences data generation, we design the second alternative model by applying the
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filter in EMR-CWGAN to HGAN, which is conditional normalization → ReLU. We refer to this model as HGAN-
U. It should be noted that, for evaluation purposes, we first train HGAN and HGAN-U and use them to generate
heterogeneous records with the feature space depicted in Table 2. We then extract the features related to specific data
utility measure to evaluate the performance. In addition, we build a baseline by randomly partitioning the real dataset
into two equal sized datasets to construct a real vs real setting. This allows us to derive an upper bound on what an
ideal generative model can achieve with respect to each utility measure. Note that we evaluate ICD and CPT as one
set of features as both are one-hot encoded.

Experimental Setup

To compare EHR data simulation methods, we fixed the hyperparameter settings for all models in experiments. Specif-
ically, we structured the generator and discriminator with a network formation of (128, 256, 256, 512, 512, 512, 512,
767) and (767, 512, 384, 256, 256, 128, 128, 1), respectively. To construct the conditional normalization layers, we set
the length of the embedding vectors for age and gender to 96 and 32, respectively. All generative models were trained
over 1, 000 epochs. We applied the Adam optimizer22 with a learning rate of 4 · 10−6 and 2 · 10−5 for the generator
and discriminator, respectively.

Dimension-wise statistics (DWS). The DWS results are shown in Figures 2(a)-2(d), where Figure 2(a) describes the
real vs real setting. In all other subfigures, the x-axis corresponds to the Bernoulli success probability (or incidence
rate) of one (ICD or CPT) code in the CSD dataset and the y-axis corresponds to this probability in the synthetic data.
The 45 degree diagonal line corresponds to what a perfect correlation would indicate. There are several findings to
highlight. First, the incidence rates of codes in the real vs real setting are closely distributed along the diagonal line,
which indicates highest stability of basic statistics. Second, by comparing Figures 2(b) and 2(d), it can be seen that
HGAN achieves very similar performance to EMR-CWGAN for codes with high prevalence (x > −4) and induces
less bias with respect to codes with low prevalence (x < −5). Third, by comparing Figures 2(c) and 2(d), similar
observations can be made in that HGAN-U exhibits a biased and less stable result for low prevalence codes (x < −5)
than HGAN. This evidence suggests that HGAN provides a more faithful representation of the basic statistics in real
EHR data. Fourth, it can be seen from all Figure 2 subfigures that the difference in the distributions between the two
code types (i.e., ICD and CPTs) is negligible, which implies that the learning is unbiased between them.

(a) Real (b) EMR-CWGAN (c) HGAN-U (d) HGAN

Figure 2: Dimension-wise statistics. Bernoulli success probabilities (BSP) in logarithmic scale for ICD and CPT codes.

Dimension-wise prediction (DWP). For each (ICD or CPT) code, two logistic regression classifiers were trained–one
on the real data and one on synthetic data (with the same number of records as the real data). The binary status of a
code served as the dependent variable while all remaining codes served as the independent variables. These classifiers
were evaluated on a test dataset of the real EHRs (20% of CSD). In the first row of Figure 3, each point denotes an
ICD or CPT code, whose x and y value are the F1 score of the model trained on real and synthetic data, respectively
(except 3(a)–the real vs real setting). There are several notable findings. First, Figure 3(a) shows that the F1 scores in
the real vs real setting are closely distributed along the diagonal line without obvious skew. As such, the corresponding
distribution of dot-to-diagonal distances, as shown in 3(e), is roughly symmetric, which indicates the stability of the
cross-dimensional relationship in the original system. Second, the dot-to-diagonal distribution shown in Figure 3(h)
is less skewed than the one in Figure 3(f), which indicates that HGAN is better at representing the cross-dimensional
relationships than EMR-CWGAN. Third, as depicted in Figure 3(g), it can be seen that there is skew towards the real
data, suggesting that HGAN-U reduces the ability to learn relationships between features. Fourth, it can be seen from
Figure 3(d) that both types of codes behave similarly in the real vs HGAN setting, which indicates that there is high
similarity in the cross-dimensional performance between two types of codes.

Latent space representation (LSR). At a high level, the investigation into LSR has three main steps: 1) use real
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(a) Real (b) EMR-CWGAN (c) HGAN-U (d) HGAN

(e) Distribution of
dot-to-diagonal dis-
tance of (a)

(f) Distribution
of dot-to-diagonal
distance of (b)

(g) Distribution
of dot-to-diagonal
distance of (c)

(h) Distribution
of dot-to-diagonal
distance of (d)

Figure 3: Dimension-wise prediction. (a) F1 scores of logistic regression classifiers in the real vs real setting. (b, c, d) Results of
real vs synthetic setting for the generative models. (e, f, g, h) Distributions of shortest distances from dots to the diagonal line for
panels (a), (b), (c), and (d), respectively.

data to train a β-Variational Auto-Encoder (β-VAE)23, a tool to disentangle the latent factors in data by forgetting less
important latent dimensions, to discover their efficient latent dimensions for data reconstruction, as well as the corre-
sponding distribution of variances, 2) input the generated data into the trained β-VAE model and assess their variance
distributions on the latent dimensions, and 3) for each efficient latent dimension, assess whether the distribution of
variances obtained from 2) is pushed closer to 1, which is an indicator of losing important structural properties in
real data. Figure 4 shows the results for LSR, where we selected all efficient latent dimensions with the mean of the
variance distribution in the real data less than 0.70. Both EMR-CWGAN and HGAN are highly similar to the real
data, suggesting that both retain the latent structural properties. By contrast, HGAN-U exhibits a large shift in the
variance distributions in all dimensions, indicating it is less capable of representing key structures in the latent space.

Real

Co
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t

EMR-CWGAN

Co
un

t

HGAN-U

Co
un

t

HGAN

Co
un

t

Dimension 1 Dimension 2 Dimension 3 Dimension 4

Figure 4: Latent space representation. Each subfigure illustrates the distribution of the variances in one latent dimension. The
topmost row corresponds to the real EHR data. Each subsequent row corresponds to a synthetic data generation model.

Constraint Violation Test (CVT). To evaluate the effectiveness of the constraint violation penalty, we consider the
following scenarios. First, for each vital sign (BMI, systolic, and diastolic pressure), we compute the record-level
difference (max-median) and (median-min). Second, for each of the basic statistics (max, median, and min), we
construct the distribution of the difference in record-level systolic and diastolic pressure. Third, we adopt two baselines
to compare our model with. The first baseline is the real data, while the second is HGAN without the constraint
violation penalty. Figure 5 shows the CVT results, where the first row is the comparison of real vs HGAN and the
second row is real vs HGAN without the constraint violation penalty. As can be seen in the first six columns, all of
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the difference distributions built from HGAN without a penalty have negative values, which suggests violations of the
constraints. By contrast, HGAN always ensured the difference was positive. From the final three columns, it can be
seen that HGAN (with the penalty) yield a more similar distribution with the real data than HGAN without the penalty.
This indicates that HGAN is able to solve the feature constraint violation problem in our generation settings.

Co
un

t
Co

un
t

bmi, max-median bmi, median-min systolic, max-median systolic, median-min diastolic, max-median diastolic, median-min max, systolic-diastolic median, systolic-diastolic min, systolic-diastolic

Figure 5: Constraint violation test. Without penalty corresponds to the model HGAN without constraint violation penalty. With
penalty corresponds to HGAN. Distributions marked with Real are built from real EHR data.

Frequent Association Rules (FAR). Figure 6 shows the results for FAR. Given a range of thresholds for support
(mins ∈ [0.08, 0.22]) and confidence (minc ∈ [0.50, 0.78]), we measure both the precision (Figures 6(a)–6(d)) and
recall (Figures 6(e)–6(h)) of association rules (learned from ICD and CPT codes). There are multiple observations
to highlight. First, as can be seen from Figures 6(a) and 6(e), both the precision and recall from two equal-sized
subsets of real EHR data are close to 1. This indicates that the association rules in the real data are robust. Second, by
comparing Figure 6(d) with 6(c) and Figure 6(h) with 6(g), it can be observed that HGAN almost always outperforms
HGAN-U in terms of precision and recall. Third, by comparing Figures 6(h) with 6(f), it can be seen that the recall
of HGAN is greater than EMR-CWGAN in the majority of conditions. However, there is no obvious domination in
precision when comparing Figures 6(d) with 6(b). These results suggest that HGAN is more capable at maintaining
the record-level feature association (or record-level consistency) than other baselines.

(a) Real, Precision (b) EMR-CWGAN, Precision (c) HGAN-U, Precision (d) HGAN, Precision

(e) Real, Recall (f) EMR-CWGAN, Recall (g) HGAN-U, Recall (h) HGAN, Recall

Figure 6: Frequent association rules. The cell numbers in subfigures 6(a)-6(d) and 6(e)-6(h) show the precision and recall of the
association rules (for ICD and CPT codes), respectively. Figures 6(a) and 6(e) correspond to the real vs real setting.

Cross-type Conditional Distribution (CCD). The results of CCD with respect to the demographic distribution are
shown in Figure 7, where each dot denotes a (ICD or CPT) code. The x-coordinate corresponds to real data, and the
y-coordinate of subfigures 7(b)-7(c) and 7(e)-7(f) correspond to the synthetic data. In each subfigure, the mean and
standard deviation of the dot-to-diagonal shortest distance distribution is marked at the bottom right corner. Figures
7(a) and 7(d) illustrate that the original systems (the baselines of the real vs real setting) are stable. When applying
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HGAN-U, both the age and gender distributions are poorly represented, as shown in Figures 7(b) and 7(e). In partic-
ular, there are highly skewed gender ratios in multiple ICD and CPT codes. By comparing Figure 7(b) with 7(c) and
Figure 7(e) with 7(f), it is evident that HGAN outperforms HGAN-U. This is because it achieves smaller distances
from the diagonal. The CCD results exhibit highly similar patterns to the demographic results. Thus, our findings
for CCD, with respect to three different data types, are consistent. Due to space limits, we report the results for the
standard deviations of CCD in an extended version of this paper24.

(a) Age, Real (b) Age, HGAN-U (c) Age, HGAN (d) Gender, Real (e) Gender, HGAN-
U

(f) Gender, HGAN

Figure 7: Cross-type conditional distribution on age and gender. Subfigures 7(a)–7(c) show the mean age for each code in the real
vs real and real vs synthetic settings. Subfigures 7(d)–7(f) show the proportion of genders that are female for each code.

Real

HGAN-U

HGAN

MIN(bmi) MAX(bmi) MIN(systolic) MAX(systolic) MIN(diastolic) MAX(diastolic)

Figure 8: Cross-type conditional distribution on vital signs. The coordinates of each dot correspond to the means of the vital sign
distributions on the real and synthetic dataset.

Privacy Risk Analysis

We evaluated the privacy risks of the synthetic data generated by HGAN and EMR-CWGAN. Since EMR-CWGAN
was designed to generate billing codes, for comparison we performed two sets of investigations on HGAN–one on
ICD and CPT only and the other on all data types. Though age and gender served as the conditionals for simulation in
both models, we combined these features with the corresponding synthetic instances for analysis. We report the results
of member-ship and attribute inference in the extended version24. There are two principle findings. First, considering
only ICD and CPT codes, HGAN and EMR-CWGAN induce highly similar membership and attribute inference risks.
This suggests that HGAN achieves better utility with no loss in privacy. Second, considering all data types, HGAN
achieved 1) a similar precision, but a much lower recall of success than EMR-CWGAN in membership inference, and
2) a lower F1 score than EMR-CWGAN for attribute inference. This implies that a larger feature space enables HGAN
to generate records that are very similar to real records and, thus, achieve a higher degree of privacy.

Discussions and Conclusions

This investigation yields several notable implications for EHR data simulation. First, the refinement of the neural
network design improved the data utility by making the signal sparser. We verify this in the extended version of this
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paper by investigating the number of activated neurons in the generators of HGAN and HGAN-U24. Second, it appears
that a well-designed penalization can effectively prevent feature constraint violations. Importantly, based on the utility
measures reported in this work, the incorporation of such penalization appears to not bias learning the distribution
of real data. Third, this investigation illustrates the importance of the new measures (i.e., CVT, FAR, and CCD) for
evaluating the utilities of synthetic data in the simulation tasks with feature constraints and heterogenous data types.

Despite the merits of this work, there are several limitations we wish to highlight. First, we did not assessed 1)
the generalizability of our model?s performance on different category of features or in additional datasets or 2) the
scalability of our model on larger and sparser feature spaces (e.g., medications and laboratory tests). Second, the
model needs to refined to ensure that all meaningful association rules can be retained. Third, in this study we did not
investigate how to automate the task of finding the meaningful constraints among features, which is ripe for further
investigation. Fourth, we focused on static EHR data simulation, but it is necessary to incorporate temporal factors to
simulate more complex phenotypes with trajectories that emerge over time.
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Abstract 

Multiple organ dysfunction syndrome (MODS) is one of the major causes of death and long-term impairment in 

critically ill patients. MODS is a complex, heterogeneous syndrome consisting of different phenotypes, which has 

limited the development of MODS-specific therapies and prognostic models. We used an unsupervised learning 

approach to derive novel phenotypes of MODS based on the type and severity of six individual organ dysfunctions. In 

a large, multi-center cohort of pediatric, young and middle-aged adults admitted to three different intensive care units, 

we uncovered and characterized three distinct data-driven phenotypes of MODS which were reproducible across age 

groups, where independently associated with outcomes and had unique predictors of in-hospital mortality. 

Introduction 

Multiple organ dysfunction syndrome (MODS) is one of the major causes of mortality and morbidity in critically ill 

patients.1 MODS is defined as a dysfunction of two or more major organ systems and can be developed after many 

types of insults, such as sepsis, major surgery, or trauma. MODS is a complex, heterogeneous syndrome consisting of 

different subgroups of patients with different phenotypes, which has limited the development of MODS-specific 

therapies and prognostic models. Following the principle of precision medicine, there is a need to characterize the 

phenotypes of MODS in order to develop better prognostic tools and targeted therapeutic strategies.2 

Unsupervised machine learning methods are designed to uncover natural groupings in data and offer a compelling 

opportunity to uncover phenotypes using clinical data.2-4 The idea behind data-driven phenotyping is that patients who 

share similar clinical characteristics are likely to also share a similar underlying pathobiology.5,6 Uncovering these 

phenotype-specific biological disturbances could then lead to the development of targeted treatments and prognostic 

models for those phenotypes.7 

In this study, we aimed to uncover and characterize clinically-meaningful phenotypes of MODS based on the patterns 

of organ dysfunction in the early phase of critical illness using a data- and knowledge-driven approach based on 

consensus clustering. Furthermore, we hypothesized that biologically-robust phenotypes of MODS would be 

preserved across different cohorts and age groups, so we used data from two cohorts of critically ill pediatric patients 

and a cohort of young and middle-age critically ill adults to test our hypothesis. 

Related work 

Consensus clustering has provided promising results in clinical studies aiming at developing data-driven strategies for 

precision medicine in the acute care setting. Seymour et al.8 used consensus clustering to derive clinical phenotypes 

of sepsis and identified four relevant phenotypes that demonstrated heterogeneity of treatment effects. Consensus 

clustering has also been used to identify subgroups for intensive care unit (ICU) patients that reflect patients’ shared 

needs and clinical trajectories.9 This method has also been extensively used in genomic studies, for example to identify 

subclones and determine cell types from single-cell RNA sequencing,10,11  or to derive gene expression–based 

colorectal cancer classifications and elucidate the intrinsic subtypes of the disease.12 

Methods 

Design 

This was multi-center retrospective observational study using electronic health record (EHR) data. We measured the 

degree of organ dysfunction using the sequential organ failure assessment (SOFA) score in patients admitted to an 

adult ICU and the pediatric SOFA (pSOFA) score in patients admitted to two pediatric ICUs.1,13,14 The six organ 

system subscores (i.e. respiratory, coagulation, hepatic, cardiovascular, neurologic, and renal) of both SOFA and 

pSOFA are scaled from 0 (no dysfunction) to 4 (severe dysfunction). The pSOFA score is identical to the adult SOFA 

score, except it is age-adjusted for the renal and cardiovascular components and includes the SpO2/FiO2 ratio in the 
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respiratory subscore to account for the lower availability of arterial blood gases in pediatric patients.13 The six 

subscores were measured in 24-hour periods for the first 72 hours of stay in all patients and the highest score achieved 

was used as the clinical feature for clustering. The 72-hour time window was chosen as a proxy for the early phase of 

critical illness and because a large portion of organ dysfunctions tend to peak within the first days after ICU 

admission.1,13 

We included pediatric patients (<18 years old) as well as young and middle-aged adults (<55 years old) to test the 

hypothesis that biologically-robust phenotypes of MODS would be preserved across age groups. We excluded old 

adults to limit the influence of advance age-related comorbidities, chronic organ dysfunctions, and the high baseline 

mortality in that population. Information from pediatric ICU patients from two children’s hospitals in Chicago and 

adult ICU patients from a general hospital in Boston were used. Data from the pediatric ICUs was extracted from two 

local EHR databases for the years between 2010 and 2016 and the adult ICU data was extracted from the Medical 

Information Mart for Intensive Care III (MIMIC-III) database for the years between 2001 and 2012.14 Clinical data 

was extracted for the first 7 days of stay or until death or discharge from the ICU (whichever comes first) for the first 

ICU encounter that happened in each hospital admission. Additionally, demographic characteristics and outcome data 

were extracted. 

Data processing 

The subscores of the six organ systems were calculated based on the worst value for each variable in each 24-hour 

period. The variables included: PaO2/FiO2 ratio or SpO2/FiO2 ratio for the respiratory subscore, platelet count for the 

coagulation subscore, total bilirubin for the hepatic subscore, mean arterial pressure or catecholamine infusions for 

the cardiovascular subscore, Glasgow Coma Score (GCS) for the neurologic subscore, and creatinine for the renal 

subscore. For the renal criteria, we didn’t include the urine output since this data was considered unreliable in the EHR 

datasets. Missing values, such as absent laboratory test results or observations like a GCS, were assumed to be normal 

and a score of zero was assigned to those components, as it is common in organ dysfunction score studies.13,15,16 This 

follows the assumption that laboratory test that were not obtained or observations that are not recorded are deemed of 

low clinical importance by the clinicians taking care of the patients. Similarly, non-recorded interventions, such as 

absent mechanical ventilation parameters or vasoactive infusions were assumed to not have occurred. In the particular 

case of organ dysfunction scores, prior studies have demonstrated that performing multiple imputation as opposed to 

assuming normal values for missing values does not meaningfully change the results.15 MODS was defined as two or 

more organ systems with a SOFA/pSOFA subscore ≥2, which is similar to the criteria used in previous MODS studies 

and SOFA cutoffs used for denoting organ dysfunction and failure. 17,18 We used the maximum values of each of the 

six subscores in the first 72 hours as features for consensus clustering. 

Hierarchical and Consensus Clustering 

Hierarchical clustering analysis (HCA) is a classic clustering algorithm.19 HCA uses a vertex adjacency matrix which 

contains N × N nodes as input with distance measures, such as Pearson correlation, where N represents the number of 

items being clustered, for example, patients in a clinical dataset. HCA has two main types of approaches: 

agglomerative approach (AA) and divisive approach (DA). AA is a bottom-up approach which first measures the 

distance of any pair of items (or patients in our example), makes every item a single cluster, then merges the two closet 

clusters and updates the distance matrix repeatedly until clusters meet pre-specified stop criteria. DA is a similar, but 

top-down approach. The time complexity of HCA is T(KN2) where K represents the number of clusters and N 

represents the number of items being clustered. Owing to this time-consuming feature, HCA works better on relatively 

smaller datasets.20 HCA has been successfully applied to ICU settings where it has been used to visualize high 

dimensional or complex multivariate data and identifies hidden physiologic patterns for critically ill patients,21 or 

identify novel phenotypes of asthma.22 However, HCA has some drawbacks, for example, this algorithm is heuristic 

and searches for a splitting or merging decision at each iteration which lead to the optimized clustering goals unclear 

and small changes in the data use can shift the splitting or clustering.23 Some of these limitations may be overcome by 

using HCA in a consensus clustering framework.24 

Consensus clustering is an ensemble of clustering iterations with set of sub-sampled items (or patients in our case) in 

which the goal is to ascertain how often a pair of items are clustered together, which is consistent with a higher 

consensus and more robust clustering.  The framework for consensus clustering is as follows: we are given a set of 

items D= {x1, x2, …, xN} and a set of clusters ={π1, π2, π3, …, πn}of the items in D.25  Each clustering is a mapping of 

items from D to {1, ..., nπi}, where nπi indicates the number of clusters in πi. The process utilizes an inner-loop 

clustering algorithm to partition sub-sampled items.25 In order to calculate the proportion of times that two items in 

the set D are assigned to the same clusters πi among all the times when both of them were sampled, a consensus value 
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(CV) is generated for each pair of items. The CV ranges from 0-1, with smaller values indicating weaker consensus, 

and vice versa. If the CV of a pair approximates 1, this means both of the items in the pair are always assigned to the 

same clustering πi among all the times that they were both sampled.  

In this study, we used a consensus agglomerative hierarchical clustering algorithm with Pearson correlation as the 

distance measure, with 100 iterations and 80% random sub-sampling to generate all the item pairings and determine 

the CV of each pair. The optimal number of clusters for each cohort was determined using both a combination of 

cluster size and characteristics of the cumulative distribution function (CDF) curve, as performed in previous 

studies.8,25 The range of clusters tested was 2 to 10.  

To evaluate the reproducibility of the clusters, we run three independent consensus clusterings, one for each of the 

three sites (2 pediatric ICUs, 1 adult ICU), and compared the resulting clusters for similarities in the organ dysfunction 

patterns. 

Phenotype Characterization and Validation 

Clusters with similar patterns across the three cohorts were considered valid and were characterized as MODS 

phenotypes for further analysis. We used a clinical knowledge-driven, pragmatic, rule-based approach to characterize 

the phenotypes based on the maximum organ dysfunction of the most reproducible and characteristic organ systems 

across each similar cluster in the three cohorts. 

To validate the robustness of the phenotypes across age groups, we merged the pediatric cohorts and compared them 

to the adult cohort in terms of relative demographic and clinical characteristics, associated laboratory test values, and 

outcomes (in-hospital mortality and persistent MODS on day 7).  

Additionally, we tested whether phenotype membership was independently associated with in-hospital mortality after 

adjusting for confounders using logistic regression. Confounders included age, severity of illness on admission, history 

of cancer, and presence of multiple comorbidities, which were included in a multivariable regression model in which 

in-hospital mortality was the dependent variable and the phenotype membership and the confounders were the 

independent variables. Comorbidities were based on the Elixhauser Index for adult ICU patients and Feudtner’s 

classification in pediatric ICU patients.26,27 The severity of illness on admission was based on the Simplified Acute 

Physiology Score-II (SAPS II) score in adults and the Pediatric Risk of Mortality-III (PRISM III) score in pediatric 

patients.  

Finally, to determine if the features associated with outcomes (in-hospital mortality and persistent MODS at 7 days) 

were different across phenotypes, we fitted two multivariable logistic regression models for each phenotype including 

type and severity of organ dysfunction, age, history of cancer and comorbidities as candidate predictors of outcome. 

Statistical analysis 

Data was managed and analyzed using PostgreSQL version 10.9 and R version 3.4.4 (R Foundation for Statistical 

Computing). Categorical variables were compared using chi-square test and multivariable analysis using logistic 

regression. The statistical significance threshold was set at less than .05 for 2-sided tests. 

Results 

There were 10,617 patients with MODS in the three cohorts: 3,180 in the first pediatric ICU cohort, 2,117 in the 

second pediatric ICU cohort, and 5,320 in the adult ICU cohort. Pediatric MODS patients had a mortality of 8.5%, 

and 22% had persistent MODS at day 7. Young and middle-aged adult MODS patients had a mortality of 14.9%, and 

32.1% had persistent MODS at day 7.  

After consensus clustering, the average consensus values (CV) were high in the three cohorts for the number of cluster 

selected based on the CDF and cluster size: Pediatric cohort 1 (4 clusters) = median CV was 0.974 (interquartile range 

[IQR]: 0.92- 0.975); pediatric cohort 2 (4 clusters) = 0.985 (0.984- 0.986); adult cohort (3 clusters) = 0.987 (0.987- 

0.988). Consensus clustering uncovered three reproducible clusters across the three cohorts (Table 1). Based on the 

type and severity of organ dysfunction for each of these clusters, three phenotypes of MODS were clinically 

characterized using the following rules based on the SOFA/pSOFA subscores: 

a. If patients had maximum respiratory subscore of 3, a maximum neurologic subscore of 3, and maximum 

cardiovascular score of 1, then we classified those patients as Severe Hypoxemia and Shock Phenotype. 
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b. If patients had maximum coagulation subscore of 3, and maximum cardiovascular score of 1, then we classified 

those patients as Thrombocytopenia and Shock Phenotype. 

c. If patients had maximum renal subscore of 4 and maximum cardiovascular score of 1, then we classified those 

patients as Renal Dysfunction and Shock Phenotype. 

d. If patients didn’t meet any of the above criteria, then we classified those patients as Other MODS. 

Table 1. Characteristics of clusters by age group 

Critically Ill Children Cohort 1 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Total, No. (%) 2,162 (68) 583 (18) 203 (6) 232 (7) 

Max. pSOFA subscores, median (IQR) 

   Respiratory 3 (3-4) 0 (0-0) 0 (0-0) 0 (0-0) 

   Coagulation 0 (0-1) 3 (2-4) 1 (0-2) 0 (0-0) 

   Hepatic 0 (0-0) 0 (0-2) 0 (0-0) 0 (0-2) 

   Cardiovascular 1 (1-2) 1 (1-3) 1 (1-2) 2 (1-3) 

   Neurologic 3 (2-3) 2 (1-2) 2 (1-2) 3 (2-3) 

   Renal 0 (0-0) 0 (0-0) 4 (3-4) 0 (0-0) 

Critically Ill Children Cohort 2 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Total, No. (%) 1,811 (86) 113 (5) 133 (6) 60 (3) 

Max. pSOFA subscores, median (IQR) 

   Respiratory 3 (2-4) 0 (0-0) 0 (0-0) 0 (0-0) 

   Coagulation 0 (0-1) 3 (2-3) 0 (0-2) 0 (0-0) 

   Hepatic 0 (0-0) 2 (0-2) 0 (0-0) 2 (2-3) 

   Cardiovascular 1 (1-1) 1 (1-3) 1 (0-1) 1 (1-1) 

   Neurologic 4 (3-4) 0 (0-1) 1 (0-2) 2 (1-4) 

   Renal 0 (0-0) 0 (0-0) 3 (2-4) 1 (0-2) 

Critically Ill Young and Middle-Aged Adult Cohort 

 Cluster 1 Cluster 2 Cluster 3 - 

Total, No. (%) 4,635 (87) 361 (7) 324 (6) - 

Max. SOFA subscores, median (IQR) 

   Respiratory 3 (2-3) 0 (0-0) 0 (0-0) - 

   Coagulation 1 (0-2) 2 (2-3) 2 (0-2) - 

   Hepatic 0 (0-1) 2 (2-3) 0 (0-2) - 

   Cardiovascular 1 (1-3) 1 (1-3) 1 (1-2) - 

   Neurologic 4 (3-4) 0 (0-1) 0 (0-1) - 

   Renal 0 (0-1) 0 (0-1) 4 (2-4) - 

Abbreviations: SOFA, Sequential Organ Failure Assessment; pSOFA, pediatric Sequential Organ Failure Assessment; IQR, interquartile range. 

In total, 56.7% of pediatric MODS patients and 51.6% of adult MODS patients were classified into one of the three 

phenotypes. The mortality was higher in the patients who met criteria for one of these phenotypes compared to the 

Other MODS patients (12.5% vs. 3.3% in pediatric ICU patients and 20.4% vs. 9% in adult ICU patients, p<0.001). 

Table 2 presents the demographics, clinical characteristics, laboratory values, and outcomes of the three phenotypes 

stratified into pediatric vs. adult patients. In general, the three clusters had similar distribution, relative characteristics 

and outcomes across the two different age groups (Table 2 and Fig. 1).  
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Table 2. Characteristics of the three phenotypes by age group 

 

Severe Hypoxemia and Shock 

Phenotype 

Thrombocytopenia and Shock 

Phenotype 

Renal Dysfunction and Shock 

Phenotype 

 Pediatric  Adult   Pediatric Adult  Pediatric  Adult  

Total, No. (%) 2,335 (44) 2,157 (41) 536 (10) 330 (6) 131 (2) 274 (5) 

Male, No. (%) 1,310 (56) 1396 (64.7) 301 (56) 200 (60.6) 92 (70) 163 (59.5) 

Age in years, median (IQR) 

2.5 (0.6-9.9) 46.2 (38.2-

51.2) 

11.3 (3.6-16.1) 47.2 (40.4-

51.3) 

10.3 (2.5-15.8) 46.9 (39.3-

50.7) 

Race/ethnicity, No. (%)             

   White Non-Hispanic 695 (29.8) 1414 (65.6) 215 (40.1) 242 (73.3) 43 (32.8) 138 (50.4) 

   Black Non-Hispanic  892 (38.2) 188 (8.7) 70 (13.1) 19 (5.8) 46 (35.1) 94 (34.3) 

   Hispanic  520 (22.3) 125 (5.8) 194 (36.2) 16 (4.9) 31 (23.6) 21 (7.6) 

   Other 228 (9.8) 430 (20) 57 (10.6) 53 (16) 11 (8.4) 21 (7.7) 

Comorbidity, No. (%)       

   Chronic Cardiovascular    652 (27.9) 853 (39.6) 183 (34.1) 95 (28.8) 47 (35.9) 144 (52.6) 

   Chronic Respiratory  502 (21.5) 390 (18.1) 54 (10.1) 33 (10) 11 (8.4) 37 (13.5) 

   Chronic Renal 73 (3.1) 179 (8.3) 20 (3.7) 45 (13.6) 131 (100) 213 (77.7) 

   Cancer 182 (7.8) 106 (4.9) 246 (45.9) 47 (14.2) 12 (9.2) 8 (2.9) 

   Multiple Comorbidities 1,296 (55.5) 523 (24.3) 383 (71.5) 114 (34.6) 108 (82.4) 165 (60.2) 

Infection, No. (%) 1,303 (55.8) 1102 (51.1) 383 (71.5) 222 (67.3) 65 (50) 134 (48.9) 

Max. SOFA/pSOFA subscores  

in the first 72h, median (IQR)  

        

   Respiratory 3 (3-4) 3 (3-4) 0 (0-0) 0 (0-0) 0 (0-0) 0 (0-1) 

   Coagulation 0 (0-0) 1 (0-2) 3 (3-3) 3 (3-3) 0 (0-0) 0 (0-2) 

   Hepatic 0 (0-0) 0 (0-1) 0 (0-1) 2 (1-3) 0 (0-0) 0 (0-0) 

   Cardiovascular 1 (1-3) 1 (1-4) 1 (1-3) 1 (1-1) 1 (1-2) 1 (1-3) 

   Neurologic 3 (3-4) 4 (3-4) 1 (0-2) 2 (1-3) 1 (0-2) 2 (1-3) 

   Renal 0 (0-1) 0 (0-1) 1 (0-2) 1 (0-2) 4 (4-4) 4 (4-4) 

Laboratory test results in the  

first 72h, median (IQR) 

    

   Max. WBC, K/uL  

13.5 (9.4-18.9) 15.9 (11.4-

21.3) 

5.9 (0.9-12.9) 8.3 (4.7-13.3) 13.2 (9.8-18.1) 13.5 (9.5-18.3) 

   Min. Lymphocytes, K/uL 1.2 (0.6-2) 1 (0.5-1.6) 0.3 (0.1-0.8) 0.6 (0.3-1) 0.9 (0.5-1.9) 1 (0.5-1.3) 

   Min. Hemoglobin, g/dL 8.8 (7.3-10.4) 9.2 (8-10.8) 7.5 (6.5-8.7) 8.2 (7.1-9.2) 8.3 (7.5-9.9) 8.9 (8-10.2) 

   Max. INR 1.4 (1.2-1.9) 1.4 (1.2-1.9) 1.5 (1.2-2) 1.8 (1.4-2.5) 1.2 (1-1.3) 1.5 (1.2-2.1) 

   Max. PTT, sec. 39 (32-53) 36 (29-57) 41 (32-57) 42 (33-57) 27 (32-44) 36 (31-57) 

   Max. BUN, mg/dL 13 (9-20) 21 (14-34) 15 (10-24) 29 (17-54) 59 (46-78) 65 (47-86) 

   Max. ALT, U/L 31 (17-95) 46 (25-120) 46 (23-114) 53 (29-99) 28 (15-148) 40 (22-92) 

   Max. Lactate, mmol/L 2.2 (1.3-4.5) 3.1 (1.9-5.5) 2 (1.2-3.6) 3.1 (1.9-5.2) 1.5 (1.1-2.8) 2.2 (1.5-3.3) 

Hospital LOS in days, 

median (IQR) 

13 (6-24) 13 (7-23) 10 (5-18) 10 (6-22) 10 (7-17) 9 (6-16) 

In-hospital mortality, No. 

(%) 

315 (13.5) 443 (20.5) 56 (10.4) 87 (26.4) 3 (2.3) 32 (11.7) 

MODS on day7, No. (%) 1,025 (44) 1,144 (53) 139 (25.9) 67 (20.3) 19 (10.2) 45 (16.4) 

Abbreviations: SOFA, Sequential Organ Failure Assessment; pSOFA, pediatric Sequential Organ Failure Assessment; IQR, interquartile range; 

WBC, White blood cells; INR, International Normalized Ratio; PTT, partial thromboplastin time; BUN, blood urea nitrogen; ALT, Alanine 
aminotransferase; LOS, length of stay; MODS, multiple organ dysfunction syndrome. 
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Figure 1. Radar charts of the three MODS phenotypes based on the maximum organ dysfunction subscores 

achieved in the first 72 hours of critical illness 

The Severe Hypoxemia and Shock Phenotype had the highest proportion of patients, occurred in a relatively younger 

subset in each age group and these patients had a lower rate of multiple comorbidities. Patients in this phenotype had 

higher white blood cell count and lactate levels in the first 72 hours when compared with the other two phenotypes. 

Finally, patients in this phenotype had high in-hospital mortality, the highest rate of persistent MODS at 7 days, and 

the longest hospital lengths of stay. 

The Thrombocytopenia and Shock Phenotype had the second highest proportion of patients and occurred in a relatively 

older subset of patients in each age group, who also had a higher rate of cancer diagnosis and suspected or confirmed 

infections. Interestingly, Black Non-Hispanic patients were underrepresented in this phenotype in both younger and 

older patients. Patients in this phenotype had higher rates of lymphopenia, relative anemia, and mild-to-moderate 

hepatobiliary dysfunction depending on the age group compared to the other phenotypes. Finally, patients in this 

phenotype had similar in-hospital mortality but lower rates of persistent MODS at 7 days and shorter length of stay 

than the Severe Hypoxemia and Shock Phenotype.  

The Renal Dysfunction and Shock Phenotype had the lowest incidence and it appears to represent an acute worsening 

of chronic comorbidities, as most of these patients have pre-existing kidney and cardiovascular disease. These patients 

had the lowest in-hospital mortality and lowest rates of persistent MODS at 7 days of the three phenotypes. 

After adjusting for age, severity of illness on admission, the presence of cancer, and multiple comorbidities, adult ICU 

patients with the Severe Hypoxemia and Shock Phenotype and the Thrombocytopenia and Shock Phenotype had higher 

odds of in-hospital mortality compared to the Other MODS patients (adjusted odds ratios [aOR] of 1.5 and 2, 

respectively, both p <0.001). Adult ICU patients with the Renal Dysfunction and Shock Phenotype had similar in-

hospital mortality as Other MODS patients after adjusting for confounders (p=0.07). After adjusting for the same 

confounders, pediatric ICU patients with the Severe Hypoxemia and Shock Phenotype had higher odds of in-hospital 

mortality compared to the Other MODS patients (aOR of 1.6, p = 0.002). PICU patients with the Thrombocytopenia 

and Shock Phenotype and the Renal Dysfunction and Shock Phenotype had similar in-hospital mortality as Other 

MODS patients after adjusting for confounders. 

Table 3 presents the results of the multivariable analysis of predictors of in-hospital mortality for the two highest risk 

MODS phenotypes, the Severe Hypoxemia and Shock Phenotype and the Thrombocytopenia and Shock Phenotype. 

Due to the lower mortality rate and risk of overfitting, patients with the Renal Dysfunction and Shock Phenotype were 

not included in this analysis. For the Severe Hypoxemia and Shock Phenotype, in both adult and pediatric ICU patients 

the predictors of in-hospital mortality were: the severity of the respiratory, cardiovascular and neurologic dysfunction, 

and the presence of cancer comorbidity. Additionally, in adult ICU patients the severity of hepatic dysfunction was 

also a predictor of mortality. For the Thrombocytopenia and Shock Phenotype, in both adult and pediatric ICU patients 

the predictors of in-hospital mortality were: presence of cancer comorbidity and the severity of the hepatic dysfunction. 
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Table 3. Multivariable analysis of predictors of in-hospital mortality in the two high-risk phenotypes by age group 

Abbreviations: aOR, adjusted odds ratios; CI, confidence interval; SOFA, Sequential Organ Failure Assessment; pSOFA, pediatric Sequential 

Organ Failure Assessment. Results in bold denote statistically significant associations.  

Additionally, in pediatric ICU patients the severity of respiratory, neurologic, and renal dysfunction were also 

predictors of mortality. 

Discussion 

We identified three distinct, reproducible phenotypes of MODS in a large cohort of pediatric patients and young and 

middle-age adults using consensus clustering. Patients within each phenotypes shared clinical characteristics and 

outcomes across age groups and each phenotype had distinct predictors of mortality associated. Better understanding 

and characterizing these phenotypes could help us develop precision medicine strategies for the management of 

MODS in pediatric and adult ICU patients.2  

Prior adult studies using unsupervised learning approaches in patients with sepsis and sepsis-associated MODS have 

characterized similar phenotypes. Both Knox et al.6 and Seymour et al.8 described four phenotypes of sepsis, and in 

both cases those phenotypes included a phenotype with predominant hypoxemia and shock, a coagulation and 

hepatobiliary dysfunction phenotype, and a renal dysfunction phenotype. To our knowledge, this is the first study to 

demonstrate these phenotypes in all MODS patients and in both pediatric and adult critically ill patients. 

There are several limitations in our study. First, this was a retrospective study based on EHR data, so only data obtained 

during routine clinical care was available. Second, we only included data on organ dysfunction during the first 72 

hours and used a pragmatic approach to define the rules for phenotyping, which can potentially introduce bias. Third, 

we only used data from one adult cohort and two pediatric cohorts. Larger, multi-center studies are needed to confirm 

our results and determine the clinical utility of this phenotype classification schema. 

Conclusion 

MODS is one of the major causes of mortality in critically ill patients, and is a complex, heterogeneous syndrome 

consisting of different phenotypes. We used consensus clustering to derive three novel data- and knowledge-driven 

phenotypes of MODS in a large, multi-center cohort of pediatric, young and middle-aged adults admitted to three 

different ICUs. These phenotypes shared similar clinical characteristics, outcomes and predictors of mortality across 

age groups. Further validation in large, multi-center studies is needed to confirm our results. 

  

 
Severe Hypoxemia and Shock Phenotype, 

aOR (95% CI) 

Thrombocytopenia and Shock Phenotype, 

aOR (95% CI) 

 Pediatric  Adult   Pediatric Adult  

Age, years 

 

1 (1-1) 1 (0.98-1) 1 (1-1) 0.98 (0.9-1) 

Cancer  2.4 (1.5-3.8) 5.9 (3.3-10.5) 2.8 (1.4-5.6) (1.3-8.3) 3.3 (1.3-8.3) 

Multiple Comorbidities 1.4 (1-1.8) 0.7 (0.5-1) 0.9 (0.5-2.1) 0.9 (0.4-1.9) 

Max. SOFA/pSOFA subscores in the first 72h 

subscores in the first 72h   
  

    

   Respiratory 2.3 (1.6-3.5) 2.1 (1.6-2.9) 1.6 (1.2-2) 1.3 (0.9-1.8) 

   Coagulation 1.1 (1-1.3) 1.2 (1-1.3) 1.2 (0.6-2.3) 2 (0.8-4.8) 

   Hepatic 0.9 (0.8-1) 1.5 (1.3-1.7) 1.4 (1.1-1.8) 1.5 (1.2-1.9) 

   Cardiovascular 2.4 (2.1-2.7) 1.3 (1.2-1.4) 1.1 (0.8-1.5) 1.3 (1-1.8) 

   Neurologic 2.1 (1.5-2.9) 2 (1.4-2.9) 1.7 (1.3-2.2) 1.3 (1-1.6) 

   Renal 1.1 (1-1.3) 1.1 (1-1.3) 1.6 (1.2-2.1) 1.3 (1-1.6) 
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Abstract  

Recently, there has been a growing interest in developing AI-enabled chatbot-based symptom checker (CSC) apps in 
the healthcare market. CSC apps provide potential diagnoses for users and assist them with self-triaging based on 
Artificial Intelligence (AI) techniques using human-like conversations. Despite the popularity of such CSC apps, little 
research has been done to investigate their functionalities and user experiences. To do so, we conducted a feature 
review, a user review analysis, and an interview study. We found that the existing CSC apps lack the functions to 
support the whole diagnostic process of an offline medical visit. We also found that users perceive the current CSC 
apps to lack support for a comprehensive medical history, flexible symptom input, comprehensible questions, and 
diverse diseases and user groups. Based on these results, we derived implications for the future features and 
conversational design of CSC apps. 

Introduction 

Recently CSC (chatbot-based symptom checker) apps have proliferated in the mobile application market. A chatbot is 
defined as a computer program that can conduct a conversation with humans. A CSC app assesses medical symptoms 
using chatbots that have conversations with users1. Users input their symptoms and acquire diagnoses by 
communicating with the chatbot embedded in the CSC app. Most CSC apps have appeared in the last few years 
following the development of the AI algorithms that were applied to conversational chatbots2. Based on our 
calculations, some CSC apps (e.g., Ada, K Health, and HealthTap) have been downloaded from the Google Play store 
more than one million times since the release. Despite their popularity, however, CSC apps, as a consumer-facing 
diagnostic technology, have received little attention in the healthcare domain; most previous research has focused on 
diagnostic tools for clinical decision support, helping medical professionals or healthcare providers seek information3 
and reduce diagnostic errors4.  

Although developers of CSC apps promise various benefits, such as support for medication information5 and triage 
decisions6, users, especially individuals with high-risk diseases, can put their lives at risk if they blindly trust the apps’ 
diagnostic results7. CSC apps can lead to inaccurate predictions and unintended consequences in medical diagnoses8. 
Thus, users’ perceptions of the CSC apps’ effectiveness are essential as the apps can influence users’ further healthcare 
decisions. Plenty of studies have focused on reviewing health applications, such as exploring the applications’ socio-
technical implications9, suggesting guidelines for CSC apps’ implementations10, and giving an overview of the chatbot-
based health apps used for behavioral changes9. Other studies have explored the conversational design of healthcare 
chatbots, illustrating the importance of considering users’ design preferences10. However, few studies have focused 
primarily on the features and the effectiveness of CSC apps. Little research has also been done to recommend guidelines 
for healthcare chatbots’ conversational design from the users’ perspectives. As it is still unclear what features CSC apps 
should provide to effectively assess users’ symptoms, there is a crucial need for an empirical understanding of how users 
perceive the effectiveness of CSC applications. 

To fill these gaps, we combined a feature analysis, an app review analysis, and semi-structured interviews to look at 
users’ needs and perceptions of CSC apps in the hopes of influencing future design. We conducted a feature review 
on eleven CSC apps to analyze their functionalities and analyzed a set of online reviews taken from the U.S. Apple 
and Google Play stores to examine users’ experiences. We then conducted ten interviews with CSC app users to cross-
validate the online review analysis results. We have identified five CSC app deficiencies: an insufficient consideration 
of health history, rigid input requirements, problematic probing questions, the ignorance of diverse health conditions, 
and a lack of functions regarding follow-up treatments. To the best of our knowledge, this is the first study to review 
the functionalities and users’ experiences of CSC apps. Our findings reveal new challenges for the functional and 
conversational design of CSC apps from users’ perspectives. 

1354



  

 Methods 

We began our work with a feature analysis on selected CSC apps. Based on the feature analysis, we used a review 
analysis to examine user perceptions for the identified features. We then conducted ten semi-structured interviews to 
cross-validate our review analysis findings.  

App selection 

To obtain qualified CSC apps for the feature review, we searched the Apple app and Google Play stores for CSC apps 
(free, freemium, and paid) that are accessible within the U.S., using the following keywords: “medical OR health OR 
healthcare AND chatbot OR symptom checker.” The initial search returned 70 apps on the Apple app store and 289 
on Google Play. We then selected 11 apps for the feature analysis on the basis of the following six criteria: (1) the 
presence of a chatbot function; (2) the use of English;  (3) medical diagnosis as the main focus;  (4) a general health 
focus (not only mental health); (5) health consumers and not medical professionals as the target users; (6) 
downloadable and functional. We excluded 71 apps that did not employ a chatbot, another 200 that specifically 
targeted mental health, and 77 that did not focus on symptom checking (Figure 1). The 11 apps we selected are Ada, 
K Health, Ask NHS, Your.MD, Mediktor, HealthTap, Apothēka Patient, Sensely, Health Buddy, Babylon, and NHS 
online: 111. All but “Health Buddy” can be found in both the Apple app and Google Play stores; “Health Buddy” can 
only be found in the Apple app store.  

From the 11 CSC apps used for the feature review, we selected 4 apps (Ada, K Health, Your.MD, and Ask NHS) for 
the review analysis. Our selection was based on the two following criteria: (1) the apps must have at least 750 reviews; 
(2) the apps must have at least 25 ratings. This was done to eliminate any potential bias of a particular user.  

 
Figure 1. App selection flow graph 

App feature analysis 

A feature review is a common research approach in health informatics that involves reviewing app history (e.g., ratings 
and developers)13,14, data policies15, functions12, and target users16 to evaluate the validity of mobile apps. Following the 
app feature analysis methodology, we carried out a critical feature analysis to shed light on the feature design of the 
CSC apps. We downloaded all 11 apps, studied their main features, and then coded them based on the eight stages of 
the offline diagnostic process17: (1) establishing a patient history, (2) conducting a physical exam, (3) evaluating 
symptoms, (4) giving an initial diagnosis, (5) ordering further diagnostic tests, (6) performing and analyzing test 
results, (7) providing a final diagnosis, and (8) providing referrals or other follow-up treatments. Finally, we developed 
a coding sheet of feature categories with subcategories. We used these stages to evaluate CSC apps’ features because 
they are widely-adopted in offline medical consultations.  

App review analysis and semi-structured interview analysis 

We first conducted a review analysis for the four selected CSC apps, Ada, K Health, Your.MD, and Ask NHS. A 
review analysis is a process widely used in health informatics to identify how users rated an app13,18. App reviews exist 
in publicly available datasets and cover a large user population. The app reviews can reveal users’ experiences with 
and attitudes toward apps19. We followed the app review analysis methodology, downloading all reviews written from 
January 2014 for each CSC app with the help of two app analytics tools (ASO100 and App Annie) and analyzed these 
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reviews critically. We screened reviews on the basis of the following two criteria: (1) the review is in English; and (2) 
the review is no shorter than 20 characters. We finally analyzed 500 most-recent reviews for each CSC app and reached 
data saturation. 

To cross-validate the online review analysis results and acquire more in-depth insights as to how users perceive CSC 
apps, we conducted ten semi-structured interviews with CSC app users. Participants were recruited through social 
media and Studyfinder, a web-based participant recruitment tool provided by Penn State Clinical Translational Science 
Institute. We first utilized a screening survey to filter out unqualified participants. The eligibility criteria for users 
were as follows: (1) over the age of 18; (2) has used CSC app(s) to seek possible diagnoses; and (3) the last time of 
use was within the last year. We conducted interviews until the data from the review analysis and the interview study 
reached “theoretical saturation20.” We finally recruited ten interviewees who had rich experience in using CSC apps. 
Our Participants aged from 23 to 40. They used CSC apps to consult for diverse symptoms, such as stomachache, 
cough, and headache. The CSC apps that our participants used include Ada, K Health, Your. Md, and Ask NHS. We 
conducted semi-structured individual interview sessions with each participant. These interviews took about 30 minutes 
to 1 hour, starting with the following open-ended questions: (1) which app do you prefer (if the user has used more 
than one)? (2) how do you feel about having conversations with these apps? (3) what are your preferred forms of 
conversation? Participants could decline to answer any question, refuse to be audio-recorded, or withdraw from the 
study at any time. We then manually transcribed the interviews. 

We then used thematic analysis in an inductive approach21 for the online reviews and interview transcripts. We first 
familiarized ourselves with the reviews and then generated the initial codes. The initial code list was comprised of 
over twenty codes. We then searched for themes and acquired a collection of candidate themes and sub-themes. Next, 
we reviewed and refined our themes to ensure internal homogeneity and external heterogeneity22. Finally, we acquired 
our final thematic map and defined five themes: 1.) how users perceived the profile function of these CSC apps; 2.) 
how users considered the input function; 3.) how users interpreted the probing questions; 4.) how users understood 
the diagnostic results; and 5.) what functions users desired regarding follow-up treatments.  

We obtained the university IRB approval prior to the data collection. During each interview, we obtained informed 
consent from every participant. When reporting our findings, we used R1, R2, etc. to indicate the different users 
writing online reviews in our review analysis and P1, P2, etc. to denote each interview participant. 

Results 

App feature analysis 

After coding the features mapped by the eight stages of the offline diagnostic process, we categorized their features 
(Table 1). We found most apps can support the following five processes: establishing a patient history, evaluating 
symptoms, giving an initial diagnosis, ordering further diagnostic tests, and providing referrals or other follow-up 
treatments. These apps do not support conducting physical exams, providing a final diagnosis, and performing and 
analyzing test results because these three processes are difficult to realize using mobile apps. 

To establish patient history, six apps vary in the amount of personal, demographic, and health information users need 
to input. For example, HealthTap requires exhaustive amounts of information, including name, age, gender, ethnicity, 
current and past conditions, medications, allergies, vaccinations, lab test results, treatment, lifestyle, and pregnancy 
status. On the contrary, other apps require only basic information. An example is Your.MD, which only requires name, 
date of birth, gender, and consultation history in its profile.  

To give an initial diagnosis, assessment presentations vary. Three apps (Ada, K Health, and HealthTap) reflect the 
likelihood of diagnostic results in comparison with similar users; four apps (Ada, K Health, Your.MD, and Mediktor) 
employ pictures or diagrams to explain conditions; only one app (Ask NHS) uses videos to explain diagnostic results.  

For referrals or other follow-up treatments, the apps usually connect with offline medical services, including 
contacting doctors (K Health, Mediktor, HealthTap, and Apothēka Patient), getting prescriptions (Your.MD and K 
Health), and finding pharmacies (Ask NHS and Your.MD) and hospitals (NHS online: 111). Symptom tracking is also 
prevalent in these apps (Ada, K Health, and Your.MD); users can utilize this function to track the severity of their 
symptoms over time.  
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Table 1. Features of the eleven apps. 

Name 1.Establish A Patient History 3.Evaluate 
Symptoms 

4.Give an 
Initial 
Diagnosis 

5.Order 
Further 
Diagnostic 
Tests 

8.Referrals or 
Other Follow-up 
Treatments 

Ada Date of birth, gender, height, 
weight, medication, allergies, 
health background (e.g., 
diabetes) 

√  Likelihood, 
cause-and-
effect 
diagram 

× Symptom tracking 

K Health Date of birth, gender, height, 
weight, medications, allergies, 
ethnicity, smoking, surgeries, 
chronic conditions, family 
history 

√  Likelihood, 
pictures for 
conditions 

× Chat with doctors, 
get prescriptions, 
symptom tracking 

Ask NHS ×  √  Text / video × Find pharmacies 
Your.MD Date of birth, gender, 

consultations history 
√  Text / 

pictures for 
conditions 

Order tests 
using third-
party apps 

Get prescriptions, 
find pharmacies, 
symptom tracking  

Mediktor Age, gender, height, weight, 
medication, race, allergies, risk 
factors, past medical history, 
past surgical history 

√  Text / 
pictures for 
conditions 

× Chat with doctors 

HealthTap Age, gender, medications, 
allergies, ethnicity, current and 
past conditions, vaccinations, 
lab test results, treatment, 
lifestyle, pregnancy 

√  Likelihood, 
text 

× Chat with doctors 

Apothēka 
Patient 

Age, gender, weight, height, 
blood group 

√  Text × Book an 
appointment with 
a doctor 

Sensely × √  Text × × 
Health 
Buddy 

× × Text × × 

Babylon × √  Text × × 
NHS 
online: 111 

× √  Text × Find hospitals 

 

In addition to different functionalities, these apps employ diverse forms of information expression. Most apps allow 
users to use text to input their symptoms. However, the flexibility of input is limited in certain apps (Ada, K Health, 
Ask NHS, Your.MD, Mediktor, and Sensely), which ask users to choose from a restrictive list. Only two apps (Ask 
NHS and Sensely) allow users to input information via voice recording. Two apps (K Health and HealthTap) let users 
input information by clicking on separate parts of an image. Most apps use various forms of text, voice, and pictures 
to explain the questions presented during conversation. K Health uses cartoons and Ada uses pictures of real human 
body parts to explain the medical jargon that appears in the questions. For example, K Health uses a cartoon picture 
to illustrate the red joint and Ada uses a picture of a real human throat to elucidate a reddened throat (Figure 2). Some 
CSC apps also use humanizing language in their questions, such as “Thanks for telling me about your…” (K Health). 
Two apps (Ask NHS and Sensely) employ avatars with a recorded human voice to ask questions (Figure 2). 
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Figure 2. Example screenshots illustrating the pictures and avatars embedded in the CSC apps (from left to right: a 
cartoon picture of a red joint from K Health, a picture of a reddened throat from Ada, the avatar of Ask NHS, the 
avatar of Sensely). 

App review analysis and interview analysis 

After the feature analysis, we analyzed users’ reviews of four CSC apps–Ada, K Health, Ask NHS, and Your.MD. We 
also conducted semi-structured interviews to study users’ perceptions. Our analysis revealed users’ experience in the 
following aspects: a failure to consider patient history, rigid input requirements, problematic probing questions, a 
neglect of diverse health conditions and user groups, and a lack of enough functions for follow-up treatments. We 
summarize the findings in Table 2 and report details in this section. 

Table 2. Summary of main findings from online reviews and interview transcripts. 

 

(1) A failure to consider Patient history 

Although in our feature analysis, we found that some CSC apps could record the basic health information of users, some 
perceived that none of the records were sufficient when compared with those required by offline medical consultations. 
Some users noted that many CSC apps did not ask for existing diagnoses and current medications, which they deemed 
essential information. For instance, P3 thought that medications and surgeries were important to reach a diagnosis, especially 
for people who had relevant conditions.   

“if someone is like actually having a lot of medication and surgeries, the profile is important. Because they're actually having 
surgeries and medications that might be relevant to their current symptoms.” (P3; K Health) 

Users also found that some CSC apps overlooked some personal information, such as race. R1 thought that race should be 
considered when making a diagnosis. Sickle cell disease (SCD) is a genetic disease23, common among people whose 
ancestors are from sub-Saharan Africa, Spanish-speaking regions in the Western Hemisphere, and Mediterranean countries. 
Thus, this disease is strongly connected to racial information, which made R1 skeptical of the accuracy of K Health because 
K Health did not ask his/her race. 

“Why wouldn't a health diagnosis app ask one’s race? I was curious to see if you could diagnose my known disease, Sickle 
Cell Anemia. Yet without asking my race, it was almost impossible to do so…” (R1; K health) 

(2) Rigid input requirements  

Perspectives Details Diagnostic processes 
A failure to consider 
Patient history  

Ignore existing diagnoses and medications 1.Establish a patient history 
Overlook personal information 

Rigid input requirements  Limited descriptions for disease dimensions 3.Evaluate symptoms 
Limited presentations of symptoms input 

Problematic probing 
questions  

The difficulty of comprehending complex sentences 3.Evaluate symptoms 
Slow interactions with numerous or seemly irrelevant 
questions 
Unreasonable asking sequence  

A neglect of diverse 
health conditions and 
user groups 

Lack support for diverse diseases  4.Give an initial diagnosis 
Lack support for certain user groups  

A lack of enough 
functions for follow-up 
treatments 

Need to support customized symptoms tracking 8.Referrals or other follow-up 
treatments Need to reach out medical professionals 

Need to provide information regarding medications 
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Some users also found that some CSC apps could not process a complexity of symptoms, especially when dealing with 
diseases with a large array of symptoms or symptoms defined by users. In the feature analysis, we discovered that most 
CSC apps ask users to choose symptoms from a preset list. Users thought that these lists restricted their input.  

First, some complained about the limited descriptions for disease dimensions. In the following example, R2 desired to input 
further details related to symptom frequency. R2 wanted additional options, such as “sometimes,” to the current choice of 
“yes” or “no”. R2 explained, “… but there has to be an option for “at times” as a response to a symptom question instead 
of a “yes, no or idk” response…” (R2; Ada). 

Moreover, some users wanted to input multiple locations for their symptoms. As R3 posted, “…Could do with a multiple-
choice response on some answers, my pain is not located to just 1 area…” (R3; Ask NHS).  In this instance, the user thought 
that detailed location information was essential to reach a more accurate diagnostic result. 

Second, some users were dissatisfied with the limited input for symptom presentation, especially in apps that had a pre-
structured symptom selection list (e.g., K Health). P1 complained that K Health couldn’t recognize the symptoms she input. 
She recounted, “when I typed in ‘hyperthyroidism’, it didn’t respond. I realized you have to input common symptoms, like 
‘tired’. I also typed in ‘heart rate’, but it didn’t have this word. I know they can’t recognize all words; the thing is I don’t 
know what they have or not have in their database” (P1; K Health). She believed that K Health was unable to identify 
particular medical terms, such as hyperthyroidism and heart rate; however, she was unsure what words she needed to use to 
describe her symptoms. Other users also found that some CSC apps lacked support for certain medical terms. In R4’s case, 
Your.MD wouldn’t acknowledge the simple medical term, “pimple.” R4 explained, “… it just does not understand what a 
simple ‘pimple’ means, suggests me skin rash and many more irrelevant information over and over again…” (R4; 
Your.MD). R4 wanted to search for information about a “pimple”; however, Your.MD did not understand it as a medical 
term and gave the wrong answers.  

(3) Problematic probing questions  

Even though our feature analysis found that several CSC apps provide explanations for medical jargon, some users 
still had trouble understanding the probing questions and complained about a large number of them. 

First, our interviewees mentioned the difficulty of comprehending the complex language the apps frequently use. For 
example, P2 thought that the questions Ask NHS asked were difficult to understand. She said, “The questions of ASK NHS 
are not that readable, like ‘How does general behavior or thoughts seem at the moment?’ So just use some simple 
words to ask” (P2; Ask NHS). She thought that Ask NHS should use simpler terminology so that users could better 
understand the questions. 

Second, some users complained about the quantity of questions, especially with Ada and K Health, which made interactions 
with the CSC apps very slow and lengthy. R5 complained that Ada and Ask NHS had too many questions to answer, with 
no diagnostic results following the questionnaire. R5 wrote, “[I]…was not given a diagnosis at the end of her hundred 
questions...” (R5; Ask NHS). 

P5 also disliked answering so many questions. She doubted the necessity of some of the questions. She said, “So say I’m 
coughing, it’s asking me ‘do you have pain in the muscle?’ I was [also] wondering why I need to tell them about blood 
pressure if I’m just coughing, sometimes I wonder why they ask these questions?” (P5; K Health). She felt confused about 
why K Health asked these questions regarding the pain and blood pressure and she did know the relation between these 
questions and her symptom (i.e., cough). In line with their opinions, P10 perceived the long-winded questions bothered her 
because of their unreasonable asking order. She stated, “It should ask highly relevant first and then ask lowly relevant 
questions. But Your.MD, its questions are not logical. When I say I’m vomiting, it asked you first, like ‘have you had more 
alcohol then you think your body can cope with?’ Then it asked me ‘do you have any of these symptoms today?’ Then it 
asked, ‘Have you drunk any alcohol today?’ So, I think these questions are not logical. The questions are too many and 
inaccuracy” (P10; Your.MD).  

Adding to the difficulty was that many users found the chatbots’ conversational style problematic. R6 thought that Ada’s 
questioning was rigid and lacked humanity: “Conversation stilted and unlike a real human at all” (R6; K health). 

Some wished that their interactions with the CSCs more closely mimicked real conversations. For example, R7 wanted Ask 
NHS to express emotion and have an increased response flexibility: “…need more interaction and give one the ability to 
express their feelings more than prepared answers…” (R7; Ask NHS). 

(4) A neglect of diverse health conditions and user groups 
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While all CSC apps in the feature analysis could provide initial diagnoses, some users in the review analysis noted CSC 
apps lacked the sufficient knowledge to support diverse diseases and special user groups. 

First, some users perceived CSC apps should have supported certain particular diseases. For example, R8 intended to acquire 
information regarding skin burns and throbs from Ask NHS. However, R8 simply received answers regarding menstruation, 
which were off track from his/her intended search. As R8 noted, “Absolutely useless app I wanted answers to why my skin 
burns and throbs for a long period of time her answers were about a f*****g period?!?!” (R8; Ask NHS). This implies 
Ask NHS cannot recognize certain medical terms and has difficulty in understanding users’ input from the user’ perspective. 

Specifically, some CSC apps showed support for chronic diseases, yet more comprehensive knowledge of the complexity 
of chronic conditions was desired by some users. For example, some users perceived these AISC apps could not distinguish 
chronic diseases from acute diseases efficiently. The below review shows R9 perceived Ask NHS could not identify the 
difference between chronic kidney disease and acute kidney disease.  

“There are major deficiencies in this app. For example, it is hazy about the terms chronic and acute. I asked about chronic 
kidney disease. And it responded about acute kidney infection, an entirely different condition. I shall remove the app as soon 
as I finish this comment.” (R9; Ask NHS) 

Second, some users also noticed that the existing design of the apps did not accommodate diverse user groups. R10 wanted 
Your.MD to recognize the experiences particular to the mothers of babies. R10 wrote, “…this app doesn't take into 
consideration women with young babies when asking about sleep patterns” (R10; Your.MD). 

Those identifying as transgender showed their dissatisfaction with the CSC apps. R11 complained that Ada overlooked the 
health issues of trans people and did not offer more gender setting options.   

“…the poor handling of terminology that is needlessly binary and unaccommodating of trans health issues (like increased 
incidence of breast cancer after transitioning as an AMAB trans woman) are actively HARMFUL to trans people - not to 
mention the unpleasant and dysphoria-inducing experience that I MUST input my "sex at birth" with no other options, 
though they may be medically relevant...” (R11; Ada). 

In addition, some online users wanted to use the CSC apps for children. R12 thought Ask NHS ignored situations where 
caregivers would use it with their kids. 

 “Wanted to use it for my children but there is no option for that. Can only use it for one person and not children.” (R12; 
Ask NHS) 

(5) A lack of enough functions for follow-up treatments 

Some users expressed their approval of the existing functions regarding the follow-up treatments that we identified in 
the feature analysis. For example, R13 thought that the symptom tracking function was useful to track headaches. 

 “Amazing to be able to track my symptoms for a couple of weeks and finally understand what I can do to get better. 
Now no more headaches.” (R13; Your.MD) 

R14 was satisfied to acquire other medical services from Ask NHS.  He/she stated, “Useful. People using this need to 
understand you are not getting a diagnosis, it can help to guide you to the right place or person to speak to about your 
problem or concern. Self-care option very good.” (R14; Ask NHS) 

However, some users also showed their desire for more follow-up treatment functions, such as tracking customized 
symptoms. This was something R15 complained about. “Can't track customized symptoms” (R15; Your.MD). 

Some desired a medication information function. R16 stated, “Only downside is that it doesn’t offer specific medicines” 
(R16; Ada). For apps that do not provide this function, a follow up with medical professionals was desired by some 
users, as shown in this review, “Please add the option to contact or connect to doctors and professionals and provide 
them with your past reports and assessments to track your progress” (R17; Ada). 

Discussion 

We found that most CSC apps can support five diagnostic processes that are included in the common offline medical 
visit: establishing a patient history, evaluating symptoms, giving an initial diagnosis, ordering further diagnostic tests, 
and providing referrals or other follow-up treatments. Through our review analysis and interview study, we discovered 
that users found weaknesses in the CSC apps’ following functions: health history establishment, symptoms input, 
probing questions presentation, and diverse disease and user group support. Users also wished for more comprehensive 
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features, such as medication information and customized symptom tracking. We will discuss these findings in this 
section. 

Design app features to bridge the social-technical gap. Our study identifies that there is a social-technical gap between 
the features of CSC apps and offline medical consultations during each diagnostic process that the CSC apps support. 
When establishing a patient history, a clinical probing process usually collects a complete medical history and reviews a 
patient’s previous activities17. However, the profiles of the CSC apps missed critical information in their medical history, 
which disappointed users. As such, the current profile of CSC apps needs to be more comprehensive. We also found the 
CSC apps’ knowledge base ill-suited to disease complexity during the evaluation of symptoms. For example, when 
inputting symptoms, users found it difficult to input the sufficient dimensions of their conditions. However, in the 
offline setting, describing symptoms is complicated, requiring details regarding frequency, severity level, and location. 
Additionally, the real-world probing process requires communication skills, including empathy and the building of 
rapport24. Users complained about the stilted language of the apps’ probing questions. Although some CSC apps employ 
humanizing language, work is still needed to more closely mimic human conversation. Finally, users perceived that the 
CSC apps lacked support for diverse users, echoing the guidelines of inclusive design, which requires product design to 
take into account the needs of all users without requirements for adaption25. The inclusiveness of offline healthcare 
services has already been emphasized26. Our study reveals that we should also consider inclusiveness in CSC apps 
design, reporting that users wanted CSC apps to accommodate diverse user groups. 

These findings offered a new angle to consider in future consumer-facing diagnostic tools design and research: users’ 
experiences can be improved if these tools provide similar functions and experiences to clinical visits in the real world. 
Future design should strive to take into consideration users’ offline experiences, enhance the technology’s knowledge 
base, and follow the guidelines of inclusive design to accommodate diverse contexts. In the case of the CSC apps, 
establishing a comprehensive health profile, allowing users to input different levels of symptoms, improving response 
speed, and providing more functions for follow-up treatments could improve the user experience. 

Address users’ needs in the conversational design of healthcare chatbots. Our findings reported that users had 
concerns about the input limitations and the comprehensibility of language in the conversational design of the CSC 
apps. 

First, our study reported that users had difficulties in inputting symptoms. Users found that some CSC apps could not 
recognize their input, such as medical terms. Previous research has found that the difficulty of describing symptoms 
accurately can affect the users’ acceptance of chatbots27 and that accurately recognizing human input plays an 
important role in chatbot design28. Our study confirms these arguments as our participants desired flexible input in the 
chatbot conversations. Users wanted to input symptoms more easily and to be able to use words that they perceived 
as simple and familiar. This calls for research on approximate string matching and character recognition in the 
conversational design of healthcare chatbots.  

Second, our findings reported that users perceived some language difficult to understand. Our study found that users 
had difficulty understanding the medical jargon that appeared in questions, which may lead to inappropriate input 
from users. Previous studies have emphasized the importance of decreasing the language complexity used 
in healthcare systems, such as the Electronic Health Records (EHR)29 and the medication management systems of 
older patients30 used in offline medical visits. Few studies have examined the users’ perceptions of the language 
complexity of online healthcare chatbots. Our study, however, reveals that health chatbots also need to increase the 
comprehensibility of their probing questions based on users’ perceptions, as a great number of people do not have a 
sufficient health literacy to interact with these healthcare systems29. In addition, users felt confused about the sequence 
of questions and the relationship among these questions; they did not know how these questions were related to the 
diagnostic results. Thus, information regarding why CSC apps ask certain questions, how these questions are related, and 
how these questions relate to the diagnostic results should be explained to users. This indicates that we should provide an 
explanation of the CSC apps’ AI model to users. Previous studies drew on the social sciences and HCI knowledge to 
explain AI models31,32 to users. While these studies provide insight as to what can constitute a good explanation, limited 
attention has been paid to users’ needs for the explanations themselves. Since users are the ones to evaluate 
explanations, in contrast to the studies that propose researcher-driven explanations, our study highlights the users’ 
requirements for explanations in conversation with healthcare chatbots. 

Drawing from our findings and discussions, the future conversational design of healthcare chatbots should consider how 
to improve the input flexibility and the presentation of probing questions. First, the design should improve the 
functions of approximate string matching and character recognition and assist users to input their symptoms. Second, 
healthcare chatbots should use comprehensible language and provide explanations during conversations. 
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Implications for clinical practice. Our study indicates that CSC apps are prevalent in digital online app stores. Since 
users can self-diagnose using these apps, health risks may arise if users blindly trust their diagnostic results. Health 
providers may guide users by introducing the credibility as well as the limitations of these apps to assist users to make 
more reliable decisions.  

Limitations 

Our study also has some limitations. First, the Apple app and the Google Play stores’ reviews do not include users’ 
demographic information or distribution, so we were unable to factor this into our analysis. Second, not all users of 
the CSC apps posted a review online, resulting in a potential selection bias. Third, we only conducted ten interviews, 
which is a small sample. Although the combined interview and app review data did reach the theoretical saturation, 
larger scale studies need to be conducted in the future to acquire more comprehensive information regarding users’ 
perceptions of CSC apps and their effectiveness. 

Conclusion 

Our study aims to explore the effectiveness of CSC apps and understand users’ perceptions of them. By reviewing the 
functions of CSC apps, studying user reviews, and conducting user interviews, we have identified five features that 
consumer-facing diagnostic tools should provide for users when comparing with offline medical consultations: 
considering patient history in the diagnostic process, allowing users to input their symptoms at different levels, 
improving response speed of probing questions,  providing support for diverse health conditions and user groups, and 
adding functions regarding follow-up treatments. Our study also sheds light on the conversational design of healthcare 
chatbots: healthcare chatbots should improve the input flexibility and the presentation of their probing questions. We 
argue these are directions that call for further research for the design of healthcare chatbots. 
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Abstract 
Drug combinations targeting multiple targets/pathways are believed to be able to reduce drug resistance. 
Computational models are essential for novel drug combination discovery. In this study, we proposed a new simplified 
deep learning model, DeepSignalingSynergy, for drug combination prediction. Compared with existing models that 
use a large number of chemical-structure and genomics features in densely connected layers, we built the model on a 
small set of cancer signaling pathways, which can mimic the integration of multi-omics data and drug 
target/mechanism in a more biological meaningful and explainable manner. The evaluation results of the model using 
the NCI ALMANAC drug combination screening data indicated the feasibility of drug combination prediction using 
a small set of signaling pathways. Interestingly, the model analysis suggested the importance of heterogeneity of the 
46 signaling pathways, which indicates that some new signaling pathways should be targeted to discover novel 
synergistic drug combinations.  
 

1. Introduction 

Acquired and innate drug resistance is one major challenge in cancer therapy, due to the complex signaling pathways 
of cancer. Drug combinations targeting multiple targets or multiple signaling pathways are believed to be one 
possibility to reduce drug resistance. Many studies have attempted to identify potentially effective and synergistic 
drug combinations for cancer treatment in experimental laboratories. For example, RAS and ERK inhibitors were 
recently reported to be synergistic with autophagy inhibitors in RAS-driven cancers1,2. The mechanism of synergy is 
that the inhibition of RAS signaling causes the activation of autophagy signaling, which prevents cancer cell death1,2. 
In BRAF inhibitor resistant Melanoma, vemurafenib (BRAF inhibitor) + tretinoin (retinoic acid receptor agonist) were 
found to be effective and synergistic in cell assays and mouse models3. However, there are a few effective drug 
combinations for clinical use in cancer therapy. Novel and effective drug combinations are needed for personalized 
treatment to reduce drug resistance. 

Many cancer cell lines and mouse models are available to experimentally screen drugs and drug combinations. 
However, the experimental screening approaches are limited, considering the numerous possible combinations of 
thousands of FDA approved drugs and thousands of investigational agents. For example, there are currently about 4 
available datasets of experimental screening drug combinations: 1) NCI-ALMANAC Drug Combination Data Set4 
(~5,232 combinations from ~100 drugs on NCI60 cell-lines); 2) the AstraZeneca-Sanger Drug Combination Prediction 
DREAM Challenge Data Set5 (900 combinations from 118 compounds on 85 cancer cell lines); 3) the Yale-Stern 
Melanoma DataSet6 (~7000 combinations from 145 drugs/compounds on 19 melanoma cancer cell lines); and 4) the 
Merck-2016 DataSet7 (583 combinations from 38 drugs/compounds on 39 cancer cell lines). These datasets provide a 
valuable basis to build machine-learning and deep learning-based models.  

Computational models that integrate diverse pharmacogenomics datasets with multi-omics data of cancer patients to 
prioritize drug combinations are essential for novel drug combination discovery. The combination of computational 
and experimental models can facilitate drug combination discovery in a fast manner. Though a set of prediction models 
have been reported for drug combination prediction, it remains an open problem. For example, the network-based and 
connectivity map8,9 based drug combination models10,11,12 based on the gene-gene interaction network have been 
proposed. In addition, a semi-supervised learning model integrating diverse pharmacogenomics datasets was proposed 
to predict drug combination13. Network message propagation-based models developed using drug-target interactions 
and multi-omics data were also proposed to predict combinations14,15. Deep learning models have also been proposed 
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for drug combination prediction. For example, A deep belief network (DBN) model, DeepSynergy, that integrates a 
large number of chemical structure and genomics features on the Merck-2016 DataSet7 was recently proposed16 as a 
prediction drug combination method. In DeepSynergy, about 8300 numerical features (chemical descriptors and 
genomic features) were used for the prediction. The other deep learning model, AuDNNsynergy17 (Deep Neural 
Network Synergy model with Autoencoders), integrates the multi-omics data of over 10,000 cancer genome atlas 
(TCGA) cancer samples. One limitation of the existing deep learning models of drug combination prediction is the 
use of a large number of chemical and omics features (>10 thousand features) and fully connected dense layers (a 
huge number of parameters in the model to be trained) relative to the small number (30~100 drugs on 30~60 cancer 
cell lines) of drug combination synergy scores experimentally obtained. Though the model with a large number of 
parameters can fit/predict the data, the model parameters cannot be well trained, and cannot be explained.  

To reduce the complicity of the deep learning model and make the models more explainable, in this study, we propose 
a novel simplified deep learning model, DeepSignalingSynergy, for drug combination prediction. Compared with 
existing models that make use of a large number chemical and genomics features, we built the model on a small set 
of cancer signaling pathways, with the aim of investigating the importance of individual signaling pathways. Moreover, 
the model can mimic the integration of multi-omics data and drug target/mechanism in a relatively more biological 
meaningful and understandable manner. The results from evaluating the model on the NCI ALMANAC drug 
combination screening data indicated the feasibility of using a small set of signaling pathways and showed the 
importance of signaling pathways that affect the drug combination response. 

 

2. Materials and Methodology 

2.1 Drug combination screening data in NCI ALMANAC dataset 

The drug pair data was obtained from the NCI ALMANAC database, which is a resource created in 2017. The NCI 
Almanac dataset includes a score assigned to each of the drug pairs was assigned a score, termed the NCI 
“ComboScore”1 to indicate the synergy scores of drug combinations. In summary, the synergistic effects of 
combinations of 104 FDA approved drugs in terms of cancer cell growth inhibition were evaluated on NCI 60 cancer 
cell lines. The average comboScore of two drugs with different doses on a given cancer cell lines was used to indicate 
the synergy score of two drugs on the cancer cell line, with a 4-element tuple: <DA, DB, CC, SABC>. 

2. 2 RNA-seq gene expression and copy number data of NCI-60 Cancer Cell Lines from Cancer cell line 
encyclopedia (CCLE) 

Cancer cell line encyclopedia (CCLE) database18 provides the multi-omics data of more than 1000 cancer cell lines, 
e.g., RNA-seq (gene expression), copy number variation, metabolomics, miRNA, RPPA. The large panel of cancer 
cell lines with comprehensive genetic characterization provides a data source to investigate the associations between 
molecular features and cancer phenotypes, including drug responses. For this study, the RNA-sequencing gene 
expression values, using TPM (transcripts per million), and copy number values of genes of 1019 cancer cell lines 
were downloaded from the cancer cell line encyclopedia (CCLE) website: https://portals.broadinstitute.org/ccle. The 
CCLE dataset collected the omics data of 45 of the 60 NCI-60 cancer cell lines, as shown in Table I.  

 

Table I: NCI-60 cancer cell lines included in CCLE with RNAseq data. Orange text indicates the cancer cell lines 
that are not included in CCLE. 

786-0 HCC-2998 KM12_LARGE_INT
ESTINE NCIH23_LUNG 

RPMI8226_HAEMA
TOPOIETIC_AND_L
YMPHOID_TISSUE 

A498_KIDNEY HCT116_LARGE_IN
TESTINE LOXIMVI_SKIN NCIH322_LUNG RXF 393 

A549_LUNG HCT15_LARGE_INT
ESTINE M14 NCIH460_LUNG SF268_CENTRAL_N

ERVOUS_SYSTEM 

ACHN_KIDNEY 
HL60_HAEMATOPO
IETIC_AND_LYMP
HOID_TISSUE 

MALME3M_SKIN NCIH522_LUNG SF295_CENTRAL_N
ERVOUS_SYSTEM 

BT549_BREAST HOP62_LUNG MCF7_BREAST NCI/ADR-RES SF539_CENTRAL_N
ERVOUS_SYSTEM 

1365



CAKI1_KIDNEY HOP92_LUNG MDAMB231_BREAS
T 

NIHOVCAR3_OVAR
Y UO31_KIDNEY 

CCRF-CEM HS578T_BREAST MDAMB435S_SKIN OVCAR4_OVARY SK-MEL-2 

COLO 205 HT29_LARGE_INTE
STINE 

MDAMB468_BREAS
T OVCAR-5 SKMEL28_SKIN 

DU145_PROSTATE IGROV1_OVARY MOLT-4 OVCAR8_OVARY SKMEL5_SKIN 

EKVX_LUNG 
K562_HAEMATOPO
IETIC_AND_LYMP
HOID_TISSUE 

NCIH226_LUNG PC3_PROSTATE SKOV3_OVARY 

SN12C SNB-75 SW620_LARGE_INT
ESTINE TK-10 UACC257_SKIN 

SNB-19 SR-almanac T47D_BREAST 
U251MG_CENTRAL
_NERVOUS_SYSTE
M 

UACC62_SKIN 

 

Table II: The 46 signaling pathways used in the proposed model. 

MAPK  FoxO  TGF-beta  T cell receptor  Adipocytokine  

ErbB  Sphingolipid  VEGF  B cell receptor  Oxytocin  

Ras Phospholipase D  Apelin  Fc epsilon RI  Glucagon  

Rap1  p53  Hippo  TNF  Relaxin  

Calcium  mTOR  Toll-like receptor  Neurotrophin  AGE-RAGE  

cGMP-PKG  PI3K-Akt NOD-like receptor  Insulin  Cell cycle 

cAMP  AMPK  RIG-I-like receptor  GnRH   

Chemokine  Wnt C-type lectin receptor  Estrogen   

NF-kappa B  Notch JAK-STAT Prolactin   

HIF-1 Hedgehog IL-17 Thyroid hormone  

 

Table III: The 21 drugs used in the proposed model. 
Celecoxib Gefitinib Quinacrine hydrochloride Tretinoin 

Cladribine Imatinib mesylate Romidepsin Vinblastine sulfate (hydrate) 

Dasatinib Lenalidomide Sirolimus Vorinostat 

Docetaxel Mitotane Sorafenib tosylate Thalidomide 

Everolimus Nilotinib Tamoxifen citrate Paclitaxel 

Fulvestrant    

 

2.3 KEGG signaling pathways and cellular process 

KEGG (Kyoto Encyclopedia of Genes and Genomes)19 is a database for the systematic understanding of gene 
functions. The KEGG signaling pathways provide the knowledge of signaling transduction and cellular processes. 
There are 303 pathways in KEGG database, and 45 of them are annotated as “signaling pathways”. Many of the 
signaling pathways are important oncogenic signaling pathways20, e.g., EGFR, WNT, Hippo, Notch, PI3K-Akt, RAS, 
TGFβ, p53. The ‘cell cycle’ cellular process is also included. For simplification, the ‘cell cycle’ is also viewed as one 
‘signaling’ pathway. In total, 46 signaling pathways (45 signaling pathways + cell cycle) are selected (see Table II). 
Among these 46 signaling pathways, there are 1684 genes with both gene expression and copy number variation data. 
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In summary, there are gene expression (TPM) and copy number variation data of 1684 genes in 46 signaling pathways 
of 45 cancer cell lines, which was used as the input of the deep learning model.     

2.3 Drug-Target interactions from DrugBank database 

DrugBank21 is a widely used database to retrieve the information of drugs, such as drug name, chemo-structure, drug 
mechanism as well as comprehensive drug target information. There are more than 13,000 drug entries in the latest 
release of DrugBank (version 5.1.5, released 2020-01-03). Among these entries, 2,630 are FDA approved small 
molecule drugs, and about 6,355 are investigational agents (not approved yet). In total, there are 15263 drug-target 
interactions between 5435 drugs/investigational agents and 2775 targets. Among the drugs in NCI ALMANAC, 67 
drugs are included in DrugBank with targets; and 21 (see Table III) drugs with targets on the 1684 signaling pathways 
were kept as the input of the model.    

2.4 Architecture of DeepSignalingSynergy 

Fig. 1 shows the schematic architecture of the proposed DeepSignalingSynergy model. In the ‘input layer’, there are 
4 input features, i.e., gene expression (RNA-seq TPM values), copy number, is_target_of_DA (0: this gene is not a 
target of Drug_A; 1: this gene is a target of Drug_A), and is_target_of_DB, for each of 1684 genes on cancer cell line 
CC. For the connections between the ‘gene’ and ‘pathway’ layers, the 1684 genes are connected the 46 signaling 
pathways, only if a gene is included in a signaling pathway (not dense connections). The output of the ‘46 signaling 
pathway’ is used as the input of the deep belief network (DBN) (densely connected). The ‘output’ layer is the synergy 
score of a drug combination < DA, DB> on cancer cell line CC. The mean square error (MSE) is used as the loss function. 
For the DBN, there are 3 hidden layers: first hidden layer has 256 nodes with the relu activation function; the second 
hidden layer has 128 nodes with the relu activation function; the third hidden layer has 32 nodes with the relu activation 
function. The linear activation function is used in the output layer.  

 
Figure 1: Schematic architecture of the proposed DeepSignalingSynergy model.  

 

3. Results 

3.1 Evaluation of drug combination prediction of DeepSignalingSynergy 

There were about 5658 synergy scores of 21 drugs on 45 cancer cell lines, i.e., <DA, DB, CC, SABC>. To evaluate the 
performance of the DeepSignalingSynergy model, 5-fold cross validation was used. Specifically, we divided the 
dataset into 5 folds. Then 4 folds were used as training datasets (80%) and one fold was used as validation datasets 
(20%) 5 times respectively. We empirically tested a few hyperparameters, like training epochs and dropout rates, of 
the model, which have the stable performance on the validation datasets. The following results were obtained with the 
model trained with 30 epochs. The Pearson correlation was used as the metric for the model performance evaluation. 
Fig. 2 shows the evaluation results on the training and validation datasets. As seen, the proposed model had the average 
Pearson correlation coefficients, 0.795326 and 0.6414188 on the 5 training datasets and validation datasets 
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respectively (see Table IV). This result indicated that the performance of the proposed model, using a small set of 
signaling pathways, is relatively low but were comparable with other existing deep learning models using a large 
number of chemical-structure and genomics features reported17, like AuDNNsynergy17 and DeepSynergy16 (which 
had the Pearson correlation coefficients of 0.74 and 0.73 respectively). 

 

Table IV: MSEs and Pearson correlation coefficients on the 5-fold cross validation training and validation datasets. 

 
 

 
Figure 2: Scatter plots of the predicted and experimental synergy scores on the 5-fold training and test datasets 
respectively.  

Data set Epoch number MSE Pearson Correlation 

Training-1 
30 

33.44123 0.788073 

Validation-1 45.45195 0.655341 

Training-2 
30 

30.961385 0.806522 

Validation-2 49.404432 0.643726 

Training-3 
30 

32.126069 0.797911 

Validation-3 51.863341 0.650089 

Training-4 
30 

35.2655924 0.772891 

Validation-4 46.7580787 0.636611 

Training-5 
30 

31.876059 0.811233 

Validation-5 41.687952 0.621327 

 
 

 
 
 
 
 

1368



3.2 Importance of signaling pathways analysis for understanding potential mechanism of synergy 

To investigate the potential mechanism of synergy in terms of the contributions of individual signaling pathways to 
the prediction of synergy of drug combination, we employed the Layer-Wise Relevance Propagation (LRP) approach 
implemented in the “iNNvestigate” package22, which can be used to visualize the importance of individual inputs at 
different layers. Fig. 3 shows the density distribution maps of importance scores of 46 signaling pathways on the first 
testing dataset. The results of 5 testing datasets indicated that the importance of the individual signaling pathways is 
relatively stable in drug combination prediction. Though the importance scores are positive or negative in different 
validation datasets, the rough range and values of absolute importance scores are consistent. First,  some of the 46 
signaling pathways, e.g., the MAPK, TGF-b, cell cycle, AMPK, RAS, JAK-STAT, NOTCH, HIF-1a signaling 
pathways have much more important than other oncogenic signaling pathways. Second, the Apelin, Adipocytokine, 
Fc epsilon RI, Neurotrophin, Insulin, T-Cell receptor, and IL-17 signaling pathways surprisingly contribute to the drug 
combination response prediction. Third, some signaling pathways showed the similar interesting distributions, e.g., 
the MAPK and RAS signaling pathways, the FoxO and cAMP signaling pathways, as well as Apelin and Neurotrophin 
signaling pathways. Fourth, other oncogenic signaling pathways, like the mTOR, ER, Hippo, Rap1, ERbB signaling 
pathways, can only contribute to the drug combination synergy prediction moderately. Though results are interesting, 
further investigations are needed to understand and explain the roles of individual signaling pathways and their 
associations with drug combination response.  

 

 
Figure 3: Distribution of importance of 46 signaling pathways on the first validation dataset.  
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3.3 Importance of individual genes 

We conducted a similar analysis to investigate the importance of individual genes. Fig. 4 shows the top 50 genes with 
the largest absolute importance scores of 1684 genes on the first 5-flod validation dataset. The selected top 50 genes 
(out of 1684 genes, which are much more than 46 signaling pathways) are not so consistent. The common genes 
selected in all the 5 validation datasets are: 'PRKCG', 'FLT1', 'CSF1R', 'JUN', 'BCL2', which indicate the potential 
synergy among these targets. It can be possible to understand the mechanism of synergy further by investigating the 
importance scores of individual genes and pathways for a specific synergy drug combination on a specific cancer cell 
line. However, it is still challenging to associate the importance scores to specific synergy mechanism of drug 
combinations.  

 

 
Figure 4: Importance of individual genes on the first testing dataset. 

 

4. Discussion and conclusion 

Synergistic drug combinations are important factors in reducing drug resistance in cancer therapy. Computational 
models that can integrate multi-omics data of cancer patients with pharmacogenomics data of drugs and investigational 
agents are needed to predict potential synergistic drug combinations (to narrow down the search space of drug 
combination). The combination of computational and experimental models can facilitate the discovery of synergistic 
drug combinations in a fast manner.  

Deep learning models have been widely used and outperform the traditional machine learning models in image 
analysis, natural language processing, healthcare data analysis, and drug combination prediction. However, it is 
challenging to make the model explainable, especially the models with a large number of features and parameters. In 
the existing deep learning models of drug combination prediction, a large number of chemical-structure and genomics 
features are used via the densely connected layers, which requires the training of a large number of parameters. 
However, only small sets of drug combination experimental validation results that can be used as training labels are 
available. Thus, it is hard to train a large number of parameters well, and it is also hard to explain the model to 
investigate the potential mechanism of drug combination synergy.  

In this study, we propose to reduce the number of parameters in deep learning models by using a simplified deep 
learning model built based on a set of biological meaningful signaling pathways. In the model, we can integrate multi-
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omics data of individual genes and drug-target information, and link the genes to 46 pathways in a sparse manner with 
a much fewer number of parameters (compared to densely connected layers). The evaluation results showed that the 
proposed simplified model can achieve good prediction results in terms of the Pearson correlation coefficient between 
the predicted and experimental synergy scores. Moreover, the explainable analysis of the deep learning model 
identified some interesting results in terms of the importance of individual signaling pathways that contribute to the 
drug combination synergy. Further analyses are needed to investigate the unclear mechanisms of synergy using these 
signaling pathways.   

This is our first exploratory study to investigate and prediction drug combination synergy with a simplified deep 
learning model with increased possibility of model explanation. There are some limitations of the proposed model that 
need to be further addressed. First, STITCH23 and PharmGKB24,25 database can provide much more drug-target or 
drug-genetic biomarker interactions, in addition to drug-target interactions obtained from DrugBank. With more drug-
target interactions, more drugs can be included in the model, and the prediction accuracy could be better. Second, in 
addition to the 46 signaling pathways, other KEGG pathways, like metabolism pathways, will be further evaluated. 
Also, other signaling pathway database, Reactome26, can be helpful to include more pathways and biological processes. 
Third, Gene oncology27 (GO) terms provide alternative biological meaningful biological processes (BP) (gene sets), 
which can cover many more genes (drug targets) and can be used for drug combination prediction. Third, other omics 
data, like protein, methylation, genetic mutation can be integrated conveniently to the model in addition to the copy 
number, gene expression data. Fourth, the signaling crosstalk and interactions among multiple pathways are important 
for drug combination discovery, and should be further investigated in the computational models. We will investigate 
these possible directions in the future work, and we will develop novel graph neural network (GNN) models to uncover 
the explainable mechanisms of synergy of effective drug combinations, e.g., the synergy mechanism of RAS/ERK 
inhibitors and Autophagy inhibitors recently reported1,2, which can provide clues to discover novel synergistic drug 
combinations to reduce drug resistance in cancer therapy. Moreover, it is an interesting idea to study the knowledge 
graph engineering-oriented approaches, e.g., Resource Description Framework (RDF) and Web Ontology Language 
(OWL), to integrate the diverse and heterogeneous data resources. The existing inference models on the knowledge 
graph representation can be useful for drug and drug combination prediction. 
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Abstract

Open, or non-laparoscopic surgery, represents the vast majority of all operating room procedures, but few tools exist
to objectively evaluate these techniques at scale. Current efforts involve human expert-based visual assessment. We
leverage advances in computer vision to introduce an automated approach to video analysis of surgical execution. A
state-of-the-art convolutional neural network architecture for object detection was used to detect operating hands in
open surgery videos. Automated assessment was expanded by combining model predictions with a fast object tracker
to enable surgeon-specific hand tracking. To train our model, we used publicly available videos of open surgery
from YouTube and annotated these with spatial bounding boxes of operating hands. Our model’s spatial detections
of operating hands significantly outperforms the detections achieved using pre-existing hand-detection datasets, and
allow for insights into intra-operative movement patterns and economy of motion.

1 Introduction

Improvements in surgical outcomes have been achieved by careful analysis of peri-operative hospitalization data to
identify best practice and standardize care. Identification of evidence-based metrics has led to numerous pre- and
post-surgery care pathways that significantly reduce re-admissions and morbidity. Despite such peri-operative stan-
dardization, significant differences remain in patient outcomes when stratified by surgeon1. Accordingly, surgeon skill
and conduct during an operation can significantly determine peri-operative outcome.

Despite these incentives, efforts to improve surgical quality are hampered by limited quantity and quality of data
within the operative episode. Surgical procedures are often merely recorded in retrospect by the practicing surgeon.
These operative notes serve as the principle record of the surgery, but often poorly identify critical steps and overlook
important aspects of individual procedures2. Reliance on the subjective recall of surgeons also prevents effective
cross-surgeon comparison and feedback on adherence to evidence-based practice.3

Objective intra-operative data has the potential to generate new quality metrics and augment the capabilities of the
surgeon4. Various studies have demonstrated promising results using deep learning and computer vision for frame-
level surgical tool detection in laparoscopic procedures and minimally invasive surgeries (MIS)5, 6. However, these
surgeries represent less than 10 percent of all procedures. Open surgeries that require surgeons to manipulate tissues
with their hands serve as the fundamental basis for many procedures today. Unfortunately, progress in automated
assessment of open surgical skills−especially with vision-based approaches−is limited. There is an enormous gap in
the ability to objectively evaluate intra-operative surgeon activity for these open approaches.7

In this work, we take a significant step towards automated open surgery assessment with a computer vision-based
deep learning method for detection of operating hands in surgery videos. While prior work involving supervised
convolutional neural networks (CNNs) has shown promise for detecting tools, several conditions make the present
task more difficult. Unlike tools, hands are visually deformable and may vary greatly in appearance. In addition, open

†Work done as visiting student researchers at Stanford University.
‡These authors served as co-principal investigators of this work.
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Figure 1: In this work we propose a computer vision-based deep learning method to enable automated open surgery
understanding. We collect a set of publicly available, open surgery videos from YouTube (a), and annotate video
frames from these with spatial bounding boxes of operating hands to train a RetinaNet model for hand-specific object
detection (b, c). Our model takes frames of unlabeled videos as input, and outputs inference for detection (d, top),
which we follow with downstream hand-tracking (bottom) in surgeries.

surgery’s enhanced generality−where surgeons may frequently manipulate several tools from multiple angles−along
with variations in video quality, lighting, zoom levels, and camera angles present further challenges. Finally, while
supervised deep learning models have demonstrated success in difficult object detection tasks taken from everyday
settings8, 9, they do so with significant quantities of diverse training data. Given the lack of obvious equivalents in
open surgery, our problem additionally motivates the collection of similarly diverse training videos.

We therefore combine a CNN framework for object detection with a diverse collection of open surgery videos ob-
tained from YouTube, a publicly available data source, which we annotate for the spatial bounding boxes of operating
hands. Our object detection algorithm leverages RetinaNet8, a state-of-the-art CNN based on single-stage feature ex-
traction and focal loss classification. Our approach achieves strong performance for detecting hands on a subset of
the collected YouTube videos held-out for evaluation, substantially outperforming models with identical architectures
trained on pre-existing hand-detection datasets. Finally, we show that combining our predicted detections with fast
object-tracking algorithms enables temporally-consistent hand-tracking in surgery videos, allowing for further analysis
regarding movement patterns and economy of motion to assess surgical performance.

2 Related Work

There has been a significant body of recent work targeting quantifiable and objective understanding of surgeries. The
M2CAI 2016 Tool Presence Detection Challenge tasked participants to detect all surgical tools present in images taken
from cholecystectomy procedures. Several deep learning architectures achieved state of the art performance5. Jin et al.
extend this line of work by adding spatial tool localization on top of presence detection, and deploy their approach in
videos to assess surgical performance6. Despite these advances, a majority of previous methods rely on laparoscopic or
MIS procedures. In contrast, our work targets open surgeries, which remains a foundation of many surgical specialties
but trails the former as an application domain in newer approaches for surgical understanding10.

Assessment of open surgery is traditionally time-intensive and prone to human error, where industry standards revolve
around checklist-based evaluations such as OSATS11 and the watchful eye of a human expert. Accordingly, previous
work on automated assessment includes a number of non-visual tracking approaches using either infrared light12 or
electromagnetic sensors placed on the surgeon’s gloves13. While there have been efforts to make these portable and
practicable for motion tracking analysis14, the need for additional hardware introduces scalability issues and increased
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Figure 2: (a) Cloud visualization of search terms represented in our collected videos, where font size is proportional
to number of videos. (b) Interface for the labeling application we developed to collect annotations of operating hands.

potential for hindering natural workflows. On the other hand, computer vision-based approaches hold the prospect of
being comparatively easier to adopt and more readily available. One camera setup in an operating room can extend
to track an arbitrary number of hands, unlike a wearable device that tracks a singular hand. Compared to sensors
attached to instruments, vision-based systems are additionally relatively minimal and nonobtrusive12, two crucial
properties shown to improve the efficiency of operating staff and tool usage15. Finally, previous issues regarding
camera-based tracking systems and line-of-sight obstructions14 can be tackled with recent advances in computer vision.
We demonstrate that our approach is robust to visual occlusion in many circumstances.

Outside of the surgical domain, there has been interest in hand-specific localization and tracking methods targeted
to hands in the computer vision community. This has led to the release of datasets such as the EgoHands dataset16,
which contains 4800 labeled video frames of hands from a first-person camera perspective, and the Oxford Hands
dataset17, which contained annotations for 13050 hand instances in third-person perspective images. While previous
work in domain transfer might suggest that deep learning models trained on these diverse pre-existing datasets could
then trivially be applied to track hands in the surgical setting, we empirically show that this is not the case. A separate
line of work in computer vision has aimed to estimate entire body poses including hand keypoints.18, 19 Although these
do not explicitly target hand detection, in theory such methods could produce hand detection by calculating the tightest
bounding box around all estimated hand keypoints. However, we found that these indirect approaches did not work
well in practice on surgical videos. In our work, we therefore collect and annotate a new dataset of hands in videos of
open surgery, and leverage a state-of-the-art object detection framework8 to train an effective model for detecting and
tracking hands in surgical video.

3 Approach

In this section, we first describe the data collected for model development. We then present our model for hand detec-
tion in open surgery video frames, and describe how we link these detections across frames to track hand movement.

3.1 Data

In order to obtain a diverse set of data for our model development, we scraped videos of open surgery from YouTube.
Specifically, we utilized a list of search terms compiled from all surgical procedures covered by a large insurance
company (Southern Cross Health Society). Individual terms from the list were searched on YouTube (e.g. “sublingual
gland excision”) and queried results were added if they depicted open surgery, included surgeon hands, and were 144p
or greater resolution. From all search terms in the breast, gastrointestinal, and head-and-neck surgery sections of the
insurance company’s list, 23 yielded at least one unique useful video (Fig. 2a). To train and evaluate our model on
a good representation of surgeries, we then filtered our search to a dataset of 188 videos, consisting of 70 breast, 88
gastrointestinal and 30 head-and-neck videos.
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Figure 3: RetinaNet architecture8. Images are first fed into a standard feedforward ResNet model (a), which generates
a multi-scale convolutional (conv) feature pyramid (b). At each level, RetinaNet carries connections to classification
and bounding box subnets to classify and regress anchor boxes with respect to ground-truth object boxes (c). Subnets
are composed of identical fully connected networks before a final conv layer with anchor filters and sigmoid activation.

We next selected a subset of all potential video frames to label with bounding box hand annotations for hand detection.
Videos were first converted to 15 fps. For videos over 20 minutes long, only the middle 20 minutes were processed.
We then selected 10 frames at uniform intervals from each video, which allowed our image set to maintain diversity
across different videos with respect to what kind of surgical procedure was being performed, the number of hand
instances observed, and various video attributes such as quality, frame size, camera angle, perspective, and zoom.

To obtain annotations of the spatial boundaries of hands, we developed a web-based application allowing research
assistants to draw bounding boxes for all hands in a given image (Figure 2b). The tool additionally asked annotators
to indicate whether each hand was a right hand or a left hand; however for the purposes of this work, we did not use
these annotations. Seven trained research assistants performed the labeling. Our final annotated dataset consists of
1880 labeled images, each containing zero or more bounding boxes associated with a hand. Among the aggregated
images, 940 were allocated for training, 380 for validation, and 560 for testing. We split breast, gastrointestinal, and
head-and-neck images equally across all sets, with no overlap in videos across sets.

3.2 RetinaNet Detection Model

Our hand detection model is based on the RetinaNet8 neural network architecture, a CNN-based model for object
detection that has achieved state-of-the-art performance on object detection tasks. We direct readers to Lin et al.8

for model details, but briefly describe RetinaNet’s architecture as a single neural network composed of three parts: a
backbone responsible for converting image pixel representations to convolutional features, and two task-specific sub-
networks for classifying and regressing bounding boxes. The backbone incorporates a base Feature Pyramid Network
(FPN)20. This rests on top of a ResNet architecture which has been shown to extract powerful visual features21. The
FPN enables feature processing and object detection at multiple resolutions. Each level of the pyramid feeds into two
fully-convolutional subnets, which aim to classify objects at every spatial position and output their spatial boundaries.

To output predictions, RetinaNet divides input images according to a set of pre-defined reference boxes called “an-
chors”, which correspond to sliding window positions of the backbone-generated feature map. Given an annotated
image with a ground-truth bounding box, anchors are then assigned to the bounding box if the intersection-over-union
(IoU) is greater than 0.5, and to background if IoU ∈ [0, 0.5). Image features are input to the subnetworks, which
share the same architecture. We train the bounding box nets with standard L2 regression loss functions.
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In contrast to previous methods, RetinaNet uses a novel focal loss for classification:

FL(pt) = −(1− pt)γ log(pt), pt =

{
p if y = 1

1− p otherwise
(1)

where y ∈ {−1, 1} denotes a ground-truth class (e.g. if a hand exists or not) for an image representation, p ∈ [0, 1]
denotes the estimated probability for the class, and (1 − pt)

γ serves as a modulating factor with tunable focusing
parameter γ ≥ 0. Object detectors typically face a huge class imbalance prediction problem, where when trying to
assign anchors to either target foreground classes or background, they may scan 104 − 105 candidate locations per
image only for a few to actually contain objects8. Accordingly the (1 − pt)

γ tries to downweight easy examples,
focusing training on hard negatives to maintain an optimal positive/negative ratio.

3.3 Transfer Learning From Pre-existing Datasets

While we anticipated that training on existing hand datasets alone would not transfer well to surgical hand detection
due to large differences in domain appearance, we were interested in whether pre-training on them could help our
model learn useful general hand detection representations, which could then be fine-tuned on our surgery video data.
Accordingly, we experimented with various sequential pre-training permutations. The datasets considered were:

EgoHands22, a collection of 4800 images from 48 videos containing pixel-level ground-truths for over 15 thousands
hands. Videos depict various interactions between people, and each contribute 100 labeled images containing spatial
boundaries of hands.

Oxford (Hands)17, a comprehensive compilation of 13050 hand instances from various public image datasets. Of
these, 4170 are considered high quality hand instances with hands larger than 1500 square pixels.

3.4 Tracking Hands Across Frames

Motivated by the importance of surgical assessment and correlation between metrics such as economy-of-motion with
surgical skill and medical outcomes1, we next apply the output of our hand detection model to frame-by-frame hand
tracking in surgery videos. We use the Simple Online and Realtime Tracking (SORT) algorithm, which enables mul-
tiple object tracking from un-identified bounding box inputs23, and selected SORT for its simplicity and ability to
perform quick inference for real-time tracking. SORT enables object-specific tracking through (1) object state propa-
gation, (2) detection association with existing objects, and (3) lifespan management of tracked objects23. During state
propagation, SORT calculates metrics such as position, velocity, and box size given non-identified input bounding
boxes and their spatial displacement across multiple frames, using a Kalman filter for motion prediction (1). Accord-
ingly, for every updated prediction of each detection instance, SORT generates a predicted bounding box for the next
frame, associating subsequent detection ground truths with the previous frame’s boxes based on IoU and performing
assignment given these metrics with the Hungarian algorithm (2). Finally to avoid unbounded growth of tracking
identities, native SORT deletes identities every time objects move out of frame (3). However, due to the frequency
at which hands belonging to the same surgeon may move in and out of sight in our dataset, we adapted SORT such
that instead of deleting and creating a new identity upon an object’s exit and re-entry into view, we merely update the
pre-existing identity with the re-entry state calculated through (1), keeping track in a first-out, first-in manner. After
model detections, we also augment SORT’s tracking performance by interpolating predicted bounding boxes between
frames during post-detection processing. Details are provided in Section 5.1 (Implementation Details).

4 Experiments and Results

We now evaluate our approach on detection and tracking of open surgery operating hands. In Section 5.1 we include
further details on how we trained our model for detection and processed outputs for tracking. Section 5.2 contains
quantitative evaluations for our approach using the surgery hands dataset, and Section 5.3 presents qualitative examples
of hand tracking towards assessing surgical performance.
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4.1 Implementation Details

For RetinaNet, we followed Lin et al.8, where we used a ResNet-50-FPN backbone network, and an IoU threshold of
0.5 between predicted bounding boxes and ground truth labels to denote a positive instance. All models were trained
using the Adam optimizer with learning rate of 10−5 and batch size of 4. Hyperparameters were compared on the
validation set, and best parameters were selected to train on a combined training and validation set for the final model.
For all datasets, we first trained our models for at least 50 epochs or until convergence. For those pre-trained on
multiple datasets, we trained sequentially, training until convergence completely with one dataset before moving on to
another. At each stage, the best performing checkpoint was then selected for additional pre-training with a subsequent
dataset or fine-tuning with our surgery dataset. For fine-tuning with the surgery dataset, we trained for 10 epochs. Total
training time for our largest dataset permutation took approximately five hours on an NVIDIA GeForce RTX 2080 Ti
GPU. For post-detection processing, we found that a temporal window size of one frame (overall interpolation context
of three frames), and a simple max-voting procedure to determine addition or subtraction of bounding boxes in the
middle frame, led to the most stable SORT tracking output. After running test set frames through our hand detection
model, we calculated interpolations with a stride-one sliding window for all frames from the same original video.

4.2 Spatial Hand Detection in Open Surgery

We compare hand detection performance using RetinaNet in Table 1. Training with our collected surgery hands dataset
significantly outperforms training using existing hand datasets, and to the best of our knowledge our model is the first
to demonstrate effective visual hand detection on real-world open surgery videos. All models were implemented
with an identical RetinaNet architecture and tested against the same open surgery frames. For models trained using
multiple datasets, we list the datasets in training order. We use mean average precision (mAP) to evaluate our model.
A detection is considered correct if the intersection-over-union of a predicted bounding box with ground truth is at
least 50%, i.e. an IOU threshold of 0.5.

Despite the vast quantity of annotated data in both the EgoHands and Oxford datasets, models only trained on these
datasets perform substantially worse in comparison to those trained with our surgery data, suggesting a significant
domain transfer problem related to the characteristics and representation of hands in a surgical environment. To
improve performance, we explored pre-training with additional datasets, doing so sequentially with both the EgoHands
and Oxford datasets. Because pre-training was done in succession, we also experimented with the order of training
data. The model with our dataset remained ahead, but we found interestingly that on multiple occasions the biases
present in the Oxford dataset seemed to be detrimental to model performance during fine-tuning.

Table 1: Surgery detection performance across annotated hand datasets. Although hands are present in all datasets
considered, training a RetinaNet model on existing datasets generalizes poorly to the surgery domain. We obtain a
significant performance boost using our contributed data, demonstrating its value for detecting hands in surgery videos.

Training data (comma-separated by training order) mAP (%)
EgoHands 11.8
Oxford 3.4
EgoHands, Oxford 5.9
Oxford, EgoHands 9.4
Ours (surgery hands) 70.4

Table 2: Pretrained RetinaNet detection performance with fine-tuning on our dataset

Pre-training dataset (comma-separated by training order) mAP (%)
None 70.4
Oxford 69.2
EgoHands 74.8
Oxford, EgoHands 73.7
EgoHands, Oxford 75.4
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Figure 4: Example hand detections on open surgery frames. Blue boxes represent ground truth, and cyan boxes
denote predictions. We found the model to be effective across a variety of video qualities and camera perspectives,
also successfully detecting multiple hands (b, c, d, f, g, h), and occluded instances or partial hands (c, e, g). Mistakes
skewed towards false positives, with misclassification of objects appearing in plausibly similar contexts to hands.

We also investigated if pre-training on hand-detection datasets could lend useful detection priors for fine-tuning with
our surgery hands dataset. Accordingly, we next evaluated performance using RetinaNet with our dataset and different
pre-training permutations. We found that pre-training generally helped, and a permutation with all three datasets lead
to our best-observed performance of mAP= 75.4 (Table 2).

Figure 4 contains example frames from our best-performing detection results, where our model successfully detects a
variety of hand instances ranging in number, zoom, and image quality. Our model is effective at detecting hands in a
variety of situations, including close-up shots (4a, 4e), heavy occlusion by boundaries (4c, 4g), and lighting variations
(4d, 4h). In aggregate our model suffered more from false positives, most prominently tending to misclassify objects
that were both visually similar and appeared in positions or plausibly similar contexts to correct hands in the image
(such as the cloth in Fig. 4j, 4k, 4l). This suggests that our model learned more than hand-specific visual features to
classify operating hands, and also provides one possible explanation to why visually-consistent hands in pre-existing
datasets do not transfer well to the surgical domain.

4.3 Assessing Surgical Performance with Automated Hand-tracking

We now assess the second part of our methods related to hand tracking. Given frame-by-frame model-predicted
hand detections from our trained RetinaNet detector, we use SORT to generate hand-specific tracking predictions.
Although we are unable to quantitatively assess tracking without ground-truth trajectory labels over sequences of
video frames, we include qualitative examples of tracking outputs and their respective expert-driven interpretation in
Figure 5, additionally creating multi-hand trajectory maps to aid in visualization (last column). These instances show
that our tracking output is useful for assessing surgical characteristics such as motion pattern and economy of motion
in various procedures.
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Surgeon excising adipose tissue using electrocautery (yellow) while assistant repositions tissue (cyan).

Surgeon excising adipose tissue using electrocautery (cyan) while assistant repositions tissue.

Surgeon dividing muscle tissue using electrocautery (yellow) while assistant adjusts 
retraction (green and cyan) and surgeon establishes counter-traction (blue).

Surgeon completing a one-handed tie (cyan) while assistant retracts tissue (blue).

(a)

(b)

(c)

(d)

Figure 5: Hand tracking during surgery videos. Figure is best viewed in color. Given post-processed predicted de-
tection boxes as tracking algorithm input, we obtain temporally consistent and hand-specific frame-level assignments.
Tracking boxes for videos are visualized on top of sequential frames sampled across time (first three columns). The
epicenter of each box is used to generate trajectory maps depicting hand motion over time (last column).

Our tracker was generally effective at identifying hands consistently through time, even in frames depicting multiple
left and right hands (5c, 5d). Additionally, we found that we could identify high economy of motion instances from
the trajectory maps alone. For example, actions requiring a steady hand such as excising tissue with an electrocautery
rendered very little overall tracking movement (cyan in 5b, yellow in 5c, 5d). This was consistent across all four
example videos. For techniques that involved larger lateral movements such as tying a knot with suture, trajectories
were smooth and efficient (top hand, cyan in 5a). Finally, the mapped trajectories also highlight instances of highly
controlled dexterity, such as in Figure 5d where the bottom left hand relies on minor finger adjustments as opposed
to larger motions to apply counter-traction (blue), while the right hand uses electrocautery to divide tissue (yellow).
This compares to the larger movements applied by assistants to ensure counter-traction (blue and green trajectories).
Without explicit hand identification labels, our detections and tracking algorithm were able to generate coherent hand-
specific tracking. Overall, the trajectory maps highlighted insights that were consistent with an independent surgeon
review of videos.
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5 Conclusion

Towards automated assessment of open surgeries, we present a CNN-based computer vision model, trained on data
of diverse, publicly accessible videos of open surgeries, which achieves strong performance on spatial hand detection
in real-world surgeries. To the best of our knowledge, we are the first to produce an effective surgery hand detector
from visual image-level data alone. Finally, we combine our detector with an off-the-shelf object tracking algorithm to
enable hand-specific identification and tracking throughout videos, allowing further downstream assessment of crucial
surgical properties such as movement patterns and economy of motion on singular hands. We hope to extend these
capabilities in future work by further increasing the quantity and representation of surgery videos in our dataset, along
with the addition of finer joint-specific labels and hand identification annotations.
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Abstract  

Large-scale biobank cohorts coupled with electronic health records offer unprecedented opportunities to study 
genotype-phenotype relationships. Genome-wide association studies uncovered disease-associated loci through 
univariate methods, with the focus on one trait at a time. With genetic variants being identified for thousands of traits, 
researchers found that 90% of human genetic loci are associated with more than one trait, highlighting the ubiquity 
of pleiotropy. Recently, multivariate methods have been proposed to effectively identify pleiotropy. However, the 
statistical performance in natural biomedical data, which often have unbalanced case-control sample sizes, is largely 
known. In this work, we designed 21 scenarios of real-data informed simulations to thoroughly evaluate the statistical 
characteristics of univariate and multivariate methods. Our results can serve as a reference guide for the application 
of multivariate methods. We also investigated potential pleiotropy across type II diabetes, Alzheimer’s disease, 
atherosclerosis of arteries, depression, and atherosclerotic heart disease in the UK Biobank. 
 
 
Introduction 
 
Understanding genetic factors that contribute to disease susceptibility is the center of human genetics research. 
Genome-wide association studies (GWAS) have uncovered thousands of genetic variants that are associated with 
complex diseases. A recent study found that 90% of these GWAS significant loci are associated with multiple diseases, 
suggesting widespread pleiotropy in the human genome1. Pleiotropy describes  a variant or a gene that influences more 
than one phenotype and plays a critical role in many aspects of biology2-4. Univariate and multivariate methods are 
two types of statistical methods that can be applied to detect genetic associations with multiple diseases5. Univariate 
models focus on one phenotype at a time, such as GWAS, while multivariate methods jointly model the association 
across multiple phenotypes simultaneously. Previous studies demonstrated that multivariate methods have higher 
power than univariate methods, which holds great potential in discovering pleiotropy with multivariate methods. 
However, previous simulations were based on quantitative traits or balanced sample sizes (equal numbers of cases 
and controls)6-8. With the application to natural biomedical data, it is beneficial to acquire the expected type I error 
and power under unbalanced sample size scenarios. 
 
Sample size imbalance is a key feature of natural biomedical data. The wide range of disease prevalence in the 
population introduces different case control sample size to the human phenome. For instance, phenome-wide 
association studies evaluate the genetic association across hundreds and thousands of diseases obtained from electronic 
health records9,10, with varying case control sample sizes. Most of the statistical methods are developed based on the 
balanced case control assumptions. With the application of statistical methods to natural biomedical data, it is crucial 
to understand the statistical characteristics under real-world scenarios. The role of sample size imbalance has been 
previously studied for univariate methods for both common and rare variants11,12. However, to our knowledge, the 
impact of sample size imbalance on multivariate analyses is largely unknown. 
 
Here, we conducted a natural biomedical data informed simulation study to evaluate univariate and multivariate 
methods in identifying pleiotropy for binary phenotypes with different sample sizes. We designed 21 scenarios of 
various degrees of sample size imbalance and characterized type I error and power for logistic regression and 
MultiPhen13. MultiPhen is chosen in our study because it is designed for studying binary traits and has sufficient 
statistical power2. The correlation structure used in the simulation was obtained from selected traits with different case 
sample sizes from the UK Biobank3. Our simulation results provide the landscape of type I error and power of 
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univariate and multivariate methods under various scenarios, thus providing a potential reference guide for the 
application of these methods to natural biomedical data. Furthermore, it has been previously suggested that studying 
pleiotropy in large-biobank cohorts coupled with electronic health record provide novel insights into biology10,14-17. 
As a case study, we applied logistic regression (univariate method) and MultiPhen (multivariate method) to investigate 
potential pleiotropy across type II diabetes, Alzheimer’s disease, atherosclerosis of arteries, depression, and 
atherosclerotic heart disease in the UK Biobank. 
 
 
Methods 
 
Simulation Design 
 
We designed 5 balanced and 16 unbalanced case sample size scenarios (Table 1) with a total sample size of 10,000. 
For balanced case sample size design, each trait has the same case sample size across five traits, e.g. 100 cases for 
all five traits (Table 1). Our simulation was performed via a multivariate binary phenotype generation tool ‘bindata’ 
R package26. An example of our simulation code is provided at the end of this manuscript, and we also deposited our 
simulation code on GitHub [https://github.com/blairzhang126/Multivariate-Sim]. We simulated 10 replicates for 
each scenario, with 100 independent datasets per replicate. We simulated one common genetic variant per dataset, 
with a minor allele frequency of 0.05. The simulation of the genetic variant is based on Hardy-Weinberg 
equilibrium. The genetic effect size was set as 0 for type I error simulations and 0.3 for power evaluations. The 
disease prevalence was set to achieve the desired case sample size. Phenotype correlation was estimated from five 
selected phenotypes given their case sample sizes (Table 2) from European individuals in the UK Biobank3 based on 
the following ICD-10 codes: severe depression episode without psychotic symptoms (F32.2), adjustment disorders 
(F43.2), other forms of angina pectoris (I20.8), other forms of chronic ischaemic heart disease (I25.8) and 
unspecified cardiomyopathy (I42.9).  
 
 
Table 1. Case Sample Size Design 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Balanced Case Sample Size for Each of Five Traits Labels in plot 
100 200 300 400 500 Scenario1-5 

Unbalanced Case Sample Size across Five Traits 
Trait1 Trait2 Trait3 Trait4 Trait5  
100 100 100 100 500 Scenario6 
100 100 100 500 500 Scenario7 
100 100 500 500 500 Scenario8 
100 500 500 500 500 Scenario9 
200 200 200 200 500 Scenario10 
200 200 200 500 500 Scenario11 
200 200 500 500 500 Scenario12 
200 500 500 500 500 Scenario13 
300 300 300 300 500 Scenario14 
300 300 300 500 500 Scenario15 
300 300 500 500 500 Scenario16 
300 500 500 500 500 Scenario17 
400 400 400 400 500 Scenario18 
400 400 400 500 500 Scenario19 
400 400 500 500 500 Scenario20 
400 500 500 500 500 Scenario21 
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Type I error and Power calculation 
 
For each replicate, we simulated 100 independent datasets. For MultiPhen, Type I error and power were calculated as 
the number of datasets with a p-value less than 0.05 out of 100 total datasets. The p-value threshold for logistic 
regression was 0.01, as corrected for multiple testing burden across five traits (calculated as 0.05/5). Each bar in the 
bar plot in the results section represents the type I error or power obtained from 10 replicates. The plots of simulation 
results were generated using ggplot2 R package18. 
 
 
Quality Control in the UK Biobank 
 
Our analyses were performed on white British individuals from the UK Biobank. We followed quality control 
procedure described in the previous literature19. We excluded poor quality samples that had a sample missing rate 
higher than 5% and an unusual heterozygosity19, and individuals who were closer than 2nd degree relatives. We further 
removed the samples with sex mismatches. Among the rest of them, we included individuals whose phenotype and 
covariate information are available. For imputed genotype data, we performed our analysis on the common variants 
with a minor allele frequency of ≥ 0.01 and had an imputation info score of ≥ 0.3. We applied a linkage disequilibrium 
filtering to select independent SNPs with “--indep-wise 1000 80 0.1” in PLINK20. In total, there are 214,318 SNPs 
and 295,423 white British individuals included in our subsequent analyses.  
 
 
Association Analyses in the UK Biobank 
We defined our phenotypes based on the ICD-10 codes, and selected five traits that consist of unbalanced case 
sample sizes (Table 2). We performed logistic regression and MultiPhen on individuals and genetic variants that 
passed quality control. All of the association models were adjusted by age, genetic inferred sex, genotyping array 
and first 20 principal components. There were in total 1,071,590 tests being performed for logistic regression and 
the Bonferroni correction threshold is 4.67*10-8 (calculated as 0.05/(214318*5)). For MultiPhen, the Bonferroni 
threshold is 2.33*10-7 (calculated as 0.05/214318). 
 
 
Table 2. Phenotypes and Case Sample Size from UK Biobank  
 

ICD10 Description Broad disease category Case sample size 
(after quality control) 

E11.9 Type II diabetes without complications Endocrine, nutritional and metabolic 
diseases 

16,516 

F32.3 Severe depressive episode with 
psychotic symptoms 

Mental, behavioral and 
neurodevelopmental disorders 
 

236 

G30.9 Alzheimer’s disease Diseases of the nervous system 
 

325 

I70.2 Atherosclerosis of arteries of the 
extremities 

Diseases of the circulatory system 501 

I25.1 Atherosclerotic heart disease Diseases of the circulatory system 16,932 

 
 
Results 
 
We observed an overall controlled type I error for all of the simulation scenarios (Figure 1). We observed comparable 
type I error rates for logistic regression and MultiPhen and most of the values are less than 0.1. The mean of type I 
error across 10 replicates is around 0.05 for all simulation scenarios (Figure 1). Even with varying degrees of case 
sample size imbalance across the five traits, we did not observe an obvious trend between sample size imbalance and 
type I error under our simulation settings.  
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Figure 1. Type I error simulation results. Each bar in the bar plot represents the distribution of Type I error from 10 
replicates. Scenarios 1-5 are simulated based on balanced sample size, while others are simulated based on the 
unbalanced sample size (separated by dash line).  
 

 
For balanced case sample size settings (scenarios 1-5), we observed an increasing trend of power with the increase of 
case sample size (Figure 2). And case numbers of more than 200 (scenario 3-5) yield a mean of statistical power 
of >60%. For unbalanced case sample size scenarios (6-21), we observed the increase of power when adding more 
traits with larger case sample sizes (refer to Table 1). We have also observed the baseline power for each set (scenario 
6,10,14,18) increases as the case sample size increases.  Interestingly, we see that MultiPhen has higher power than 
logistic regression for most of the simulation scenarios (Figure 2).  
 

 
 

Figure 2. Power simulation results. Each bar in the bar plot represents the distribution of power from 10 replicates. 
Scenarios 1-5 are simulated based on balanced sample size, while others are simulated based on the unbalanced 
sample size (separated by dash line). 
 
 
We demonstrated our univariate and multivariate results from the UK Biobank in a Hudson plot (Figure 3)27. The 
SNPs evaluated in our study are independent from each other with the R-squared less than 0.1 (see Methods). We 
observed very similar patterns of the associations identified by logistic regression and MultiPhen (Figure 3). In total, 
we observed 22 Bonferroni significant variants identified by MultiPhen, and 32 Bonferroni significant variants by 
logistic regression. Interestingly, Bonferroni significant variants identified by Multiphen have all been identified by 
logistic regression (Figure 4).   
 
We observed a missense common variant rs11591147 located on PCSK9 gene on chromosome 1, which is associated 
with atherosclerotic heart disease (p-value: 6.029 * 10-11). PCSK9 protein regulates cholesterol in the bloodstream and 
has been suggested to play a role in atherosclerosis21. SNP rs10738609 on chromosome 9 is an intron variant that is 
located at CDKN2B-AS1 gene, which is a known hot spot gene for cardiovascular diseases22. We observed its 
significant association (univariate p-value: 3.252 * 10-76) with atherosclerotic heart disease in our study. We further 
looked at its association with other tested diseases and observed its association with type II diabetes (univariate p-
value: 1.461 * 10-5) and a moderate level of association with atherosclerosis of arteries (univariate p-value: 0.0003428). 

1386



 

 
Figure 3. Hudson plot of univariate and multivariate results. The top plot is the result of univariate analysis and the 
bottom plot is the result of multivariate analysis. Color in the top plot denotes the phenotype. The red line denotes 
the Bonferroni threshold.  
 
 

 
 
Figure 4. Venn diagram of the Bonferroni significant variants identified by logistic regression and MultiPhen 
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There are 15 Bonferroni significant variants that are associated with type II diabetes. We identified one genetic variant 
SNP rs8047395 located on chromosome 16 near FTO gene (univariate p-value: 5.607 * 10-12), which is a previously 
known genetic variant that is associated with type II diabetes23. We also identified a known SNP rs76895963 to be 
associated with type II diabetes28. SNP rs2673142 showed a moderate significant association with depression (p-value: 
0.00034) in addition to type II diabetes.   
 
For depression, we identified one novel variant rs548613298 that is associated with depression from our analysis. For 
Alzheimer’s disease, both methods identified three Bonferroni significant genetic variants located on chromosome 19 
near APOC1/APOE region (rs12691088, rs79701229 and rs60049679). The region was known to have a strong 
association with Alzheimer’s disease24,25. These three genetic variants showed a moderate significant association with 
atherosclerotic heart disease (with univariate p-values around 0.005). As for atherosclerosis of arteries, we did not 
observe any Bonferroni significant variant.  
 

 
Discussion 
 
Type I error was mostly controlled under 0.1 for our simulation scenarios. We did not observe an obvious impact of 
sample size imbalance on type I error (Figure 1). We found that statistical power increases as the number of phenotypes 
with larger case sample size increases (Figure 2). We also observed an elevation of statistical power for unbalanced 
case sample sizes when adding more phenotypes with 500 cases. MultiPhen outperforms logistic regression on many 
sample size imbalance simulation settings (Figure 2). Multivariate methods previously demonstrated higher power 
than logistic regression13 under balanced sample size, and our work demonstrated the same trend in sample size 
imbalance scenarios.  
 
For our case study in UK Biobank, we performed logistic regression and MultiPhen analyses across type II diabetes, 
atherosclerotic heart disease, depression, Alzheimer’s disease and atherosclerosis of arteries. We identified many 
previously known genetic variants as well as novel variants. We demonstrated the effectiveness of applying both 
methods in identifying pleiotropy. There were 22 Bonferroni significant variants being identified by MultiPhen, which 
have all been identified by logistic regression. The reason that MultiPhen has identified lesser number of significant 
variant might due to its limited power in scenarios when the genetic effect is in consistent with the phenotypic 
correlation13. By applying both methods, it assists us to limit the false positives in the discovery of pleiotropy as well 
as help with the interpretation of the results.  
 
One of the limitations is that we evaluated the risk genetic effect, future work on protective genetic effect and a mixture 
of both directions of genetic effect would comprehensively understand the power of these methods. Evaluating 
additional scenarios that may provide more understanding of the inflation of type I error, which likely also lead to 
higher power for MultiPhen, would be warranted. While controlled at a rate of 0.10 or less, it would be beneficial to 
get the type I error controlled under 0.05 or less if possible. As for the case study, we only investigated the independent 
SNPs. Future study on more coverage of the genetic variants would shed more lights on the biology.  
 
In this work, we conducted a natural biomedical data informed simulation study to characterize statistical performance 
of univariate and multivariate methods in detecting genetic associations with multiple phenotypes. Our design of 
sample size imbalance offers a new perspective of the statistical performance of these methods, which would greatly 
assist future discovery of pleiotropy. Our case study showcases the effectiveness of applying univariate and 
multivariate methods in identifying pleiotropy in large-scale biobank cohort. 
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Simulation Code Example 
 
#R code for simulating 100 balanced case sample size for power evaluation. 
This code is for simulating 5 traits.  
library(bindata) 
library(MultiPhen) 
n=10000 
maf=0.05 
 
#User can specify different beta0 to control case sample size 
beta0=c(-4.6,-4.6,-4.6,-4.6,-4.6) 
x<-sample(c(0,1,2),n,replace=T,prob=c((1-maf)*(1-maf),2*maf*(1-maf),maf*maf)) 
x<-as.matrix(x) 
#User can specify different beta to control the effect sizes of the SNPs 
beta=c(0.3,0.3,0.3,0.3,0.3) 
 
#User can input a phenotype matrix which they wish to produce the correlation 
matrix for simulated traits. Here I'm posting an example of the correlation 
matrix (b_cor) among 5 traits that described in the manuscript. 
 
b_cor<-matrix(c(1.0000000000,0.0415276512,0.0007543885,0.001951613,-
0.001077797, 0.0415276512, 1.0000000000, 0.0008421039, 0.005441721,  
0.002168689, 0.0007543885, 0.0008421039, 1.0000000000, 0.098728472,  
0.003179557, 0.0019516132, 0.0054417214, 0.0987284719, 1.000000000,  
0.029784037, -0.0010777969, 0.0021686888, 0.0031795574, 0.029784037,  
1.000000000),nrow=5,ncol=5,byrow=TRUE) 
 
prob<-matrix(nrow=10000, ncol=5) 
prob[,1]<-exp(beta0[1]+x %*% t(beta[1]))/(1+exp(beta0[1]+x %*% t(beta[1]))) 
prob[,2]<-exp(beta0[2]+x %*% t(beta[2]))/(1+exp(beta0[2]+x %*% t(beta[2]))) 
prob[,3]<-exp(beta0[3]+x %*% t(beta[3]))/(1+exp(beta0[3]+x %*% t(beta[3]))) 
prob[,4]<-exp(beta0[4]+x %*% t(beta[4]))/(1+exp(beta0[4]+x %*% t(beta[4]))) 
prob[,5]<-exp(beta0[5]+x %*% t(beta[5]))/(1+exp(beta0[5]+x %*% t(beta[5]))) 
 
y<-t(apply(prob, 1, function(m) rmvbin(1, margprob=m, bincorr=b_cor))) 
 
colnames(y) <-c("Trait_1","Trait_2", "Trait_3", "Trait_4", "Trait_5") 
logistic.out1 <- glm(y[,1] ~ x[,1],family=binomial) 
tmp1 <- summary(logistic.out1)[[12]][2,] 
 
logistic.out2 <- glm(y[,2] ~ x[,1],family=binomial) 
tmp2 <- summary(logistic.out2)[[12]][2,] 
 
logistic.out3 <- glm(y[,3] ~ x[,1],family=binomial) 
tmp3 <- summary(logistic.out3)[[12]][2,] 
 
logistic.out4 <- glm(y[,4] ~ x[,1],family=binomial) 
tmp4 <- summary(logistic.out4)[[12]][2,] 
 
logistic.out5 <- glm(y[,5] ~ x[,1],family=binomial) 
tmp5 <- summary(logistic.out5)[[12]][2,] 
 
tmp<-cbind(tmp1,tmp2,tmp3,tmp4,tmp5) 
tmp_t<-t(tmp) 
write.table(tmp_t,file="run1.logistic.output",quote=F,row.names=T,col.names=T
,sep='\t') 
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y<-as.matrix(y) 
rownames(y)<-seq(1:10000) 
rownames(x)<-seq(1:10000) 
mPhen_out <- mPhen(x[,1, drop=FALSE], y, phenotypes = all,  resids = NULL, 
covariates=NULL, strats = NULL,opts = 
mPhen.options(c("regression","pheno.input"))) 
mPhen_jointp <- mPhen_out$Results[,,,2][6] 
write.table(mPhen_jointp, file="run1.multiphen.output", col.names=T, 
row.names=T, sep="\t",quote=F) 
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Abstract

Incompleteness of ontologies affects the quality of downstream ontology-based applications. In this paper, we in-
troduce a novel lexical-based approach to automatically detect potentially missing hierarchical IS-A relations in
SNOMED CT. We model each concept with an enriched set of lexical features, by leveraging words and noun phrases
in the name of the concept itself and the concept’s ancestors. Then we perform subset inclusion checking to sug-
gest potentially missing IS-A relations between concepts. We applied our approach to the September 2017 release
of SNOMED CT (US edition) which suggested a total of 38,615 potentially missing IS-A relations. For evaluation,
a domain expert reviewed a random sample of 100 missing IS-A relations selected from the “Clinical finding” sub-
hierarchy, and confirmed 90 are valid (a precision of 90%). Additional review of invalid suggestions further revealed
incorrect existing IS-A relations. Our results demonstrate that systematic analysis of the enriched lexical features of
concepts is an effective approach to identify potentially missing hierarchical IS-A relations in SNOMED CT.

Introduction

Ontologies and terminologies have been increasingly used in biomedical research and applications, since they provide
domain knowledge to facilitate biomedical data annotation, data integration and exchange, information retrieval, nat-
ural language processing (NLP), and clinical decision support1, 2. For instance, SNOMED CT facilitates the exchange
of healthcare information among healthcare providers and electronic health records (EHRs), leading to higher quality,
consistency and safety in healthcare delivery3, 4.

Given such important roles, the quality of biomedical ontologies directly impacts the quality of their downstream ap-
plications5. In particular, incompleteness of ontologies affects the quality of downstream applications such as leading
to valid conclusions being missed6. For instance, in ontology-based search engines for patient cohort identification,
incomplete ontology hierarchy impacts the quality of query results. As an example, value sets of SNOMED CT (con-
sisting of subsets of SNOMED CT concepts) have been widely used for EHR decision support, quality reporting, and
cohort selection. A value set can be defined as a list of concepts sharing some common features, e.g., all descendants
of “Carcinoma of larynx”. However, “Primary adenosquamous cell carcinoma of larynx” is currently not listed as
one of its descendants (i.e., a missing hierarchical IS-A relation), thus patients with “Primary adenosquamous cell
carcinoma of larynx” would not be selected for a cohort of patients with “Carcinoma of larynx”.

Recently, lexical-based methods have shown great potential to automatically detect missing hierarchical IS-A relations
for improving the completeness and quality of biomedical ontologies including SNOMED CT7–10, NCI Thesaurus11–14,
and Gene Ontology15. For instance, in previous work10, we leveraged lexical features of concepts in non-lattice
subgraphs of SNOMED CT to identify potentially missing IS-A relations, where the non-lattice subgraphs are potential
problematic substructures which may reveal quality defects such as missing IS-A relations and missing concepts9.

In this paper, we introduce a novel lexical-based approach without relying on non-lattice substructures for automatic
and exhaustive detection of potentially missing IS-A relations in SNOMED CT. We model each concept with an
enriched set of lexical features, which leverages words and noun phrases not only in the name of the concept itself but
also in the names of the concept’s ancestors. Then we perform subset inclusion checking for concept pairs that are not
present in the existing inferred IS-A hierarchy. Each subset inclusion relation identified is a potentially missing IS-A
relation detected. A random sample of detected missing IS-A relations is reviewed by a domain expert to evaluate the
effectiveness of our approach.

?Corresponding author. Email: licong.cui@uth.tmc.edu
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1 Background
1.1 Auditing completeness of biomedical ontologies

Recent work has paid special attention to audit the completeness of biomedical ontologies. Chen et al. presented
a recursive method to locate missing hierarchical relations in the Metathesaurus of the Unified Medical Language
System (UMLS)16. Ochs et al. presented tribal-based17 and subject-based18 abstraction network methods to audit
SNOMED CT for uncovering quality issues including missing parents. Bodenreider considered words in concept
names as logical definitions and used a Description Logic (DL) classifier to automatically derive hierarchical IS-A
relations among concepts in SNOMED CT; and then compared the DL-derived hierarchy with the original SNOMED
CT hierarchy to detect missing IS-A relations7. Quesada-Martı́nez et al. analyzed concept names in SNOMED CT to
identify lexical regularities and suggest missing relations (including missing IS-A relations)8. Cui et al. introduced a
hybrid structural-lexical method by mining lexical patterns in non-lattice subgraphs to suggest missing IS-A relations
and missing concepts in SNOMED CT9. Abeysinghe et al. extended Cui et al.’s structural-lexical approach9 to detect
missing IS-A relations in NCI Thesaurus11 and proposed additional lexical patterns. Cui et al. further enriched lexical
features of concepts in non-lattice subgraphs to identify missing IS-A relations in SNOMED CT without relying on
predefined lexical patterns10. Keloth et al. leveraged horizontal density differences of concepts in different ontologies
to identify missing child concepts19. Previously, we introduced a lexical-based inference approach to derive hierarchi-
cal inconsistencies and uncover missing IS-A relations in SNOMED CT, Gene Ontology and NCI Thesaurus15. After
detecting missing IS-A relations, we leveraged external ontologies in the UMLS to identify supporting evidence which
could potentially relieve the manual review effort of domain experts.

These approaches reveal different kinds of missing hierarchical relations in a given terminology. Even for the same ter-
minology (e.g., SNOMED CT), each approach uncovers a certain portion of potentially missing hierarchical relations
differently. In this paper, we introduce another lexical-based approach, to identify previously undiscovered missing
hierarchical relations in SNOMED CT.

1.2 SNOMED CT

SNOMED CT20 is the most comprehensive clinical healthcare terminology used worldwide, containing more than
330,000 concepts and 19 sub-hierarchies. Each concept in SNOMED CT has a unique numeric concept identifier (e.g.,
363504005) and a fully specified name (FSN). The FSN provides a unique, unambiguous description of a concept’s
meaning. For instance, concept 363504005’s FSN is “Malignant tumor of lower limb (disorder)” with a semantic tag
“disorder” in parentheses at the end.

Concepts in SNOMED CT are organized from the general to the more detailed using hierarchical IS-A relations (i.e.,
the detailed is a subtype of the general). Therefore, a concept is more detailed than its ancestors and is more general
than its descendants. For example, concept 363504005 – “Malignant tumor of lower limb (disorder)” is more detailed
than its parent concept 126655004 – “Neoplasm of lower limb (disorder).”

2 Methods

In this work, we use the September 2017 release of SNOMED CT (US edition). We perform three main steps for
exhaustive detection of potentially missing IS-A relations in SNOMED CT: (1) identify a list of stop words/phrases
and antonym pairs which may lead to incorrect suggestion of missing IS-A relations; (2) construct a set of lexical
features for each concept by leveraging the words and noun phrases in the concept itself as well as in its ancestors; and
(3) check the subset inclusions between each candidate pair of concepts to suggest potentially missing IS-A relations.

2.1 Identifying stop words/phrases and antonym pairs

Stop words/phrases may result in wrongly suggested missing IS-A relations (or false positives). Take concepts
“Velopharyngeal incompetence due to cleft palate (disorder)” and “Cleft palate (disorder)” as an example, even
though the set of lexical features of the former concept contains that of the latter concept, there should not be an
IS-A relation between these two concepts. Words/phrases such as “due to” are highly likely to suggest false posi-
tives and thus are considered as stop words/phrases. In this work, we leveraged a list of stop words/phrases used in
previous work10, including: “and”, “or”, “no”, “not”, “without”, “due to”, “secondary to”, “except”, “by”, “after”,
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“co-occurrent”, “bilateral”, “examination”, “able”, “amputation”, “removal”, “replacement”, “resection”, “excision”,
“reaction to”, “unable”, “failure”, “failed”, “abnormal”, “excluding”, “non”, and “pre”.

Similarly, concept pairs whose lexical features contain antonym pairs are likely to generate erroneous suggestions. For
instance, considering concepts “Secondary malignant neoplasm of right upper lobe of lung (disorder)” and “Neoplasm
of right lower lobe of lung (disorder)”, apparently there should not be an IS-A relation between these two concepts,
since the former concept is related to “right upper lobe of lung” while the latter concept is related to “right lower lobe
of lung”. However, if the former concept inherited a lexical feature “lower” from one of its ancestors “Malignant
neoplasm of lower respiratory tract (disorder)”, then the lexical feature set of the former would subsume that of the
latter, as a result of which an incorrect IS-A between the former and latter would be suggested. To collect such potential
antonym pairs, we adopted a list of adjective antonym pairs from WordNet21, including (“open”, “closed”), (“acute”,
“chronic”), (“right”, “left”), etc. We also identified additional antonym pairs which are not included in WordNet, such
as (“upper”, “lower”).

2.2 Constructing lexical features for concepts

Most existing lexical-based methods for identification of missing IS-A relations use words in concept names as the
lexical features of concepts. In this work, we model concepts not only using words, but also utilizing noun phrases.
For each concept, we first preprocess its FSN and identify an initial set of lexical features consisting of words and
noun phrases in the concept’s FSN. Then we enrich the set with more lexical features inherited from the concept’s
ancestors.

2.2.1 Preprocessing FSNs of concepts

We first preprocess the FSNs of concepts before the initialization of lexical feature sets. For each concept, we split
its FSN (by space) into words sequentially and remove its semantic tag (e.g., “(disorder)”). The semantic tag will be
leveraged while suggesting potentially missing IS-A relations. We further process special symbols in FSNs such as
removing parentheses and square brackets, and replacing backslash with “or” if the FSN does not contain numbers
(e.g., “Sickness/injury care” will result in “Sickness or injury care”, while “5 mg/ml” will remain intact).

2.2.2 Initializing lexical feature sets with noun phrases and words

In this work, instead of purely using the bag-of-words model, we consider noun phrases as meaning features of con-
cepts to facilitate the identification of missing IS-A relations. Take two concepts “Acute sensitivity to pain (finding)”
and “Acute pain (finding)” as an example, if we simply used the bag-of-words model, their lexical feature sets would be
{acute, sensitivity, to, pain} and {acute, pain} respectively, where {acute, sensitivity, to, pain} is a superset of {acute,
pain} (i.e., more detailed), and thus “Acute sensitivity to pain (finding)” would be suggested as a subtype of “Acute
pain (finding)”. However, this suggestion is incorrect since “Acute sensitivity to pain” is a finding of pain threshold,
while “Acute pain” is a finding of pattern of pain; and there should not be any subsumption relations between these
two concepts. The reason for this incorrect suggestion is that the adjective “acute” is the modifier for two different
nouns (“sensitivity” and “pain”) in these two concepts. To avoid such situations, we model a concept’s name as a
set of noun phrases and words, where a noun phrase groups the modifier(s) and the corresponding noun as a single
feature. Hence in the above example, the two concepts’ lexical features will become {acute, sensitivity, to, pain, acute
sensitivity} and {acute, pain, acute pain}, which do not have any subset-superset relation.

We use Stanford CoreNLP Parser22 to identify noun phrases. Note that the parser may recognize noun phrases in
different levels of granularity. For instance, for concept “Anesthesia for procedure on veins of lower leg (procedure)”,
there is a base level noun phrase “lower leg” which is a component of a higher level noun phrase “veins of lower leg”.
In this work, we only consider the base level noun phrases. That is, we model a concept’s FSN initially as a set of
individual word(s) and base level noun phrase(s). In this example, the initial set of lexical features for the concept is
{anesthesia, for, procedure, on, veins, of, lower, leg, lower leg}.

2.2.3 Enriching lexical feature sets

We enrich concepts’ lexical features in two steps. In the first step, for each concept c, we check if its FSN contains
noun phrase(s) identified in the initial feature sets of other concepts which are not hierarchically linked with c; and
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if yes, we add such noun phrase(s) into c’s initial lexical feature set. We denote concept c’s set of lexical features
obtained after the first-step enrichment process as E1c. In the second step, for each concept, we further enrich its set of
lexical features with its ancestors’ sets of lexical features. It is intuitive that if concept x is a subtype of concept y, then
the lexical features or attributes of concept y are also considered to be true for concept x (i.e., x inherits y’s attributes).
In this work, we maintain a directed graph which is constructed using all the inferred hierarchical IS-A relations in
SNOMED CT, compute its transitive closure, and obtain the ancestors of concepts using the breadth-first search. While
performing the second-step enrichment process for a concept c, if an ancestor a contains stop word(s)/phrase(s), then
we do not add a’s set of lexical features to c’s. More formally, we have

E2c = E1c ∪ (
⋃
{E1a | a ∈ Ac and a does not contain any stop words/phrases}),

where E2c denotes concept c’s set of lexical features after the second-step enrichment process, and Ac is the set of c’s
ancestors.

Table 1 shows an example of the initial and enriched sets of lexical features for a concept c: 371977004 – “Primary
malignant neoplasm of cecum (disorder).” The noun phrase identified in the initial set of lexical features is “primary
malignant neoplasm” (underlined). After the first-step enrichment (E1c), a new noun phrase “malignant neoplasm”
is identified from concepts which are not hierarchically linked with c. After the second-step enrichment (E2c), more
noun phrases and words are inherited from c’s ancestors. For instance, noun phrase “large intestine” is inherited from
the initial lexical feature set of c’s parent – “Primary malignant neoplasm of large intestine (disorder)” and noun
phrase “malignant tumor” is inherited from c’s other parent – “Malignant tumor of cecum (disorder).”

Table 1: The initial and enriched sets of lexical features of an example concept c: 371977004 – Primary malignant
neoplasm of cecum (disorder). Noun phrases are underlined.

c’s FSN Primary malignant neoplasm of cecum (disorder)

Initial set {primary, malignant, neoplasm, of, cecum, primary malignant neoplasm}

Enriched set E1c {primary, malignant, neoplasm, of, cecum, primary malignant neoplasm,
malignant neoplasm}

Enriched set E2c {primary, malignant, neoplasm, of, cecum, primary malignant neoplasm,
malignant neoplasm, abdominal, mass, abdominal mass, disorder, digestive, structure,
digestive structure, finding, large, intestine, large intestine, neoplastic, disease,
neoplastic disease, malignant neoplastic disease, viscus, structure finding, body, region,
body region, trunk, trunk structure, abdomen, tumor, malignant tumor, organ,
digestive organ, gastrointestinal, tract, gastrointestinal tract, system, digestive system,
intraabdominal, intraabdominal organ, bowel, bowel finding, lower,
lower gastrointestinal tract, body system, abdominal organ finding, abdominal organ,
gastrointestinal tract finding, segment, abdominal segment, intestinal, intestinal tract,
digestive system finding, system finding, body structure, digestive tract, cecal, cecal mass}

2.3 Identifying potentially missing IS-A relations

To automatically suggest potentially missing IS-A relations, we first produce candidate pairs of concepts (say x and
y) which meet the following conditions:

• concepts x and y are within the same sub-hierarchy (we assume that concepts in different sub-hierarchies do not
have hierarchical IS-A relations since sub-hierarchies in SNOMED CT do not share common concepts);

• x and y are not hierarchically linked through existing IS-A relations;
• x and y share the same semantic tag;
• neither x nor y contains any stop word/phrase; and
• the enriched sets of lexical features E2x and E2y do not contain antonym pairs.

Then for each candidate pair of concepts (x, y), we systematically compare their enriched sets of lexical features E2x

and E2y as follows: if E2x is a superset of E2y , then “concept x IS-A concept y” will be suggested as a potentially
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missing IS-A relation; if E2x is a subset of E2y , then “concept y IS-A concept x” will be suggested as a potentially
missing IS-A relation; otherwise, nothing will be suggested.

Since our suggestion of missing IS-A relations is in an exhaustive way, it may result in redundant missing IS-A
relations. More specifically, the suggested missing IS-A relations may include cases like “concept x IS-A concept
y” and “concept x IS-A concept z” while z is an ancestor of y. Here, “concept x IS-A concept z” is considered
redundant, since it can be implied by that x is a subtype of y and y is a subtype of z. Similarly, there might be cases
like “concept a IS-A concept c” and “concept b IS-A concept c” while b is an ancestor of a. In such cases, “concept
a IS-A concept c” is considered redundant, since it can be implied by that a is a subtype of b and b is a subtype of c.
To avoid unnecessary analyses, we remove redundant relations and only keep those suggested missing IS-A relations
(say “concept x IS-A concept y”) satisfying the following two conditions:

• there does not exist a concept z such that “concept x IS-A concept z” is a suggested missing relation and y is an
ancestor of z; and

• there does not exist a concept s such that “concept s IS-A concept y” is a suggested missing relation and s is an
ancestor of x.

3 Results

In this paper, we applied our method to all the sub-hierarchies of SNOMED CT except “SNOMED CT Model Com-
ponent (metadata)” (e.g., definition status) and “Special concept (special concept)” (e.g., inactive concept). A total
of 38,615 potentially missing hierarchical IS-A relations were suggested. Table 2 shows the number of potentially
missing IS-A relations in each sub-hierarchy. For instance, 6,946 potentially missing IS-A relations were identified
from the “Clinical finding” sub-hierarchy.

Table 2: Numbers of missing hierarchical IS-A relations detected in terms of the sub-hierarchies.

Sub-hierarchy # of Potentially Missing IS-A Sub-hierarchy # of Potentially Missing IS-A

Body structure 26,161 Situation with explicit context 82

Clinical finding 6,946 Staging and scales 36

Procedure 3,861 Social context 33

Substance 390 Specimen 31

Organism 277 Environment or geographical location 26

Observable entity 242 Pharmaceutical / biologic product 22

Physical object 234 Record artifact 2

Qualifier value 185 Physical force 0

Event 87

3.1 Evaluation

To evaluate the effectiveness of our approach for detecting missing IS-A relations, we randomly selected a sample
of 100 potentially missing IS-A relations from the “Clinical finding” sub-hierarchy. A domain expert (author JS)
reviewed the sample and verified that 90 out of 100 missing IS-A relations are valid (or true positives), indicating that
our approach achieved a precision of 90%. Table 3 lists 15 examples of missing IS-A relations in the “Clinical finding”
sub-hierarchy verified by the domain expert, including “Open injury of diaphragm (disorder)” IS-A “Open wound of
thorax (disorder)”, and “Primary malignant neoplasm of fibula (disorder)” IS-A “Malignant neoplasm of long bone
of lower leg (disorder)”.

For each false positive (i.e., invalid missing IS-A relation suggested), we provided the domain expert with the existing
IS-A relation(s) which lead to the suggestion of the false positive. The domain expert further reviewed these existing
IS-A relations and checked whether any of them is problematic.
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3.2 Analysis of false positive cases

We manually examined the false positive cases for potential causes. For instance, our approach suggests a false posi-
tive: “Familial malignant neoplasm of pancreas (disorder)” IS-A “Malignant tumor of body of pancreas (disorder)”,
since the former concept inherits a lexical feature “body” from its ancestor “Mass of body region (finding)”. However,
the meaning of “body” in “Malignant tumor of body of pancreas (disorder)” is different than its meaning in “Mass of
body region (finding)”. The former refers to the finding site of structure of body of pancreas, while the latter refers to
the finding site of body region structure. Therefore, there should not be an IS-A relation between the two concepts. In
this case, the false positive is due to the varied meanings of a word in different context.

Table 3: Examples of missing hierarchical IS-A relations in the “Clinical finding” sub-hierarchy confirmed by the
domain expert.

Subconcept Superconcept

Primary adenosquamous cell carcinoma of larynx (disorder) Carcinoma of larynx (disorder)

Strain of fascia of intrinsic muscle of thumb (disorder) Injury of fascia of intrinsic muscle of thumb (disorder)

Pelvic muscular dystrophy (disorder) Degenerative disorder of muscle (disorder)

Superficial injury of interscapular region with infection (disorder) Superficial injury of trunk with infection (disorder)

Contracture of iliopsoas (disorder) Disorder of soft tissue of trunk (disorder)

Carcinoma in situ of upper labial mucosa (disorder) Tumor of upper labial mucosa (disorder)

Complete ankylosis of the spine (disorder) Disorder of vertebra (disorder)

Plasmodium vivax malaria with rupture of spleen (disorder) Infectious disease of abdomen (disorder)

Fracture subluxation of acromioclavicular joint (disorder) Fracture subluxation of joint of upper limb (disorder)

Genital herpes simplex (disorder) Infectious disease of genitourinary system (disorder)

Plasmodium vivax malaria with rupture of spleen (disorder) Infectious disease of abdomen (disorder)

Open fracture of thoracic spine with spinal cord lesion (disorder) Fracture of spine with spinal cord lesion (disorder)

Open injury of diaphragm (disorder) Open wound of thorax (disorder)

Osteitis fibrosa cystica generalisata (disorder) Degenerative disorder of bone (disorder)

Primary malignant neoplasm of fibula (disorder) Malignant neoplasm of long bone of lower leg (disorder)

Table 4: Examples of false positives caused by the incorrect existing hierarchical IS-A relations. ?: indicates that the
incorrect existing relation has been removed in the newer versions of SNOMED CT.

False Positives Reason: Incorrect Existing Relations

Disorder of left sacroiliac joint (disorder) IS-A Disorder
of left lower extremity (disorder)

Disorder of pelvic girdle (disorder) IS-A Disorder
of lower extremity (disorder)

Encysted hydrocele of spermatic cord (disorder) IS-A
Soft tissue lesion of pelvic region (disorder)

Encysted hydrocele of spermatic cord (disorder)
IS-A Soft tissue lesion (disorder)

Malignant neoplasm of sacral vertebra (disorder) IS-A
Malignant neoplasm of bone of lower limb (disorder)

Neoplasm of sacrum (disorder) IS-A Neoplasm of
lower limb (disorder)

Algodystrophy of foot (disorder) IS-A Degenerative dis-
order of extremity (disorder)

Algodystrophy (disorder) IS-A Degenerative dis-
order (disorder)?

Reflex sympathetic dystrophy of upper extremity (disor-
der) IS-A Degenerative disorder of extremity (disorder)

Algodystrophy (disorder) IS-A Degenerative dis-
order (disorder)?

Secondary malignant neoplasm of sacrum (disorder) IS-
A Secondary malignant neoplasm of bone of lower limb
(disorder)

Neoplasm of sacrum (disorder) IS-A Neoplasm of
lower limb (disorder)

Autosomal recessive popliteal pterygium syndrome (dis-
order) IS-A Dysplasia of limb (disorder)

Popliteal pterygium syndrome (disorder) IS-A
Congenital anomaly of lower limb (disorder)

Another cause of false positives is the incorrect existing IS-A relations in SNOMED CT that our approach leverages to
suggest potentially missing IS-A relations. Table 4 shows seven examples of false positives generated by our approach

1397



due to the incorrect existing IS-A relations. For instance, our approach suggests “Encysted hydrocele of spermatic
cord (disorder)” IS-A “Soft tissue lesion of pelvic region (disorder)”, which is incorrect since hydrocele refers to a
small “bag of fluid” and is not considered as a soft tissue lesion. This incorrect suggestion is due to an existing relation:
“Encysted hydrocele of spermatic cord (disorder)” IS-A “Soft tissue lesion (disorder)”. In addition, there are two false
positives caused by the same existing relation: “Algodystrophy (disorder) IS-A “Degenerative disorder (disorder)” in
the September 2017 release of SNOMED CT US edition that we used. It is worth noting that this relation is no longer
existent in the current version of SNOMED CT, that is, this incorrect IS-A relation has been removed.

4 Discussion

In this paper, we introduce a lexical approach for exhaustive detection of potentially missing hierarchical IS-A relations
in SNOMED CT. It can be seen that our approach can not only detect intuitive/straightforward relations such as
“Primary adenosquamous cell carcinoma of larynx (disorder)” IS-A “Carcinoma of larynx (disorder)”, but also
uncover complicated cases such as “Genital herpes simplex (disorder)” IS-A “Infectious disease of genitourinary
system (disorder)” and “Plasmodium vivax malaria with rupture of spleen (disorder)” IS-A “Infectious disease of
abdomen (disorder)” (Table 3). Since our approach only requires the hierarchical IS-A structure and concept names
as the input, it can be generally applied to other terminologies or ontologies.

4.1 Comparison with previous work

In previous work10, we introduced a structural-lexical approach for the detection of potentially missing IS-A relations
in SNOMED CT, by leveraging the lexical attributes of concepts in non-lattice subgraphs. A pair of concepts is known
as a non-lattice pair if they share more than one maximal common descendant. Non-lattice subgraphs derived from
non-lattice pairs often reveal quality issues including missing IS-A relations. In this work, we perform exhaustive
detection of potentially missing IS-A relations without limiting to the non-lattice substructures.

Figure 1: The levels of concepts involved in a missing IS-A
relation: “Open injury of diaphragm (disorder)” IS-A “Open
wound of thorax (disorder)”.

More importantly, this work identifies previously
undiscovered missing IS-A relations. Among 38,615
potentially missing IS-A relations identified in this
work, 36,534 (94.6%) are newly discovered com-
pared with those in previous work10. Among 6,946
potentially missing IS-A relations from the “Clinical
finding” sub-hierarchy in this work, 6,081 (87.5%)
are newly identified compared with those in previous
work10.

Since this work leverages the entire structure of
SNOMED CT while the previous work focuses on
non-lattice substructures, it is intuitive to further in-
vestigate the level differences of the subconcepts and
superconcepts involved in the potentially missing IS-
A relations. Therefore, we computed the level of
each concept in SNOMED CT (i.e., the number of
concepts in the path from the root to the concept).
For concepts with multiple paths from the root, we
chose the number of the longest path. We considered
the root’s level as 0. For instance, Figure 1 shows that
the level of concept “Open injury of diaphragm (dis-
order)” is 12 and the level of concept “Open wound
of thorax (disorder)” is 10. The level difference be-
tween these two concepts is 2.

We compared the level difference of subconcepts and superconcepts for potentially missing IS-A relations identified in
this work and previous work10. Figure 2 shows the number of potentially missing IS-A relations in terms of the level
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difference between the subconcept and superconcept. The level difference ranges from -3 to 21 in this work and -3 to
18 in previous work. A negative level difference indicates that the superconcept has a higher level than the subconcept
does. For the previous work10, 6% of identified missing IS-A relations have a level difference that is greater than 5;
while for this work, over 32% of the detected missing IS-A relations have a level difference that is greater than 5.

It can also be seen that for each of the non-negative level differences (0 to 21), this work consistently identifies more
potentially missing IS-A relations than the previous work does; while for each of the negative level differences (-3 to
-1), the previous work detects more potentially missing IS-A relations than this work does.

Figure 2: Distribution of potentially missing IS-A relations detected in this work and previous work according to the
level differences between subconcepts and superconcepts.

Figure 3: A non-lattice subgraph identified in the previous
work10. This non-lattice subgraph suggests a missing IS-A
relation between concepts 3 and 1: “Fracture subluxation of
lunate” IS-A “Fracture dislocation of lunate”.

Another major distinction is regarding the construc-
tion of lexical features for concepts. In the previous
work10, a concept in a non-lattice subgraph is mod-
eled as a set of words in its FSN with enriched lexical
features inherited from its ancestors within the non-
lattice subgraph. For instance, Figure 3 shows a non-
lattice subgraph identified in the previous work10,
where concept 6, “Fracture subluxation of perilunate
joint”, has a set of lexical features {fracture, subluxa-
tion, of, perilunate, joint, dislocation, lunate, wrist}.
In this work, we model each concept as a set of words
and noun phrases, with enriched lexical features in-
herited from all its ancestors in the entire SNOMED
CT. Take the same concept “Fracture subluxation of
perilunate joint” as an example, this work generates
a set of lexical features for the concept as {fracture, subluxation, of, perilunate, joint, fracture subluxation, perilunate
joint, traumatic dislocation, dislocation, traumatic, lunate, lunate bone, bone, wrist, limb structure, finding, struc-
ture, limb, upper limb, upper, wrist joint, disorder, fracture dislocation, lesion, musculoskeletal system, injury, system,
musculoskeletal, arthropathy, wrist region, region, radiocarpal, radiocarpal joint, body region, body, extremity, upper
extremity, traumatic injury, skeletal, skeletal system, connective tissue, tissue, joint injury, body system, bone find-
ing, musculoskeletal finding, joint finding, carpal bone, disease, bone injury}. As can be seen, concepts have more
enriched lexical features to represent their meanings in this work.
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4.2 Limitations and future work

Although the results showed that our approach is effective in identifying missing hierarchical IS-A relations, there still
remains several limitations.

Our evaluation is limited in that it only involved samples from the “Clinical Finding” sub-hierarchy. Manual review
of the detected missing IS-A relations by domain experts is time-consuming and labor-intensive. In future work,
we plan to investigate methods that leverage external knowledge (e.g., external ontologies, biomedical literature) to
automatically identify supporting evidence for the detected missing IS-A relations to relieve the manual burden.

In addition, our approach relies on the Stanford CoreNLP Parser to identify noun phrases in the concept names.
However, sometimes the Stanford Parser may not accurately recognize noun phrases. For instance, for concept
“Gluthathione peroxidase deficiency (disorder)”, it recognizes “peroxidase deficiency” as a noun phrase. However,
“Gluthathione peroxidase” is a more meaningful noun phrase to serve as a lexical feature for this concept.

Another limitation of this work is that the remediation of the suggested missing IS-A relations may not be simply
adding them to the SNOMED CT hierarchy, since the IS-A hierarchy is inferred by a DL classifier based on the logical
definitions of concepts. Further work is still needed to identify the potential causes of the missing IS-A relations from
the logical definition point of view, so that missing IS-A relations can be properly inferred by modifying the logical
definitions of concepts.

Regarding the performance evaluation of our approach, we mainly focused on measuring the precision. It is impracti-
cable to report actual recall since there is no reference standard that contains false negatives for calculating the recall.
However, one may use cumulative changes of IS-A relations over different versions of SNOMED CT as a surrogate
standard to measure retrospective recall23. Due to the discovery nature of the task to identify missing IS-A relations,
there may exist other auditing approaches that could propose missing IS-A relations in SNOMED CT that this ap-
proach did not uncover. We plan to apply a recent approach24 developed for suggesting missing IS-A relations in Gene
Ontology to SNOMED CT, and compare the resulted missing IS-A relations with those identified in this work.

5 Conclusions

In this paper, we presented a lexical-based approach to exhaustively detect potentially missing hierarchical IS-A rela-
tions in SNOMED CT. We modeled each concept with a set of enriched lexical features consisting of words and noun
phrases in the name of the concept itself and its ancestors. Pairwise comparison of the concepts’ lexical features auto-
matically suggested potentially missing IS-A relations. The results showed that our approach is effective in detecting
missing IS-A relations. Analysis of false positive cases further revealed incorrect existing IS-A relations in SNOMED
CT.
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Abstract:  The impact of EHRs conversion on clinicians’ daily work is crucial to evaluate the success of the 

intervention for Hospitals and to yield valuable insights into quality improvement. To assess the impact of different 

EHR systems on the preoperative nursing workflow, we used a structured framework combining quantitative time 

and motion study and qualitative cognitive analysis to characterize, visualize and explain the differences before and 

after an EHR conversion. The results showed that the EHR conversion brought a significant decrease in the patient 

case time and a reduced percentage of time using EHR. PreOp nurses spent a higher proportion of time caring for 

the patient, while the important tasks were completed in a more continuous pattern after the EHR conversion. The 

workflow variance was due to different nurse’s cognitive process and the task time change was reduced because of 

some new interface features in the new EHR systems.   

1. INTRODUCTION 

With the rapid development of new information technology, the electronic health record (EHR) has continually 

expanding functions and is integral to clinical workflow. Clinical workflow is the process of clinicians working in 

teams collaboratively, sharing responsibilities and communicating effectively to achieve the goal of providing 

excellent patient care (1). Providing excellent clinical care is a complex process that involves multiple information 

sources, many situational variations and the seamless integration of different roles and responsibilities, using effective 

interdisciplinary teamwork, in a fast-paced, dynamic clinical environment. To deal with the complexity, modern 

medical facilities are increasingly applying cutting edge information technology and decision support in healthcare 

delivery. The EHR and its integrated decision support and management algorithms play a vital role in the decision-

making process of interdisciplinary teams of providers through providing data, information and knowledge. For 

example, the EHR has an underlying effect of directing attention and shaping the behavior of providers by structuring 

the work tasks through the interface design. Necessarily, clinical workflow is profoundly mediated by EHRs. We refer 

to this as “EHR-mediated workflow”. 

EHR use during preoperative care. Compared with other hospital departments, perioperative care has a direct and 

crucial impact on patient safety and patient outcomes (2). The time pressure and workload of caring for patients who 

are receiving operative procedures exceed the capabilities of many operative settings, bringing higher risks of errors. 

Evidence showed that one in 20 perioperative medication administrations results in an error, with more than one third 

leading to adverse events (3). As the last step before the operation room, PreOp care is highly time-sensitive. During 

the limited time, the work includes reviewing and executing orders, reconciling medications, tracking patient’s 

condition, and coordinating multiple roles. PreOp nurse, who is the primary PreOp caregiver, would encounter a set 

of tasks of information gathering, screening, and verification. PreOp nurses rely on EHR to do documentation. 

“Clinical documentation can provide the evidence to show how perioperative nurses are implementing evidence-based 

practices, supporting professional development, and even providing patient safety, quality, and satisfaction,” 

according to Janice Kelly, the president of AORN Syntegrity (4). Only after getting the accurate information can the 

surgical team be fully aware of the patient’s current condition, and then use this information to make the right decisions 

(5). The importance of high-quality and efficient PreOp nursing care raises the needs for embedding EHR with features 

clinging to the clinician’s practical workflow. EHR designers and those involved in implementation should not expect 

that ‘one size fits all’ and should focus on clinician-oriented workflow because there are various roles of clinicians 

whose information needs and tasks differ significantly (6). 
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Workflow analysis and EHR use. EHR and clinical workflow become deeply intertwined. On one hand, the provider’s 

routine workflow decides what functions and features are required for EHR. For physicians and nurses, order 

management, medication administration, history information review, health data documentation, and communication 

are necessary functions in EHR. On the other hand, EHR, as a component in the clinical environment, shapes workflow. 

Ash and colleagues reported in a study that the implementation of computerized provider order entry (CPOE) “enables 

shifts in power related to work redistribution and safety initiatives and causes a perceived loss of control and autonomy 

by clinicians” (7). EHR transition makes a change in how people do their work, how staffs feel and clinical practice 

requires customization of EHR to support the specific organizational needs (8). There is no standard method to assess 

EHR transition. Parameters can vary with different purposes, such as looking at how the transition changes 

communication with patients, how experienced clinicians use different EHRs for the same work in the same setting. 

These factors impacting practice can help to forge better EHR practices (9).  

Workflow analysis challenges. There is no standard method for workflow analysis. It could be conducted with different 

approaches based on the goal. Typical goals included looking at the time efficiency, modeling the workflow, 

describing the information flow (10–14) or pursuing the problem-solving strategies for targeting barriers (15,16). As 

for the study design, observational study has been widely used with the advantage of not interrupting and affecting 

the clinicians’ work (1,12,16). The observation can be practiced in a variety of approaches. A comprehensive literature 

review on methods of workflow analysis in healthcare reported that the ethnographic observation and interviews were 

the most two common methods and most results were descriptive (17). The conventional Time and Motion (T&M) 

studies collect details regarding how clinicians spend time performing each clinical task and have been widely used 

in workflow analysis research (18). Workflow analysis studies using T&M have mostly collected data by shadowing 

clinicians for a work shift, recording the time for each task, and annotating the observed tasks. T&M measures the 

time on each task and yields reliable quantitative results for workflow analysis. However, evaluating workflow just 

by time is insufficient. An efficient EHR-mediated workflow for users, especially nurses, should not only take less 

time, but be capable of providing system effectiveness, managing cognitive load, minimizing fragmentation, reducing 

complexity, and facilitating smooth coordination (19,20). Therefore, qualitative and descriptive information from 

context is also needed to inform the analyses further.  

The goal of this study was to assess the impact of different EHR systems on PreOp nurse’s workflow. The human-

computer-interaction (HCI) is a discipline devoted to the study of the usability of computer interfaces and user-

centered design (21). However, many HCI studies are conducted in a controlled laboratory environment. This 

approach is limited in understanding the clinical workflow. The context of a hospital, especially the perioperative 

environment necessitates a different kind of approach. Computational ethnography is an emerging family of methods 

leveraging automated means for collection in situ data reflective of real end user’s actual, unaltered behaviors using a 

software system or a device in real-world settings’ (22). By using the digital traces of technology during the EHR use, 

one can obtain objective and rich data without spending as much time, energy and human resources.  

In this study, we employed a video ethnographic approach, recording the screen activities of nurses performing various 

tasks. That is using some screen capture software to record videos of screen activities automatically. The recorded 

screen capture video is thick data that presents the interface, the behavior of users and the sequence of tasks, which 

allows for much detailed qualitative and quantitative analyses. Cognitive engineering has been used to study nurses’ 

use of health information technologies (23–25). The application of cognitive engineering methods helps to identify 

and model the logistic flow and information needs, thus potentially achieve workflow improvement and optimal 

human performance (26). We cannot fully understand the formation and variant of the workflow, derive the cause of 

problems and errors without considering cognitive factors on patient safety. By integrating cognitive engineering, we 

conducted a microanalysis to investigate PreOp nurse’s performance at a fine level of granularity (27). Cognitive task 

analysis is a technique that was extended from traditional task analysis and yields information about the knowledge, 

thought processes and goal structure that underlie observable task performance (28). It is a useful tool to analyze 

complex clinical workflows by characterizing clinician’s activities into a set of tasks. At the task-level analysis, one 

can reveal crucial facets of interactions with the working system, explore variation and identify underlying reasons 

(29). There have been comparatively few micro-analytic studies in the clinical workflow field. 
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2. METHODS  

2.1 Data collection 

Mayo Clinic has undergone a three-year EHR conversion processes for each of its clinical settings between 2016 and 

2019. We aim to find out if the EHR conversion is making a positive impact or not by assessing the difference of 

PreOp nursing workflow before and after the EHR transition. We conducted direct observation and collected video 

data prior to and subsequent to the conversion. Data were collected at the Mayo Clinic Hospital (Rochester) in 

Minnesota. In 2016 when the hospital was using the previous EHR (pre-conversion), the baseline data was collected. 

The post data in the PreOp department were collected in December 2018, six months after the system had gone live. 

The observed subjects were PreOp nurses, who provide the majority of PreOp care and use the EHR intensively. Using 

the same data collection method, PreOp cases were video captured by the usability evaluation software Morae™. A 

defined case capture started when a patient entered the PreOp room and the nurse logged in the EHR to start 

documenting the patient; ended when the nurse finished all the needed care and documentation for this patient and 

logged out of the EHR. Five PreOp cases were recorded before and after the EHR conversion each. The nurse 

managers helped to select nurses with more than two years of working experience and assisted in arranging the data 

collection slots based on the availability of the nurses and devices. We collected ten cases involving ten different 

nurses providing PreOp care for different types of surgeries, including partial knee replacement, elbow biceps tendon 

repair and valve-sparing aortic root replacement.  

Video data is the direct in-situ observational data collected using software called Morae. MoraeTM provided a screen 

capture of EHR use, recorded mouse movements, clicks and screen transitions. Besides, the software is also linked to 

a webcam to perform a video and audio capture of the user’s behaviors and voices before the screen. When collecting 

data, the webcam was adjusted to an angle covering the PreOp nurse’s computer desk surface, so that to record the 

nurse’s actions such as note-taking, typing, and scanning medication labels (30). A “Think-aloud” protocol is a 

technique used in the cognitive study encouraging individuals to speak out loud what they are doing, thinking and 

seeing when performing a task (31). Before each case, we met the nurse and introduced the research purpose briefly, 

assuring them that it was not for quality management so they can do the work as usual. But they were encouraged to 

use the “think-aloud” technique especially during documentation to help us understand their interaction with the EHR. 

Their “think-aloud” utterance and conversation with patients and colleagues were also recordeded. 

2.2 Data analysis 

The video data for 10 cases were analyzed at the micro-analytic level using both quantitative and qualitative 

approaches. The Morae software had the main area showing the nurse’s screen capture, and a small window at the 

bottom right corner shows the nurse’s desktop behaviors recorded by the webcam. We sought to characterize the 

PreOp nursing workflow patterns and analyzed and compared the data of two EHR systems in the following steps.  

Task Coding. The first step was segmenting the video by tasks, reducing the dense video data into quantifiable 

segments. The EHR interfaces had labels on each tab and button, which a nurse can choose to do related documentation. 

To start with, the initial definition of tasks was usually named after the tab names. However, the challenge was 

deciding the granularity of tasks as there were high-level tasks consists of smaller tasks, forming a hierarchy 

relationship between tasks. Therefore, after listing all the initially defined tasks, we revised the task list by merging 

some small tasks which took only a few seconds with tasks of a similar property. Finally, we got a task list with a 

reasonable number of tasks that were catered for PreOp care (32).  

Task Classification. Since the video data also captured the nurse’s desktop behaviors and the conversation with the 

patient, we identified certain situations when a nurse was giving patient bedside care like giving medication or leaving 

the room for supplies. In other words, no computer use was observed. That duration was classified as doing ‘off-screen 

tasks’. One the other hand, the time when the nurse was using the EHR were all considered as doing ‘EHR tasks’. 

Separating ‘EHR tasks’ and ‘off-screen task’ helped to reflect how the nurse’s time was distributed to computers and 

patients respectively. This matters because clinician’s computer use was reported to sometimes adversely impact 

clinician-patient interaction during the care delivery when the provider’s attention was too focused on the screen (33). 

A preferred care delivery, especially for PreOp care, would be a higher proportion of direct patient care time. So we 

calculated the ‘case time’, the ‘EHR task’ time and the ‘off-screen task’ time as metrics for care quality.         
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Task Fragmentation. Traditional time and motion techniques can show how time is distributed to different tasks, as 

well as the task sequence and task time. A visualization of timebelt used in another study (18) was introduced to 

represent how much time was used for what task in which sequence. However, our observation was that there was a 

recurrence of certain tasks. A nurse may need to stop and start a task to or more times before finally completing it. 

This raised the concept of task fragmentation, which affects work continuity. Completing one task during a continuous 

period allows people to focus attention on one thing, minimizing the cognitive load (34). But this is almost impossible 

in the complex clinical environment full of interruptions and coordination. Naturally, the level of the task 

fragmentation is worth measuring as the more fragmented a task is, the more cognitive load it brings. And cognitive 

load was reported to play a negative role in care quality (35). A previous research paper used the concept of Average 

Continuous Time (ACT) and Proportion Per Instance (PPI) to measure the task fragmentation (36). The calculation 

formula is shown below. In the formula, the task instance refers to the number of occurrences of each type of EHR 

task. The assumption was that the smaller the ACT and PPT are, we can say the more fragmented a task is. Based on 

the total time duration, we selected tasks that consumed a relatively long time in cases and calculated the task 

fragmentation of these tasks. We assume understanding what leads to the fragmentation of these important tasks and 

raise solutions accordingly would make the biggest difference in the time efficiency.  

𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑃𝑒𝑟 𝐼𝑛𝑠𝑡𝑎𝑛𝑐𝑒(𝑃𝑃𝐼) =
Total Task Time

Number of Task Instances ∗  Total EHR Time
 

Cognitive Engineering Process. The quantitative data analysis had to be complemented with qualitative contextual 

data, which explained the user’s cognitive process, the environmental factors, interruption occurrence and so on. 

Otherwise, merely the quantitative data would be inadequate to investigate the myriad of challenges the nurses are 

facing. The thick video data, which provided the nurse’s desktop capture and the audio record of conversations and 

‘think aloud’ protocols, was adequate to help researchers understand what was happening in the patient room. We can 

consolidate the cognitive process to understand the decision-making process of the nurses, thus finding out how the 

cognitive process differed before and after the EHR conversion.   

3. RESULTS 

After the task coding of five pre-conversion cases and five post-conversion cases, we got a task list consisted of 20 

task types: ‘active patient worklist reminder’, ‘allergies’, ‘clinician start/stop’, ‘discharge planning/social services’, 

‘off-screen tasks’ ‘IV charting’, ‘medication administration record’, ‘medication reconciliation’, ‘nurse assessment’, 

‘nurse report’, ‘pain assessment’, ‘patient order management’, ‘pre-op checklist’, ‘pre-surgical screening’, 

‘psychosocial assessment’, ‘selecting patient’, ‘surgical logistics’, ‘surgical patient education’, ‘vital signs charting’ 

and ‘writing’. Among them, all tasks except for ‘off-screen tasks’ were regarded as ‘EHR tasks’. This task list is 

formed specifically for the EHR use for PreOp care. Next, the case time, EHR task time and off-screen task time of 

each patient case were calculated as is shown in Table1. After the conversion, there was a significant decrease in case 

time, from an average of 68 mins (SD = 23 mins) to 38 mins (SD = 16 mins). Of the total time devoted to PreOp, the 

time using EHR decreased from 55 mins (83%) to 20 mins (53%). As for the off-screen tasks like providing bedside 

care and interacting with the patients or family face-to-face increased from 17% to 47% after conversion. Because of 

the limited case number, the average value could be impacted by an extreme minimal or maximum value. Thus, we 

decided to visualize the time distribution of ‘EHR tasks’ and ‘off-screen tasks’ by percentage in every case, as is 

shown in figure 1. It is interesting to find that the post-conversion cases consistently had a higher percentage of time 

doing off-screen tasks, which eliminated the influence of extreme minimal or maximum values. 

Time Spent in 

Minutes 1    2 

PRE 

3 4 5 Avg. 1 2 

POST 

3 4 5 Avg. 

Case time 39.2  50.2  75.1  80.9  94.1  67.9  49.5  54.7  21.6  19.9  44.6  38.1  

Off-screen time 3.6  4.5  24.2  14.6  15.3  12.4  26.6  21.8  13.5  5.8  23.3  18.2  

EHR tasks time 35.5  45.7  51.0  66.3  78.8  55.4  22.9  32.9  8.1  14.1  21.3  19.9  

Table 1. The case time, EHR tasks time, and off-screen tasks time spent in minutes of each case 
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The timebelt visualization in figure 2 demonstrated the pattern of the task types and sequences of the five pre-

conversion cases and five post-conversion cases. One single horizontal belt represented one patient case, and the 

length of the belt indicated the case duration in seconds. Each belt showed the sequence of tasks performed by the 

nurse, where each task was color-coded. The five pre-conversion cases had much longer belts than the post cases, with 

several nursing assessment sections within each belt. The off-screen tasks, represented as long black sections, 

consisted of longer continuous time segments than the EHR tasks for both pre and post-conversion cases. The EHR 

tasks showed a more fragmented pattern in the middle of the pre cases, while at the beginning of the post cases.  

0%

20%

40%

60%

80%

100%

Pre 1 Pre 2 Pre 3 Pre 4 Pre 5 Post 1 Post 2 Post 3 Post 4 Post 5

Figure 1. Time Distribution of EHR tasks and off-screen tasks by percentage

EHR tasks Off-screen tasks

Figure 1. Timebelt of the patient cases. Each belt represents one patient case. The different colors represent 

different tasks. The length of each sections is proportional to the time duration in the unit of second. The sequence 

of sections is aligned with the real observed task sequence from the videos. 
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To measure the task fragmentation using ACT and PPI, we chose the commonly recurring tasks, nursing assessment 

and PreOp-checklist. We started by counting the recurrence number of these two types of tasks in each case. The 

number of nursing assessment instances were substantially less after conversion (6 instances per pre-conversion case 

and 169.8s per instance compared to 3.2 instances per post-conversion case and 100s per instance). The PreOp 

checklist also decreased in time and instance (3 instances per case with 117.1s per instance before conversion as 

opposed to 2.2 instances per case with 88.5s per instance after conversion). Table 2 showed the calculated ACT and 

PPI of nursing assessment and PreOp checklist tasks in each case. Please note that the EHR time was in the unit of 

seconds for calculation. The result showed that the nursing assessment task was more fragmented with a smaller 

average PPI of 5.9% before the EHR conversion. The PreOp checklist task also showed a more fragmented pattern 

with a smaller average PPI of 4% before the EHR conversion. Overall, the post-conversion cases were proved to be 

able to complete these two important tasks in a continuous manner, which implies fewer interruptions and lower 

cognitive load. 

Based on the recorded conversation and nurse’s think aloud, a qualitative analysis was conducted to describe the 

cognitive process of the nurse after consolidating different patient cases. In the pre-conversion cases, the nurse went 

to the assigned room, making sure the room was prepared and everything was set up. Before seeing the patient, the 

nurse would log in to the computer and pull up that patient's record to get an understanding of the patient's case, check 

for documents like consent form and make a to-do list in the head. When the patient arrived in the room and took 

height and weight by the patient care assistant, the first task would be verifying the identity and letting the patient 

change the gown. After that, the nurse started to do a series of routine documentation tasks consisted of ‘plan of care’, 

‘vital signs flow sheet’, ‘reminders and restraints’, ‘admission flow sheet’, ‘PreOp checklist’, and ‘home medication 

list’. These documentation tasks were shown as separate tabs in the previous EHR system. Nurses may or may not 

follow the tab sequence displayed in the interface, depending on their working habits and experience. The fact that 

the documentation process was practiced in different sequence contributed to the workflow variance. For example, 

one nurse was observed to start with the PreOp checklist so that she can page whom she needed for the missed service 

or items early and not cause any delays before the patient entered the operating room. Then, the patient case may begin 

with some off-screen sections during which the nurse was coordinating with other clinicians by phone. As the EHR 

documentation process was essentially gathering information and entering the information to the right place, the nurse 

was mostly making decisions on what charts should be documented for different surgery types, and how she can get 

the needed information for each question. Before the EHR conversion, multiple electronic systems needed to be 

accessed to gather different aspects of a patient’s data. We observed nurses searching for information jumped to 

another platform to fill in the answer to the question in EHR. The nurse needed to go through the cognitive process of 

deciding which platform to go and locating the needed information efficiently. In some cases when the information 

was found to be outdated according and this created additional distractions for the nurse.   

In the post-conversion cases, the preparing process was generally similar: verify the identity of the patient, take the 

height and weight, and get the patient changed into a gown. The nurse would go through the EHR information to 

understand the case before seeing the patient, but it was not until she saw the patient when she can click the nurse start 

Table 2. The measurement of task fragmentation through Average Continuous Time (ACT) and Proportion Per 

Instance (PPI) on the tasks of nursing assessment and PreOp checklist.  
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button in the new EHR system and capture when the care physically started. Meanwhile, the status board in the hallway 

projecting the EHR tracking system would change the status, notifying other clinicians which stage the patient was at. 

The next step was checking the orders. The current EHR system would present the orders categorized by PreOp, 

IntraOp and PostOp so that the nurse can identify the corresponding orders at the right stage. With the listed orders in 

mind, the nurse would plan accordingly to do the orders. Essentially, the documentation work content after the EHR 

conversion was mostly the same as those in the previous EHR system like inform consent, IV charting, vital signs 

charting, admission questions and medication list. But the documentation tasks were formatted into a one-level PreOp 

checklist listing all the required charts on the main page with checkboxes allowing nurses to tick off after finishing 

each item. The sequence in which the nurses complete the checklist varied by person. Some nurses were likely to 

follow the default sequence, while some may jump to do some certain charting first. This leads to a variance in the 

workflow. But during each documentation task, the behaviors of different nurses were similar, directly asking the 

patient or simply verifying with the patient. This was because some fields were pre-filled in previous visits. Even if a 

nurse needed to review the patient’s history information, the nurse can retrieve information from the summarization 

page within the EHR system, not /from another platform. Compared with the cases before conversion, there was no 

system or platform transition observed after conversion as features and functions were merged into one system.  

4. DISCUSSION  

Applying video ethnographic methods in a complex clinical environment provides solid data for quantitative time and 

motion analysis and qualitative contextual analysis. The significant difference was identified in the time distribution 

of the PreOp nurse and the change in their workflow. A considerable proportion of time was spent using EHR during 

the PreOp care, but after the EHR conversion, the proportion decreased significantly. Despite the shortened case time, 

the measurement of task fragmentation analysis found that tasks were conducted in a more continuous pattern after 

the conversion. Moreover, the visualization of the workflow showed some variance across different users. But 

qualitative cognitive process analysis showed a routine pattern of PreOp care. The main variance was due to the 

different documentation sequences, which was impacted by the EHR interface, the habit of users and the task priority 

within each case based on the nurse’s experience.  

Task pattern and task fragmentation. The time and motion results showed that even after the EHR conversion, the 

EHR time occupied over 50 percent of the total case time and greatly affected the time spent face-to-face with the 

patient. Because the focus of PreOp care was doing the last -step information screening and input before entering the 

operating room, the high proportion of EHR time was understandable. Generally, it was a prominent fact that EHR 

had taken a considerable amount of clinician’s time in some time and motion studies across different roles and facilities 

(37–39). To dig deeper into the numeric time distribution results, the timebelt visualization and task fragmentation 

calculation were found helpful by providing a glance at the overall pattern. These techniques have been gaining 

popularity in clinical workflow studies (18,39). Our study found the new EHR facilitated the completion of the 

important tasks with more continuity and less disruption, implying less cognitive load. Interestingly, a comparison 

study focusing on physician’s workflow before and after the implementation of the computerized provider order entry 

(CPOE) found that the working pattern was more fragmented after calculating the task fragmentation despite modest 

changes in the time distribution by tasks (18). The contradictory findings may be explained by the fact that the 

challenges from paper to the first-generation electronic system was greater. However, EHR conversion usually means 

from one electronic system to another electronic system. Since the motivation of conversion was usually out of quality 

improvement, the user who had dealt with electronic system before would face fewer challenges in transition. 

Generally, what the numeric time and motion results can show were relatively limited. By combining with some 

visualization tools and task fragmentation calculation, the future researcher can investigate clinical workflow at a 

deeper level.  

Factors impacting documentation sequence. The qualitative analysis showed that nurses had different sequence 

completing the documentation. Despite the different habits and experiences of nurses, in many cases, the 

documentation sequence was essentially a decision made by nurses according to the case, which means it was directed 

by the nurse’s cognitive process, not necessarily by the EHR interface design. Several factors impacted the 

documentation sequence. First, tasks requiring further coordination with other clinicians should be prioritized. In the 

PreOp checklist, there were documents such as H&P requiring actions from the physician and needing to wait. So 

some nurses would start with the rocky task to avoid holding things up. Second, tasks requiring information from the 

patient directly should be finished early. For some charts, the nurse was able to answer based on the history information 
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and her observation. While some other charts require the patient’s answer or involvement like physical examination. 

For example, some nurses would tend to give IV placement early, so they will do IV charting as soon as they gave the 

IV. During the PreOp care, there were many interruptions as surgeons, residents, and anesthesiologists would come 

and talk to the patient. Completing patient-involving tasks first would give the nurse some flexibility when the patient 

was talking to others. Third, based on the surgery type, some physician’s orders of special medication or devices 

needed to be conducted first. If a sedative medication was ordered, which took an hour to take effect, the nurse would 

give the medication and do the medication administration charting first. Using cognitive task analysis to investigate 

the clinician’s thoughts was helpful to identify user’s needs, thus unfold the gap between the cognitive process and 

electronic system (40). 

The new interface features improving efficiency. The video capture showed that there were new features in the current 

EHR system that greatly shortened the task time. The communication feature of the system allows the nurse to page 

other clinicians directly by clicking the name in the EHR, while it previously needed the nurse to search the intranet 

by name, found the pager number and make a phone call. A more beneficial point is that the information is now all in 

one place, the EHR system, unlike the previous time when the nurse needed to hover between several systems and 

manually searching and copying information from one to another. The time spent on information searching, retrieval 

was greatly reduced, and repetitive documentation was avoided to a large extend. Such features tackled the availability 

and convenient access to information in EHR, had proved to be crucial in improving patient care (41).  

This study has some limitations. First, the observed workflow was specifically the preoperative care focusing on the 

PreOp nurse. Therefore, this nurse-centered workflow did not describe much about other clinician roles although there 

was considerable coordination during the PreOp care. The PreOp care we covered was only partial PreOp workflow. 

This was due to the needs of the comparison study. To control as many conditions as possible under the complex 

clinical environment, we build a clear boundary of the scope we want to focus on and excluded elements that can 

bring excessive variance. Another limitation was due to the device arrangement. In practice, a nurse can have access 

to different computers, including the computers in the patient room and the nurse station. We were mainly collecting 

data from the computer a nurse would use in the patient room. This was because it was impossible to predict which 

computer the nurse would use other than this computer. Besides, the facility usually assigned a mobile computer 

station to each nurse, so the nurse can roll the computer to wherever she wanted to do the documentation. The 

possibility of documentation on several computers was minimized. Lastly, there was a limitation of the sample size. 

The generalization of the results requires further research. This is a common disadvantage of a qualitative study with 

thick video-analytic data. Instead of going too broad, we went deep into each case to explore patterns. However, the 

strong and consistent differences across case strengthen our belief that the differences are substantive and possibly 

generalizable, despite the small sample size.  

5. CONCLUSION 

Understanding the impact of EHRs conversion on clinicians’ daily work is crucial to evaluate the success of the 

intervention and to yield valuable insights into quality improvement. To assess the impact of different EHR systems 

on the preoperative nursing workflow, we used a structured framework combining quantitative time and motion study 

and qualitative cognitive analysis to characterize, visualize and explain the differences before and after an EHR 

conversion. The results showed that the EHR conversion brought a significant decrease in the patient case time and a 

reduced percentage of time using EHR. PreOp nurses spent a higher proportion of time caring for the patient, while 

the important tasks were completed in a more continuous pattern after the EHR conversion. The workflow variance 

was due to different nurse’s cognitive processes and the task time change was reduced because of new functions and 

enhanced interface features in the new EHR systems. 
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Abstract 

Clinical trials are essential for discovering new treatments, but there are multiple challenges to patient recruitment, 

patient engagement, and cost containment. Virtual clinical trials (VCT) are an innovative approach that provides 

potential solutions by conducting home-based, rather than site-based, clinical trials. Virtual clinical trials are still 

the exception rather than general practice due to technical barriers. “Blockchain,” a distributed ledger technology, 

is a perfect match for virtual clinical trials. Its peer-to-peer design, security settings, and data transparency meet the 

needs of many healthcare applications. The programmable “Smart Contract” feature makes blockchain more suitable 

and feasible for VCT by solving computational issues. Our previous work has shown the power of applying blockchain 

to clinical trial recruitment. This work develops a comprehensive blockchain framework, with simulations and case 

studies, including patient recruitment, patient engagement, and persistent monitoring modules. 

Introduction 

Clinical trials are a cornerstone of treatment discovery because they provide comprehensive scientific evidence on the 

safety, efficacy, and optimal use of therapeutics1, 2. However, traditional clinical trials face multiple challenges related 

to patient recruitment3, patient engagement4, and cost5, as listed in Table 1. Clinical trials can’t begin without adequate 

subjects, which may cause the study timeline to double or even fail to start if recruitment requirements are not met on 

time6, 7. There are many possible causes for this: inefficient advertising models such as flyers or cold calls which do 

not reach enough potential subjects8, concerns about non-legitimate trials9, complex inclusion/exclusion criteria 

radically reducing subject selection10, and distant clinical trial sites which deter potential subjects with frequent travels 

to the site during the trial8. Patient engagement can provide insights and experience from patients to allow efficient 

and patient-centered research11, taking the patient’s objectives, preferences, and values into consideration, but low 

patient engagement can result in low patient retention and possibly lead to termination of clinical trials12. Several 

barriers make the patient engagement challenging in clinical trials: time and financial cost to travel to the trial site13, 

lack of knowledge of the clinical trial so that patients could not have meaningful input14, and absence of the perception 

of being a key role in the clinical trials11. The increasing cost of clinical trials also becomes a barrier for sponsors to 

conduct clinical trials. Besides the cost of drug development in the lab, the costs involved with trial site management, 

administrative staff, site monitoring, and site retention are substantial and rising15. These challenges impede the 

success of clinical trials. 19% of registered clinical trials are either terminated or completed with incomprehensive 

results16. A new type of clinical trial is needed to address these challenges and develop novel treatments for patients.  

Table 1 Traditional clinical trials challenges and causes 

Challenges Patient recruitment Patient engagement Cost 

Causes 1. Lack of awareness 

2. Distrust of the trials 

3. Protocol limitation 

4. Inaccessible clinical sites 

1. Inaccessible clinical sites 

2. Lack of literacy on the clinical trial 

3. Passive role in clinical trials 

1. Staff and administrators 

2. Site monitoring 

3. Site retention 

 

 

Virtual clinical trials (VCT) represent a relatively new approach to conduct clinical trials solely through digital health 

platforms to make participation transparent for subjects17. Compared to traditional clinical trials, VCTs have three 

major advantages: 1) improving recruitment by maximizing opportunities for patients to participate at their homes 

rather than traveling to the clinical trial sites, which is particularly important for patients with mobility issues or who 
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live far from trial sites18, 2) keeping subjects engaged throughout the study and providing a patient-centered approach 

through real-time data collection19, and 3) preserving cost-effectiveness by minimizing money and time patients spend 

traveling to clinical trial sites20 and reducing the cost of managing clinical trial sites for sponsors although assistance 

in the registration and education of patients by clinical sites is still required15. Pfizer pioneered the VCT using web-

based platforms to conduct randomized clinical trials17. The VCT has had limited success and has failed to recruit 

enough subjects21, but has shown a degree of success on the feasibility of home-based VCTs by distributing drugs in 

a double-blind study and using digital health platforms for data capture. Despite numerous benefits, VCTs remain the 

exception rather than general practice due to several persistent challenges: 1) an immature recruitment model reaching 

insufficient numbers of patients20, 2) patient privacy and data security concerns caused by sharing health information 

over the Internet18, 3) technical challenges in developing a distributed patient engagement and monitoring platform20, 

and 4) cultural barriers such as skepticism about the technology or lack of computer literacy18. Considering these 

challenges and features, blockchain technology could be a perfect match for VCT. 

Blockchain is an open-source distributed ledger technology, mostly known to the public because of its success as the 

backbone of the Bitcoin cryptocurrency22. The features of blockchain – security, immutability, decentralization, and 

anonymity – are a good fit for the needs of healthcare applications23. Previous studies have proven the feasibility, 

stability, and robustness of the blockchain model for healthcare applications24, 25. Our previous work utilized the 

features of blockchain for Health Information Exchange (HIE) and clinical trial recruitment to solve patient 

recruitment issues26, 27. This work provides an inclusive framework that contains the previous patient recruitment 

module to ensure the completeness of the VCT process but focuses more on new modules of patient engagement and 

a persistent monitoring module to achieve effective, secure, and patient-centered VCTs. Our previous approach to 

achieve HIE relies on the blockchain to manage only the records-retrieval permissions granted by patients to healthcare 

providers28. After permission is granted, multiple clinical sites provide secure portals off the blockchain to proceed 

with data exchange. In this work, the patient engagement module also contains the process of data exchange but purely 

relies on the blockchain to provide a patient-centered, secure, efficient, and anonymous data delivery from subjects to 

sponsors. The new persistent monitoring module detects anomalies over time to provide patients a better understanding 

of their health conditions. This increases engagement and can support real-time alerts for emergency situations. The 

persistent monitoring module can also provide the authority, the sponsor, and the subjects a comprehensive report 

generated directly from the data stored in the blockchain. 

Blockchain is a peer-to-peer network based on the consent of all users, without the management of a third party. The 

blockchain built for Bitcoin is called a “public chain,” which means any user can join the system without any 

permissions26. A “private chain” or “permissioned chain” requires permission from the initiator to join the system26. 

In the VCT scenario, if there is an authority such as the Food and Drug Administration (FDA) to start the system, 

participants such as clinical trial sponsors and clinical trial sites must prove their identities to the FDA before they can 

join the system. This ensures that all participants in the private chain are legitimate. All transactions that have occurred 

in blockchain are publicly auditable by any users in that blockchain. This feature can ensure that users in the private 

blockchain designed for VCTs receive all the recruiting information29. Blockchain is considered an “un-hackable” 

system with unique security features to protect data security30.  Each blockchain generates a public key and a paired 

private key for users to represent their identities. This protects patients’ privacy. All transactions must be signed with 

the user’s private key. There is an auditing mechanism inside the blockchain for all users to automatically validate 

whether the sender’s public key and private key have been matched, without revealing private keys. All the 

information can be tested for legitimacy to eliminate the possibility of dishonest clinical trials. The data inside the 

transactions are only accessible to the sender and the receiver to prevent data breaches. Blockchain has an immutable 

feature that ensures data consistency and prevents any later changes to the data.  

Applying the original blockchain for the VCTs can protect the data security and patient privacy, ensure data 

consistency, and publicize the information to all the users. The Ethereum blockchain keeps all original blockchain 

features and adds a new function called a “smart contract” which makes blockchain more suitable for healthcare 

applications. A smart contract is a self-executing protocol running on blockchain to regulate transactions31. Smart 

contracts in Ethereum can be coded to solve any computational problems since they are coded using Solidity, a Turing-

complete language32. For example, a data analytics tool can be coded inside the smart contract to do real-time anomaly 

detection during the VCT. Sponsors or the VCT authority (such as the FDA) can ensure timely medical assistance for 

patients.  

This work demonstrates the feasibility and robustness of applying blockchain to VCT by implementing a functional 

blockchain system with multiple smart contracts. We have also conducted simulations of the VCT process, from 

patient recruitment to persistent monitoring of anomalous patient outcomes. To achieve efficient VCT using the 
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blockchain model, we need to make the following assumptions: (1) the clinical trial authority, each healthcare facility, 

and each sponsor provides at least one blockchain node, which can be any electronic device that can install the 

blockchain system; (2) patients opt-in to the system; (3) all participating parties have an administrator to operate the 

system; (4) patients and administrators input their data correctly.  

System Design 

We implemented a private Ethereum blockchain framework, shown in Figure 1, consisting of three different modules 

to simulate the VCT process: (1) Patient Recruitment module: a smart contract that automatically matches potential 

subjects, asks matched patients for consent to join the VCT, and generates a specific trial contract for each VCT that 

is only accessible to the participants. (2) Patient Engagement module: a smart contract to allow patients to input data 

and interact with clinical trial sponsors or principal investigators, and (3) Persistent Monitoring module: a smart 

contract to persistently monitor anomalies through the analytics tool, either installed on the sponsor’s node or 

embedded inside the monitor contract. 

 

Figure 1. Blockchain framework with multiple smart contracts across three different modules: patient recruitment 

(based on prior work), patient engagement, and persistent monitoring  

Environment Setup 

Our blockchain system requires the authority, each VCT sponsor, and each clinical site to provide a blockchain node. 

We have packaged the setup process into an executable program for the authority node to initiate a unique private 

blockchain. All other parties receive permission through a JSON file that contains the information of the private 

blockchain from the authority, then deploys the file using the user’s blockchain node. After the setup procedures, all 

the nodes are in the same blockchain network and can communicate with each other. When a blockchain node joins 

the blockchain, a blockchain account with a public/private key pair is automatically generated for the system 

administrator. Patients go to clinical sites to opt-in the system to prove their identities, and to get orientation on 

operating the system. The clinical site administrator creates a blockchain account for the patient and links their 

information to the blockchain account with their consent for future subject matching. Patients can add biometric 

information to their accounts for future authorizations.  

Two smart contracts, a “master smart contract” which is mainly used for patient matching, patient recruitment, and 

trial contract generation, and a “monitor contract” which is used for persistent anomaly monitoring during the VCT, 

are automatically deployed after the authority builds the blockchain. Web-based graphical user interfaces (GUIs) are 
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implemented on each blockchain node for users to interact with the smart contracts. Patients can use GUIs through 

their smartphones or home computers to participate in VCTs. 

Patient Recruitment 

When patients opt-in to the system, their primary visiting histories are input to the smart contract by the clinical sites, 

including demographic information and primary diagnosis and treatments from each visit. These records are used for 

primary subject matching. The authority node automatically extracts the inclusion/exclusion criteria from the clinical 

trial database and inputs to the master smart contract after a VCT is approved. Patient matching is a two-step process: 

first, the master smart contract automatically matches potential subjects using their primary visiting histories; second, 

clinical sites help the sponsor find precise matches with consenting patients. The smart contract requires patients to 

provide consent to share their full records with the sponsor if they are primarily matched. If the patient is fully matched 

the smart contract sends a notification to the patient asking for consent to join the VCT and permitting them to access 

the trial contract. This recruitment module can save time for patients by only checking the potential matched clinical 

trials rather than browsing all recruiting trials. The VCT’s information is input by the authority which eliminates the 

concern of scam trials and “spearphishing” for the patients. As shown in Figure 1, the potential subjects for each VCT 

can be matched from registered users all over the world through the master smart contract. Matched patients can 

engage in the VCT through the trial contract automatically generated by the master smart contract. More details of 

implementation and simulation results can be found in our previous work27. 

 

Figure 2 (a) Trial contract information retrieved by the trial sponsor through the blockchain console, (b) GUI for 

patients to input data manually or from a connected medical device, (c) scrambled patient records retrieved by 

unauthorized users through the blockchain console, (d) the patient record retrieved by the sponsor through the trial 

contract function by inputting the patient’s blockchain ID and the input date 

Patient Engagement 

The master smart contract automatically generates a random ID for the VCT and a pre-coded trial contract if the VCT 

is approved. The trial contract’s information is stored in the master contract for management. Only the sponsor, the 

authority, and matched subjects are granted access to the trial contract. Other users will not see the contents of the trial 

contract. We supported two simultaneous ongoing VCTs in our simulation. Figure 2(a) shows the information included 

in two trial contracts and their access list within our simulation. The upper figure shows the trial contract address and 

subject list for VCT 89938. The lower figure shows the information for VCT 71115. Only the listed users have access 

to the trial contract. Other users are not able to execute any functions through the trial contract. These figures show 

the result of inputting commands through the blockchain console using the corresponding sponsor’s blockchain 

account. The sponsor inputs the informed consent form to the smart contract for the subjects to sign digitally using 

their private keys. After signing the consent form, patients can have access to the other functions of the trial contract, 

such as getting the trial protocol and training, getting announcements from the sponsor, and sending messages to the 

sponsor or principal investigators, and inputting health information, as shown in Figure 1 ②-⑧. Patients input their 

measurement records to the blockchain through the web-based interface, mobile app, or even automatically from a 

connected medical device. Figure 2(b) shows the GUI for patients to input their measurement records. After the record 

is input through the GUI, it is automatically sent through a transaction in the blockchain. The patient’s records are 

automatically encrypted by the sponsor’s public key and can only be decrypted by the sponsor’s private key. The 

sponsor can automatically view this decrypted record through the GUI for trial management. However, since all the 

transactions are publicly auditable, other users can still see the transaction through the blockchain console. Figure 2(c) 

shows the patient record as viewed by an unauthorized user; without the sponsor’s private key the input data is 
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unreadable. Figure 2(d) shows the patient records retrieved by the sponsor from the blockchain backend console by 

inputting the patient’s blockchain account and the input date. This process only shows the security setting for the data 

exchange platform. Users can always choose the user-friendly interface to operate the system.  

Blockchain in the patient engagement module provides the function of an electronic data capture system that is 

designed for the collection of clinical data during clinical trials33. Patients can input their data through the GUI in the 

format defined by the sponsor. All records are securely stored in the blockchain and can only be retrieved by sponsors. 

This blockchain framework can serve as a general platform used for all VCTs through the unique trial contract without 

third party management. Sponsors can develop their VCT applications to improve patient engagement through quality 

evaluation for the application design, such as the COnsensus-based Standards for the selection of health status 

Measurement INstruments (COSMIN)34. Our blockchain framework is expected to enhance patient engagement in the 

following three aspects: 1) Informing patients35: VCT application deployed on the blockchain through trial contracts 

is accessible for participants. In addition, trial updates will be delivered to patients timely through the blockchain; 2) 

Engaging patients36: patients can access their trial records anytime through the trial contracts, which act as a patient 

portal to provide the functions for patients to interact with principal investigators and sponsors; and 3) Empowering 

patients37: in this platform, patients are not only data points but also involved in the trial by interacting with the 

principal investigators and sponsors to express their feelings about the trial through anonymous secure messages using 

the trial contract.  

Persistent Monitoring 

This module contains two parts to persistently monitor the subjects’ physical conditions and the VCT status. The first 

part is alert creation when anomalies are detected and the second part is statistical report generation after the clinical 

trial is finished, as shown in Figure 1 ⑨-⑬. Subject records can be retrieved by the sponsor with a log file stored in 

the blockchain. The monitor smart contract will automatically use the analytics function to analyze the patients’ 

records inside the blockchain when a new record is input to the system and generate a periodic report of all patients 

which is viewable by the authority. As all the transactions are publicly auditable, the analytics process is also under 

the authority’s surveillance, which eradicates the concern of tampering with data in the sponsor’s final report.  

When an anomaly occurs in a patient’s record, such as lab test results outside pre-defined threshold values, as shown 

in Figure 3(a), or an abrupt change of previous records, or a severe vital sign measurement values, the smart contract 

automatically sends an alert to the sponsor for immediate action. This action may include sending a notification 

through blockchain to the patient to ask whether the change is caused by human error, having a clinician communicate 

with the patient to provide medical help, or even calling an emergency telephone number after locating the patient 

through the registered clinical site. Figure 3(b) shows the alert received by the sponsors and Figure 3(c) shows the 

patient’s GUI when they received the alert. This protects patients' safety while obtaining their acknowledgment of 

their physical condition during the VCT. 

 

Figure 3 (a) an alert system defined in the smart contract to detect abnormal values, (b) the GUI for sponsors to receive 

alerts during the clinical trial. Abnormal values are marked as red font automatically, (3) the GUI for patients to 

receive messages from sponsors.  
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The monitor contract can also trigger an analytics tool installed on the sponsor’s node and keeps a log of data use in 

the blockchain. The tool can be a basic comparison model as shown in Figure 3(a), a simple statistical model to 

summarize the effectiveness of the new treatment, or even a sophisticated machine-learning model with AI 

components to detect comorbidities and predict outcomes depending on the needs of the sponsor.  

Simulation and case study 

We have simulated the patient engagement process using our system to test the feasibility, security, and efficiency of 

this system. We deployed six physical nodes using Intel NUC machines representing one authority node to initiate the 

private blockchain environment, two sponsor nodes to start two different VCTs simultaneously, and three different 

clinical site nodes for patient registration. We set up 1,000 synthesized patient accounts on each clinical site’s node 

and randomly chose 3,000 patient records from the MIMIC-III (Medical Information Mart for Intensive Care) Clinical 

Database for our simulated patients38. We used MIMIC-III for this simulation because it contains lab test data for each 

patient visit. The commonly encountered lab values selected for this simulation were urine tests for pH, protein, red 

blood cells, white blood cells, and glucose. For the purpose of this simulation, we assumed that the subjects were 

performing the tests at home with a medical device that automatically inputs the data to the blockchain. Each simulated 

VCT randomly enrolled 1,500 patients distributed over three clinical sites. We created a script to send records from 

each patient’s account to the smart contract for the corresponding trial contract. The script recurrently sends 10 patient 

test results to the smart contract every second for 24 hours, which simulates 288 days of VCT with 864,000 

transactions in total. The average time for the sponsor to receive the data is 8.31 seconds.  

We have created pre-defined thresholds for each test item in the smart contract as shown in Figure 3(a). The case study 

tests the alert system provided by the persistent monitoring module; after each record is input by the patient, the 

monitor contract automatically detects abnormal values and sent an alert to the simulated sponsor. There were 95,934 

alerts in total, at an average of 1.17 seconds after the data was sent to the smart contract. By the end of the simulation, 

the monitor contract had generated statistical reports for two VCTs for the sponsor and the authority to review. 

Statistical reports can also be generated for individual subjects to have a better understanding and engagement of the 

VCT. Subjects can check the statistical reports based on different test items throughout the VCT so that they can 

acknowledge the long-term trend of their physical condition, as shown in Figure 4(a). Comparing to the overall 

statistical report, as shown in Figure 4(b), subjects can have a better understanding of the VCT outcomes such as 

efficacy and safety of the treatment. These graphs were generated by passing the values from the blockchain to the 

Google chart application programming interface from the monitor contract.  

  

Figure 4 (a) Statistical report of pH test of an individual subject with normal limit labeled. Subjects can acknowledge 

the long-term trend based on occurring anomalies and the comparison of the VCT report, (b) the statistical reports on 

the total alerts received on abnormal values in VCT 89938. The alerts have been divided into four quantiles of the 

studying period to show change over time. 

Discussion 

Our simulation shows the feasibility, stability, security, and robustness of applying blockchain technology to achieve 

better patient engagement and persistent monitoring during VCTs. Compared to traditional clinical trials, our 

simulation proves blockchain-based VCTs have a more efficient and secure patient recruitment process, a more 

patient-centered engagement platform that uses patient involvement to move the clinical trial forward by distributively 

collect health information, a better automated data analytics tool embedded in the system that can detect anomalies in 

patients’ records in real-time, and better security to minimize the risk of tampering with records to manipulate 
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statistical reports at the end of the clinical trial for subjects, sponsors and the authority to have a better understanding 

of the VCT outcomes. The alerting system shown in the simulation empirically proves the practicability of real-time 

detection of anomalies. In the real VCT cases, subjects with different medical histories may have different reactions 

to the treatment so that subjects under the normal physical condition may have some test values exceeding the normal 

limits. To be specific, the normal limit of the glucose value in urine is 0-0.8mmol/L. However, there is a high 

possibility for a newly diagnosed type II diabetes patient to have glycosuria in the short term under the current 

treatment as taking metformin or insulins. Therefore, the sponsors or PIs can personalize the alerting mechanism by 

adjusting the trigger limits through the smart contract depend on the treatment effect on different populations. Since 

blockchain is a distributed ledger technology, subjects can participate from any place at their convenience, removing 

the burden of traveling to clinical sites.  

Multiple smart contract settings optimize the clinical trial process and management. The master smart contract 

registers all patients who opt-in to the system, generates trial contracts for VCT management, and automates patient 

matching and recruitment. Patients are added to different trial contracts to conduct future VCTs after being matched. 

Trial contracts are accessible only to the participants in order to protect data privacy. Patients can use a patient-centered 

interface to engage with clinical trial sponsors through trial contracts. Rather than only being a data point in the system, 

patients contribute their conditions and insights to sponsors and the trial authority. The monitor contract persistently 

monitors the physical condition of each patient and the effects of the treatment. Subjects receive timely medical 

assistance if they report anomalous measurements or a health emergency during the VCT. Using the monitor contract 

to general the final report eliminates the concern of tampering with trial results. 

The simulation mainly simulates the data input process, which is the core process in the VCT. To test stability and 

efficiency, we synthesized multiple patient records with test values in each record. This meant that each transaction 

contained lab test results so the final report was not statistically interpretable. In real-world scenarios, the monitor 

contract can generate contingency tables to test treatment effectiveness by using the chi-square test. Machine learning 

tools can also be installed on sponsor nodes and can be triggered by the monitor contract to provide more powerful 

real-time analysis, such as adverse-effects detection and prediction of possible outcomes. 

The main limitation of this work is the patient recruiting process which still relies on clinical sites to prove patients’ 

identities, perform precise matching using patients’ records, and educate patients about VCTs and how to use the 

applications on the blockchain. The system needs a reward mechanism to offer incentives for clinical sites to 

participate. A business model must be developed with the cooperation of sponsors, clinical sites, and the authority. 

Another limitation of this work is the adherence of participants. A reminding system can be built on the blockchain to 

notify the patients who have not submitted the test results on time. However, it is beyond what blockchain is capable 

of achieving to provide a solution to enforce patients' compliance with the protocol.  

Conclusion and Future work 

Compared to traditional clinical trials, VCTs have shown multiple benefits in removing burdens from patient 

recruitment and patient engagement, as well as in reducing the cost. Blockchain, an emerging technology with unique 

features such as security, transparency, immutability, decentralization, and anonymous, provides potential solutions 

for VCTs’ challenges. This study has developed a comprehensive framework that provides generic smart contract 

functions for VCT applications. The framework is flexible for application development for different VCTs. Sponsors 

can develop customized VCT applications using the blockchain framework and evaluate usability through the trial 

contracts. Our simulation demonstrated the feasibility and stability of using the proposed blockchain framework with 

the blockchain security property which is well-recognized. Our future work will continue to evaluate blockchain 

protocols to improve performance and will deploy blockchain frameworks for different healthcare applications. 
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Abstract 

Digital health technologies offer unique opportunities to improve health outcomes for mental health conditions such 

as peripartum depression (PPD), a disorder that affects approximately 10-15% of women in the U.S. every year. In 

this paper, we present the adaption of a digital technology development framework, Digilego, in the context of PPD. 

Methods include mapping of the Behavior Intervention Technology (BIT) model and the Patient Engagement 

Framework (PEF) to translate patient needs captured through focus groups. This informs formative development and 

implementation of digital health features for optimal patient engagement in PPD screening and management. Results 

show an array of PPD-specific Digilego blocks (“My Diary”, “Mom Talk”, “My Care”, “Library”, “How am I doing 

today?”). Initial evaluation results from comparative market analysis indicate that our proposed platform offers 

advantageous technology aspects. Limitations and future work in areas of interdisciplinary care coordination and 

patient engagement optimization are discussed. 

Introduction 

Depression is the main cause of disease burden for women, on a worldwide scale [1]. Many women experience 

peripartum depression (PPD), a specific category of depression associated with the physical and psychological 

changes that occur during pregnancy and childbirth [2]. PPD can manifest at any time during pregnancy or shortly 

after childbirth [3]. Some common symptoms are general loss of interest and pleasure in life, anxiety attacks, insomnia, 

thoughts of harming oneself or the infant, and difficulty bonding with the infant. The symptoms are long-lasting (more 

than two weeks) and may interfere with daily normal functioning. This differentiates PPD from the less severe and 

transient “baby blues” [4]. If left untreated, PPD can have adverse health consequences for women and their infants. 

Women can start having longer and more intense episodes of depression, and infants can develop behavioral and 

cognitive problems later in life [5].  Fortunately, PPD can be managed with treatments such as therapy and medication 

[6]. It is widely reported that the annual prevalence rate of PPD for pregnant women and new mothers in the U.S.  is 

somewhere around 10-15% [7, 8].  However, such figures only capture about half of all PPD cases [9]. This gap in 

PPD diagnosis is due to many social and logistical barriers [10, 11]. Social barriers include stigmas regarding the 

experience of pregnancy, inability to perceive joyous arrival of new baby, and expectations of being a new mother 

[10]. In addition to the gap in PPD diagnosis, there is a gap in care coordination and delivery. Even after a case is 

diagnosed, not all women undergo treatment. Cox and colleagues [12] reported that only 11-13% of cases receive the 

treatment they need. Access to care can be an issue for women with PPD, as they are likely to be experiencing adverse 

socioeconomic factors [10]. Because PPD is frequently managed by a team of interdisciplinary professionals, the 

coordination of care can be a complex process [13]. There are many clinical components that are managed by different 

specialties, such as depression management via therapy programs, prenatal/postnatal care, and pediatrics. Patient 

information must be timely updated and shared among all team members in order to provide the best care possible.  

Digital technologies can streamline delivery of self-health management processes at patient-level and facilitate 

communication between providers and patients, effectively preventing information silos. These tools have been shown 

to improve health outcomes for mental health disorders, including PPD [14]. They also allow patients a discrete and 

practical medium that is suitable for the sensitive nature of mental health [15]. Many studies have indicated that mental 

health professionals will recommend and use mobile applications for treatment management [16]. PPD stakeholders, 
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including patients and providers, have also shown optimism regarding digital management of PPD [17, 18].  This 

includes screening, information seeking, and support seeking [i.e. 19]. Thus, it is expected that digital technologies 

can be of great assistance in bridging existing gaps of PPD care coordination and management, such as the low rates 

of PPD screening and treatment [11,12].  

The overarching objective of our paper is to describe and adapt a novel modular digital health development framework, 

Digilego [20], in the context of peripartum depression. As part of this process, we translate patient needs for PPD 

identification and management captured through traditional data collection methods into theory-driven digital health 

features, and optimize the digital features for sustained patient engagement and care coordination. In the next sections 

of the paper, we describe: (a) our efforts in Digilego adaptation, initial prototyping, and feature implementations, and 

(b) study limitations and future directions for seamless care coordination and patient engagement in digital health era. 

Methods 

(a) Theoretical Rational: Digilego 

In this paper, we adapt Digilego, a digital health development framework for patient-facing health applications that 

are (a) theory-driven in needs translation, (b) engaging for long-term sustained use, and (c) integrative of care 

coordination processes that are multilevel, inter- and intra-personal in nature [20]. These factors can range from 

personal demographics, clinical data points from electronic health records for patient review, and patient-generated 

health data from survey instruments, wearables, and home-based monitoring systems. The framework facilitates and 

supports the distributed nature of patient needs and care processes. The ability to support care coordination and health 

promotion across the technology spectrum (ranging from wellness surveys to deep learning for social media analysis 

and AI based predictions for content recommendations) makes Digilego an innovative, agile, and rapid-prototyping 

framework. Digilego is a two-arm framework: one is a theoretically-aligned tier digital health development 

framework, and the second is a digital ecosystem comprised of programmable implementations of clinical and public 

health modules (Digilego blocks) that can be reused and customized. It has been previously used to develop digital 

platforms for self-management of cancer survivorship and psychological stress [21,22]. Such a framework provides 

health researchers the ability to scale their platforms and interventions to groups of individuals and populations, and 

to optimize engagement of their end users, all while ensuring their final products are theory-driven and standards-

compliant. The Digilego framework integrates four main components of digital health development: (a) needs 

assessment using traditional and data-intensive methods (data sources examples: published sources, focus groups, 

social media), (b) theory infusion to facilitate behavior change using Behavioral Intervention Technologies (BIT) 

model , (c) engagement optimization for sustained use, using the Healthcare Information and Management Systems 

Society (HIMSS)  Patient Engagement Framework (PEF) , and (d) compliance with Fast Healthcare Interoperability 

Resources (FHIR) Specification, a standard for exchanging healthcare information electronically [23]. Research shows 

the use of multiple approaches for needs gathering and theory integration produces an effective design paradigm for 

patient-centered health applications, specifically for the purpose of self-monitoring and behavior change in self-health 

management [24– 26].  

(b) Digilego for PPD 

Our instantiation of the Digilego framework in the PPD case study is summarized in Figure 1. In our adaptation 

process, we have applied the following steps to develop a digital ecosystem for our target population of PPD 

patients. 

Figure 1- Framework for Digilego Development (Peripartum Depression) 
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Step 1:  Needs Analysis 

While Digilego allows a range of needs analysis methodologies as described earlier, we have chosen focus groups as 

our main study technique. Focus group interviews were done at an academic OB/GYN clinic in Houston for women 

of low socio-economic status, with approval from UT Health’s IRB Committee. Recruitment was done on site and 

informed consent was obtained from patients.  The purpose of the focus groups was to assess patients’ opinions 

regarding digital technologies in the management of their healthcare. A survey was also administered to collect data 

on participant’s technology use. A total of nine patients participated in the focus groups, which were semi-structured. 

Participant comments were extracted from focus group recordings, and ground-theory thematic analysis was used to 

derive major themes.  

Step 2: Theory Mapping 

Our theoretical basis to make behavior change an easier process for PPD patients is Mohr’s Behavioral Intervention 

Technology (BIT) model [27]. This model prompts intervention developers to answer the questions of Why?, How? 

(conceptual and technical), What?, and When? at the time of technology development. The main idea of the model is 

to define a relationship between digital features and their aims and characteristics. We will use this model for initial 

mapping of our PPD outcome goals to digital features. The BIT component of How? (conceptual) calls for the 

identification of a behavior change theory to be integrated into the technology, therefore we will incorporate 

techniques from Michie’s Behavior Change Taxonomy (BCT) [28]. This is a standardized, comprehensive taxonomy 

of 93 theory-linked techniques for use in health behavior change interventions. It is based on principles from different 

disciplines such as psychology, social sciences, and engineering [29].   

Step 3: Engagement Optimization 

The HIMSS PEF framework [30] is designed to assist healthcare organizations, such as hospitals, in creating digital 

platforms for their patient population. However, it can also be applied to a more specific population of patients, such 

as PPD patients. It consists of five categories that are cumulative in their level of engagement and complexity: “inform 

me,” “engage me,” “empower me,” “partner with me,” and “support my e-community”. The framework shows how 

digital features can be used to reach different patient engagement levels. For instance, if e-tools allow a patient to keep 

track of her pregnancy, this would be considered under the “engage me” level because it keeps the patient informed 

but requires no other action. However, if the e-tools advance to provide a secure messaging function where the patient 

can actively pursue more specific queries related to pregnancy, this would be considered the “empower Me” level.  

Step 4: Digital Features (PPD-specific Digilego Blocks) 

To create digital features specific to PPD, we will leverage existing Digilego core architecture [20]. The unique 

engagement aspects from these existing Digilego blocks that we can repurpose and leverage for PPD management 

include the patient’s demographic profile, clinical profile, and social engagement (Table 1).  

Table 1- Leveraging Digilego Core Architecture to Peripartum Depression  

Existing Digilego and Features Related New PPD Digilego 

DigiMe: A digital representation of the patient’s profile 

(i.e. name, age, location). Features: insurance 

information, transition assistance, related surveys 

according to target condition, and personal profile. 

In addition to the main user page containing the patient’s 

personal profile, the “How am I doing today?” Digilego 

block is a repository of screening survey tools that can 

be accessed by the patient on a regular basis.  

DigiSocial: Encompasses digital social engagement. May 

include components such as online discussion forums and 

education sources. Features: Social hub, education, 

question corner, and journaling.  

“My Diary”: notebook-style tool for patients to record 

recent experiences and feelings. 

“Library”: information center where patients can search 

the latest evidence-based information about PPD, and 

related topics. 

“Mom Talk”: social media feature where patients can 

share their experiences and provide each other support 

and a sense of community. 

DigiEHR: A digital record of the patient’s clinical profile. 

Features: treatment summary, labs, alerts, and follow-up.  

“My Care”: repository of the patient’s clinical 

information, including caregiver profile, medications, 

and upcoming clinical appointments. 
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Results 

Needs Analysis 

Majority of participants in our focus groups were young (25-34 years old) and African-American. Survey results 

indicated three of the nine participants were expecting their first child, while six had at least one child.  Seven of nine 

participants had experienced depression symptoms during their current pregnancy, and six had these symptoms in past 

pregnancies. Of the seven participants who had experienced depression during pregnancy, five had mentioned it to 

their doctor. The internet was their main source of information for pregnancy-related questions. Six major information 

themes have been identified and extracted from our focus groups in regards to PPD care and management. Table 2 

provides a list of these themes and sample participant comments illustrating participant needs. 

Table 2- Information Themes from Needs Analysis 

Theme Participant Comment 

Open and timely communication with 

providers.  

“[If your doctor can see your journal entries from an app] they will see 

you as a human, not just as a patient. They will know ‘This patient is 

really concerned, so let’s not wait to answer this question, let’s call 

them right now’” 

Feeling part of a community environment.  “Having someone [a fellow app user] say ‘Hey, let me bring you some 

food and let’s have a talk’ even though we don’t want to talk and want 

to shut down, in a sense that can help you get through it” 

Tailored support, given on a daily basis 

and based on medical history and 

individual needs. 

“The apps aren’t really personalized. They’re general, they’re like, 

average. Me, I have [medical condition], so it’s not designed for people 

like me” 

Support for unique pregnancy 

experiences. 

“For people who have had several miscarriages, they can talk to 

someone [who has gone through a similar experience through the app]” 

Tools to overcome information silos in 

the care setting. 

“I use it for appointments, but most of my doctors don’t even have it 

[the patient portal]” 

Tools to overcome barriers and disparities 

when seeking mental health care. 

“I wish I had video chat if I can’t make it to an appointment.” 

 

Theory Mapping Using Behavioral Intervention Technology Model 

While our digital features are more thoroughly described in the next section of our results, Table 3 shows the results 

of BIT model application to initially map their overall aims, technical characteristics, and workflow. 

Table 3- Mapping of Behavioral Intervention Technology Model to Identify Digital Features for Peripartum 

Depression Management 

BIT Component Mapping to PPD (Examples) 

Why Reduction and remission of depression symptoms: (a) increasing healthy, positive thoughts and 

actions, (b) increasing awareness of and access to PPD screening and education 

How (conceptual) The taxonomy of Behavior Change Techniques (i.e. Self-Monitoring, Social Support) [27] 

What Digital features: 

(a) Catalogue of evidence-based information and research findings. 

(b) Bidirectional messaging with peers and providers  

(c) Self-monitoring of symptoms 

(d) Screening  

(e) Appointment reminders 

(f) Medication information 

How (Technical) Mobile digital platform with modular, user-centered design. 

When  Workflow will be tailored to participant and provider. Example: If participant transitions from 

pregnancy to motherhood, the catalogue of information will be focused on coping with this 

transition. 
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Engagement Optimization Using HIMSS Patient Engagement Framework 

Based on results from our needs analysis and theory mapping, we found that the following PEF features would be 

particularly useful for our target patients: Patient-Specific Education, Patient Access and Use, e-Visits and e-Tools, 

and Care-team generated data. These features will be used at different engagement levels ranging from engage me to 

support my e-community. Table 4 further illustrates these results. 

Table 4- Engagement Optimization  

PEF Engagement Category Digital Features Related PPD Digilego 

Empower Me 

- Self-management diaries 

Patient Generated Data  

 

“My Diary” 

Engage Me 

- Option to share progress and health 

milestones on social media. 

 

Support my e-Community 

- Community Support 

 

E-tools 

 

 

“Mom Talk” 

Inform Me 

- Health Encyclopedia 

 

E-tools “Library” 

Support my e-Community 

- Shared care plans 

 

Care team generated data “My Care” 

Empower Me 

- Symptoms Assessment 

Patient Generated Data “How am I doing today?” 

 

Digital Features (Digilego blocks) 

Finally, the results of our application of the Digilego framework to develop a PPD-specific digital health solution, 

tentatively titled “Mom Mind” are as follows: 

(a) “My Diary”- this is a journaling feature where patients will be able to create and submit entries at any time. 

Existing journal entries will be visible and accessible, and patients will have the option to share with others. 

This feature will allow participants to informally monitor their own mood and depression symptoms, and 

may help to identify stress inducers and techniques to prevent depression. 

(b) “Mom Talk”- This feature will contain social forum characteristics, where patients can post a discussion 

thread and receive replies from other participants. Message notifications will be enabled in this Digilego.  

(c) “Library”- This feature will function as a “newsstand” meant to expose the patient to the latest health 

education and research on the topics of PPD, pregnancy, and motherhood. Alerts for new topics will be 

provided. Content will be available in various formats such as text and video. Based on input from PPD 

experts (including OB/GYNs, Psychiatry, and Health Disparities researchers), content will be selected and 

curated from reliable research sources such as PubMed, PsychInfo, National Institutes of Health, and Centers 

for Disease Control. It will then be presented to patients in a summarized format. This library file will be 

maintained relevant by updating periodically (i.e. monthly) or as deemed necessary. 

(d) “My Care”- In this feature, patients will be able to access personal clinical care components. For example, 

they will be able to know whether their medications are safe for breastfeeding, and when their next psychiatric 

appointment is scheduled. Alerts for events such as receiving a new message from provider will be 

incorporated into this feature. It borrows various components (i.e. Treatment Summary, Physician 

Communication) from the existing DigiEHR and DigiMe blocks. 

(e) “How am I doing today?”- this feature contains self-report surveys, for patients to monitor their mental health 

status. Survey instruments planned for inclusion are the Patient Health Questionnaire- 2 (PHQ2) for daily 

screening, and the Edinburg Postnatal Depression Scale for weekly or bi-weekly screening. Both of these 

1425



instruments have been shown to have acceptable performance [31, 32]. Screening results can be monitored 

by the clinical provider if necessary.  

Table 5 provides a snapshot of the results derived from Digilego framework and their mapping to BCT and 

accommodation of user needs in Digilego components. 

Table 5- Digilego Results Mapping to Peripartum Depression Management 

PPD Digilego BCT User Need 

“My Diary” 2.3- Self-monitoring of behavior 

5.4- Monitoring of emotional 

consequences 

15.4- Self talk 

Tailored support based on medical history/unique needs 

Support for unique pregnancy experiences 

“Mom Talk” 3.1- Social support (unspecified) 

6.2 - Social comparison 

6.3- Information about other’s 

approval 

Feeling part of a community environment 

“Library” 9.1- Credible source Support for unique pregnancy experiences 

“My Care” 2.2- Feedback on Behavior Open and timely communication with providers 

Tools to overcome information silos in the care setting 

“How am I 

doing today?” 

2.3- Self-monitoring of behavior Tools to overcome barriers when seeking mental health care 

 

Technology Development 

Recent wireframes for components of “Mom Mind” are illustrated in Figure 2.  The left screen shows the main landing 

page for the user, where our Digilego blocks are highlighted. This main screen provides recent notifications to the 

user, and a main menu is also accessible at the bottom of the page. The center screen illustrates the “My Diary” journal 

feature, personalized with the user’s name and with a listing of recent entries. The right-most screen shows the PHQ-

2 screening integrated into the “How am I doing today?” Digilego. 

                       

Figure 2- “Mom Mind” Wireframes 
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Initial Evaluation 

Feature Comparisons 

A comparison of features between our proposed MomMind digital platform and consumer apps dedicated to PPD was 

conducted. Six PPD apps were examined in this analysis: “Little Mother’s Helper”, “MomentHealth”, “PPD ACT”, 

“MGHPDS”, “Postpartum Depression”, and “Post Pregnancy Recovery” [33-38]. These apps are free and available 

in the Apple App Store and/or the Google Play Store. They are targeted exclusively to new mothers (postpaturm) and 

contain a range of features such as PPD information and screening. Table 6 summarizes the comparison of features 

between MomMind and the examined apps. Two of the six apps (PPD Act and MGHPDS) are research-based and 

therefore have a theoretical framework behind their features. The other four are consumer-driven. The common 

features that we have found in both our Digilego blocks and these apps are: social hubs, self-reporting surveys, and 

education about PPD. Personalization features such as bidirectional communication with providers, journal, and 

treatment summary were not present in any of the selected apps for comparison. Further, the average number of BCT 

techniques incorporated in the apps was four, while our Mom Mind has a total of eight BCT techniques. In terms of 

PEF adoption, we found that the highest level of PEF category reached among the apps was Empower Me. This was 

identified in two of the apps, due to their inclusion of screening tools for symptom assessment. Our proposed Digilego 

blocks, on the other hand, are able to reach the category of “Support my e-Community” due to the provision of 

communication with providers and peers. This indicates that our usage of BIT (through which we incorporate BCTs) 

and PEF models has allowed us to develop an engaging product that optimizes the care coordination and self-

management of PPD.  

Table 6- Comparison of MomMind and Consumer Apps 

Digital 

Feature 

Little 

Mother’s 

Helper  

Moment 

Health 

PPD 

Act 

MGHPDS Postpartum 

Depression 

Post 

Pregnancy 

Recovery 

MomMind 

Journaling x x x x x x ✓ 

Social Hub x ✓ x x x x ✓ 

Education ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

Question 

Corner 

x x x x x x ✓ 

Appointm

ent 

Reminders 

x x x x x x ✓ 

Treatment 

summary 

x x x x x x ✓ 

Alerts x x x x x x ✓ 

Physician 

Communic

ation 

x x x x x x ✓ 

Caregiver 

Profile 

x x x x x x ✓ 

Survey x ✓ ✓ ✓ x x ✓ 

 

Limitations and Future Work 

Our needs analysis is limited to focus groups discussions of women who are pregnant and of low socioeconomic 

status, but not necessarily diagnosed with PPD. Inclusion of other PPD stakeholders, such as clinicians, in our needs 

analysis will also be done for holistic development of the MomMind ecosystem. Our digital prototypes are partially 

implemented and have gone through limited usability evaluations. Next steps in our research program will be: 

a) Mixed-mode needs assessment: Continuation of needs analysis, with more focus groups with different 

participants (including clinicians). Our needs analysis will also harness additional methodologies through 

synthesis of existing literature knowledge and data from social media content [20, 21]. For example, content 
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of online forums dedicated to PPD will be analyzed in order to include different sources of data. While the 

focus of this paper has been to customize the MomMind platform to socioeconomically disadvantaged 

women, this work will help us understand the needs of the general population as well. 

b) Culmination of digital platform development: this includes technical implementation of new features, 

adaptation of existing Digilego blocks for MomMind, and content curation. This will be accomplished 

through software tools including proto.io [39] and Flutter [40]. The content selection and final curation will 

be based on expert input from an interdisciplinary group of clinicians and health researchers, with particular 

focus on the specialties of OB/GYN, Psychiatry, and Health Disparities. The content will be selected from 

reliable sources (i.e. PubMed, PsychInfo). We then plan to use storytelling tools such as Videoscribe [41] to 

summarize content in a user-friendly comprehensible format for hosting in MomMind, while considering 

health literacy aspects. 

c) Interoperability assurance: Ensuring that MomMind is compliant to Fast Healthcare Interoperable Resources 

(FHIR) standards [23]. 

d) Evaluation of digital platform by patients and providers: once the development stage is culminated, patients 

and providers will be presented with our platform to assess its acceptability and usability. This can be 

achieved through evaluation techniques such as having end users do a walkthrough of the platform while 

developers use the Nielsen -Shneiderman Heuristics tool to annotate platform usability [42, 43].   

Conclusion 

Peripartum depression is a condition that produces significantly adverse public health outcomes, yet there are still not 

enough efficient digital tools to advance its diagnosis and management. In this study, we describe information needs 

of young pregnant women to deal with conditions like PPD. We adapt a digital health framework to translate patient 

needs to theory-driven, engaging, and evidence-based digital features. Particularly, our work describes the technology 

needs of an underexplored population; young demographic who are accustomed to communicating in a digital 

environment, where information is sent and received in an instant manner. Therefore, a digital platform that is agile, 

personable, and adaptive is a suitable solution to increasing patient engagement in their management of the PPD 

condition. Further, a care coordination ecosystem optimized for clinicians with synchronized features in terms of case 

management and patient-provider communication across multiple specialties is much needed for conditions such as 

PPD. In summary, our work is the first step towards a digital health ecosystem that facilitates interdisciplinary care 

coordination and self-health management that would allow PPD patients to have trusted information sources readily 

available with personalized, theoretically-aligned, and sustainable digital pathways for enhanced self-monitoring.  
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Abstract 

In this paper, we developed a personalized anticoagulant treatment recommendation model for atrial fibrillation (AF) 

patients based on reinforcement learning (RL) and evaluated the effectiveness of the model in terms of short-term and 

long-term outcomes. The data used in our work were baseline and follow-up data of 8,540 AF patients with high risk 

of stroke, enrolled in the Chinese Atrial Fibrillation Registry (CAFR) study during 2011 to 2018. We found that in 

64.98% of patient visits, the anticoagulant treatment recommended by the RL model were concordant with the actual 

prescriptions of the clinicians. Model-concordant treatments were associated with less ischemic stroke and systemic 

embolism (SSE) event compared with non-concordant ones, but no significant difference on the occurrence rate of 

major bleeding. We also found that higher proportion of model-concordant treatments were associated with lower 

risk of death. Our approach identified several high-confidence rules, which were interpreted by clinical experts. 

Introduction 

Atrial fibrillation (AF) is a common cardiac arrhythmia in adults, affecting up to approximately 10 million in China1. 

AF is a risk factor for stroke/thromboembolism and death2,3, with an estimated 5-fold higher risk4. Warfarin is effective 

in preventing ischemic stroke (IS) in AF patients. However, major bleeding is not uncommon in patients treated with 

warfarin5. The efficacy and safety of non-vitamin K antagonist oral anticoagulants (NOACs) have been reported in 

clinical trials6, but NOACs are expensive. Therefore, treating patients precisely by identifying the right patients to be 

treated and choosing the right oral anticoagulation (OAC) agent is important to achieve the largest net benefit.  

The CHA2DS2-VA (CV) score (congestive heart failure, hypertension, age ≥75 years, diabetes mellitus, prior stroke 

or thromboembolism, vascular disease and age 65-74 years) ranging from 0 to 8 has been widely recommended to 

identify the risk level of IS for AF patients7. The larger the CV score is, the higher risk of IS the patient has. For AF 

patients with CV score of 2 or greater, OAC is recommended by several clinical guidelines8,9. However, only 6%-8% 

of AF patients died from stroke10 but warfarin results in an annual major bleeding risk of 2%-5%11. It is still skeptical 

that the CV score may not precisely capture the risk of particular AF patients, and it might be unnecessary to treat all 

those patients. Thus, it is urgent to achieve personalized medication recommendation. Liu et al. proposed an outcome-

driven approach to identify a precise group of patients with low risk of IS and described their unique characteristics12.  

In complementary to the traditional machine learning (ML) models, reinforcement learning (RL) has the distinctive 

advantage of optimizing sequences of decisions by learning the best policy. With the explosive increase of electronic 

medical records (EMR), RL approach has been successfully applied in healthcare domain, specifically in treatment 

recommendation13-16. For example, Komorowski et al.14 aimed to reduce septic patients’ mortality by recommending 

personalized optimal dosage of intravenous fluids and vasopressors. They found that patients who received doses 

similar to the model recommendation had the lowest 90-day mortality. Phuong D. Ngo et al.15 proposed a RL model 

for optimal insulin injection policy in patients with type-1 diabetes. The result showed that the proposed methodology 

significantly reduced and successfully regulated the fluctuation of the blood glucose. Besides, there is an application 

to optimize the radiation therapy for cancer patients using Q-learning algorithm16. Inspired by these successful 

applications in treatment recommendation, we developed a personalized RL-based model to recommend anticoagulant 

therapy for AF patients and evaluated the effectiveness of the model in terms of short-term and long-term outcomes. 

The RL treatment model learned the policy from real-world data collected in the Registry study. The Chinese Atrial 

Fibrillation Registry (CAFR) study was initiated at 2011, and has enrolled more than 25,000 AF patients from 32 
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hospitals in Beijing. Data of patients’ demographics, symptoms and signs, results of physical examination and 

laboratory test, medical history, details of precious and current treatments at baseline, and follow-up every 6 months 

were collected. At every follow-up visit, symptoms and signs, the clinical events such as stroke and major bleeding, 

treatment condition and results of physical examination and laboratory test if any were collected. 

In this study, we proposed a method to recommend the personalized anticoagulant treatment for AF patients. First, we 

defined ischemic stroke and systemic embolism (SSE) and major bleeding events as short-term outcomes and death 

as long-term outcome for AF patients. Then we developed the RL model by designing the reward function and loss 

function based on AF expertise. The effectiveness of the model was demonstrated by lower incidence rate of SSE in 

patient visits with model-concordant prescriptions than those non-concordant. There was no significant difference on 

the occurrence rate of major bleeding. We also found that higher proportion of model-concordant treatments were 

associated with lower risk of death. Furthermore, to better interpret the RL model and assist clinicians in making 

treatment decisions, we built a decision tree to simulate the RL model recommendations. 

Method 

Figure 1 shows the pipeline of building anticoagulant treatment model for AF patients. We first selected samples from 

CAFR data that meet the inclusion criteria. At the model training stage, we formulated the reinforcement learning (RL) 

problem for AF treatment by carefully designing state, action, reward function and loss function based on the expertise 

of AF. Then we trained a RL model, which is a deep neural network17, from the selected data. The state was represented 

by the values of demographics, lab tests, vital signs, medical history and previous drugs of AF patients. The action 

was defined to simulate the actual prescription. The reward function was defined to assess the action in a given state 

according to CHA2DS2-VA score, treatment and clinical outcomes. The novelty also lied in the design of the loss 

function for model training, in which the loss consisted of the temporal difference (TD) loss, a regularization term and 

a supervised large margin classification loss. Specifically, the supervised loss enabled the algorithm to learn to imitate 

the clinician. After that, model-concordant was defined as the consistency between clinician’s actual prescription and 

model recommendation, and we evaluated the performance of the RL model in terms of short-term outcomes, i.e., 

SSE and major bleeding events and long-term outcome, i.e., death. To evaluate the short-term outcomes at patient-

visit level, the occurrence rates of SSE and major bleeding events were compared between the model-concordant 

treatments and the model-non-concordant treatments. To evaluate the long-term outcome at patient level, the 

relationship between patient’s model-concordant rate and the occurrence rate of the death was depicted. Finally, we 

interpreted the RL model by building a decision tree to classify visits labeled model actions. The decision tree can 

simulate the RL model approximatively and derive rules according to the tree structure. The rules with enough 

coverage and high confidence could be used to interpret the RL model and assist clinicians to make clinical decision. 

 

Figure 1. Pipeline of building anticoagulant treatment model for AF patients 

Data selection and clinical outcomes 

The purpose of this study is to assist clinicians to decide whether the AF patient truly need to been treated with oral 

anticoagulation. Both short-term and long-term clinical outcomes were taken into account. Short-term outcomes were 

evaluated at patient-visit level, including the occurrence rate of ischemic stroke and systemic embolism (SSE) event 

Data selection

CAFR data

Short-term outcomes Long-term outcome

Model evaluation

Reward function Loss function

Model training

State Action

Model interpretation

Simulation using decision tree Interpreting using rules
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and major bleeding event after 6 months’ therapy. Long-term outcome was evaluated at patient level, that is the 

occurrence rate of death in up to 8 years. 

In this study, the patient-visits of interest are those which had not been treated with radiofrequency ablation (RFA) 

and CHA2DS2-VA score is 2 or greater.  This is because RFA is associated with the reduction of the risk of stroke and 

mortality in AF patients18. To build and evaluate the RL treatment model, we deleted the visits without short-term 

outcomes. Finally, from the CAFR data, we identified 8,540 AF patients and 52,172 patient-visits that meet the 

selection criteria shown in Figure 2.  

 

Figure 2. Patient-visit selection criteria for anticoagulant treatment recommendation model 

Reinforcement Learning model 

Applying RL to the oral anticoagulant treatment problem of AF patients involves several elements. The first is to 

define the input of the treatment model (i.e., state) and the treatment options (i.e., action). Next we describe how we 

quantify the effectiveness of applying an action for a given state (i.e., reward). Finally, we describe how to design our 

model architecture and loss function for training the model. 

1) State 

For each patient visit, the clinical conditions included demographics, lab values, vital signs, medical history and 

previous drugs. We applied Z-score standardization for continuous variables, performed one-hot transformation for 

categorical variables, and kept binary variables unchanged. After the standardization and transformation, all values 

were rescaled into [-1,1], and we had a state of a 31 × 1 feature vector for each patient-visit, denoted as st. Note that 

the last visit of a patient was not used for model training because it did not associated with the outcomes. 

2) Action 

We focused on two types of drugs: warfarin and non-vitamin K oral anticoagulants (NOACs). Thus, we defined three 

actions: 0 represented no drug, 1 represented warfarin and 2 represented NOAC. 

3) Reward 

The reward function was clinically oriented and defined based on the expertise of AF. We considered the CHA2DS2-

VA (CV) score, treatment, and the outcomes that indicate a patient’s health status. The CV score not only identified 

the risk of IS, but also reflected the risk of bleeding to some extent. According to expert advice and related work19, the 

CV score was stratified as shown in Table 1. For the last follow-up of a patient, if death is reported, a negative reward 

(i.e. penalty, -20) is given; Otherwise, a positive reward (i.e., 20) is given. For other available visits, Table 1 showed 

the reward values in detail. The reward function is defined based on the following principles. First, when SSE occurs, 

anticoagulant therapy is considered insufficient. Therefore, action of anticoagulation is given a positive reward, while 

no anticoagulation is given a negative reward; When major bleeding occurs, anticoagulant therapy is considered 

beyond the patient's tolerance. So, anticoagulation is given a negative reward while no anticoagulation is given a 

positive reward; when no SSE or major bleeding occurs, a positive reward is given no matter what the treatment is. 

Second, the higher the CV score is, the more necessary anticoagulant therapy is considered. For example, in Table 1, 

when the treatment is “anticoagulation” and the outcome is “SSE occurs”, the value of the reward increases with the 

CV score. Third, the occurrence of either SSE or major bleeding is the severe event for AF patients, so the absolute 

value of their reward is higher than that of no occurrence. After defining the relative relationship between reward 

values according to the principles above, we determined the values in Table 1 by experiments. Specifically, we set the 

minimum value as 1, adjusted other values, and selected the value combination that lead to good model convergence. 

CAFR data

(N=154,496 visits)

Available samples

(N=52,172 visits)

Exclusion of 69,528 after RFA treatment  

Exclusion of 12,233 without short-term outcomes

Exclusion of 20,563 with CHA2DS2-VA less than 2
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Table 1. Reward of non-last follow-up 

Treatment Outcome 
CHA2DS2-VA score 

=2 3-4 ≥5 

Anticoagulation 

SSE occurs 4 5 6 

Major bleeding occurs -6 -6 -6 

No occurs 3 4 5 

No 

anticoagulation 

SSE occurs -7 -6 -6 

Major bleeding occurs 4 3 2 

No occurs 3 2 1 

 

4) Model architecture 

To learn treatment policies, we used a reinforcement learning model which is a variant of Deep Q Networks (DQN)17, 

called Prioritized Dueling Double DQN (PDD DQN)20-22. DQN gets a state vector as input and a Q vector of action 

values as output. The Q vector is the evaluation of all 3 actions’ effects on patients’ status and is calculated by a deep 

neural network (DNN) for a given state and all actions. However, as discussed in related work20, using the same values 

both to select and evaluate an action can lead to overestimate the Q-values. To mitigate this problem, Double DQN 

(DDQN) uses the main network to determine the max Q values and the corresponding action, and then uses the target 

network to estimate the target Q-values20. When evaluating the effectiveness of a treatment, we model the influence 

from state and action on Q-values separately. So we use a Dueling Q Network where the function Q(s, a) is split into 

two streams, value and advantage21. The value represents the quality of a patient-visit’s underlying state and the 

advantage represents the quality of the action being taken at that time-step. In addition, we use Prioritized Experience 

Replay (PER) to accelerate learning and improve the final policy quality by sampling the input data according to the 

samples’ weight, which measured by their temporal-difference errors22. Our final PDD DQN network architecture has 

two hidden layers of 128 units with the batch normalization for main network and target network. The learning rate is 

0.001 and the batch size is 128. 

5) Loss function 

The loss function is given in Equation (1), which consists of three terms. The first term is the temporal difference (TD) 

loss between the output Q of the network and the desired target Q. The traditional DQN optimizes the network 

parameters to minimize this TD loss. In addition to TD loss, we added a regularization term and a supervised large 

margin classification loss. The regularization term penalizes the output Q-values that differ significantly from the 

predefine threshold (Qthre = 20), in order to learn a more appropriate Q-function. The supervised loss forces the values 

of clinician’s actual action higher than the value of the other actions by a predefined margin23. The novelty is that we 

apply the value of the clinician’s action and adjust the value of other actions. The supervised loss enables the algorithm 

to learn the model that imitates the clinician, while the TD loss ensures that the network satisfies the Bellman equation17 

(Equation (2)) and the reinforcement learning framework can be leveraged.  

𝐿(𝜃) = [(𝑄𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑄(𝑠, 𝑎; 𝜃))
2

] + [𝜆 ∙ 𝑚𝑎𝑥(|𝑄(𝑠, 𝑎; 𝜃)| − 𝑄𝑡ℎ𝑟𝑒 , 0)]

+ [max(𝑄(𝑠, 𝑎; 𝜃) + 𝑙(𝑎𝑐 , 𝑎)) − 𝑄(𝑠, 𝑎𝑐; 𝜃)] 
(1) 

𝑄𝑡𝑎𝑟𝑔𝑒𝑡 = 𝑟 + 𝛾𝑄𝑡𝑎𝑟𝑔𝑒𝑡(𝑠′, arg 𝑚𝑎𝑥𝑎′𝑄(𝑠′, 𝑎′; 𝜃); 𝜃′) (2) 

where 𝜃 are the parameters of the main network and 𝜃′ are the parameters of the target network, 𝑎𝑐 is the action the 

clinician took in state s and 𝑙(𝑎𝑐 , 𝑎) is a margin function that is 0 when 𝑎 = 𝑎𝑐 and positive value otherwise. 

Statistical analyses for model evaluation 

To evaluate the short-term outcomes, model-concordant was regarded as the exposure factor24, which is determined 

by whether the clinician’s actual prescription is concordant to the RL model recommended medication at patient-visit 

level. The occurrence rates of short-term outcomes were compared between the model-concordant treatments and the 

model-non-concordant treatments via chi-square test. To adjust the key confounder, we stratified the CHA2DS2-VA 

score into: 2, 3-4 and ≥519, since both medical history and age are considered into the score. Furthermore, we stratified 

the patient visits according to the model action to evaluate the model performance. 
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To evaluate the long-term outcome, we performed it at patient level. First, the patient’s model-concordant rate was 

calculated as the ratio between the number of model-concordant visits and the total number of visits. Then the patients 

were divided into different groups by applying the bin with size 0.2 on the patient’s model-concordant rate, and the 

occurrence rate of death was computed in each group. Finally, the relationship between patient’s model-concordant 

rate and the occurrence rate of the long-term outcome can be illustrated. A test for linear trend was conducted using 

Cochran-Armitage test. For all tests, a P value < 0.05 was considered statistically significant. 

Group characterization for model interpretation 

After obtaining the recommended treatment, our interest is to identify the characteristics of each group stratified by 

the action recommended by the RL model and understand the difference between groups. We addressed this by using 

CART to build a decision tree, which classify visits into model actions. To compare with the CHA2DS2-VA score, the 

candidate features just included the risk factors of CV score and previous anticoagulant drugs. To avoid overfitting of 

the decision tree, we used a parameter representing the minimum number of samples at a leaf node (min_samples_leaf) 

to constrain the tree construction. To interpret the RL model, we further derived the explicit rules from the decision 

tree. Finally, the coverage and confidence of the rule were assessed quantitatively, where the coverage of a rule is the 

number of samples in the corresponding leaf node and the confidence of the rule is the accuracy at that leaf node.  The 

rules with enough coverage and high confidence would assist clinicians to make informed clinical decision.  

Result 

Data Set 

We used baseline and follow-up data enrolled in CAFR study during 2011 to 2018 to build our RL model. In total, 

there were 52,172 visits with the diagnosis as AF, corresponding to 8,540 unique patients. Baseline characteristics of 

these patients were listed in Table 2. The average age of the patients was 71.57±8.89 with 46.4% female. The median 

CHA2DS2-VA score was 3 (IQR, 2-4). Specifically, patients were followed up every 6 months consecutively, and data 

of symptoms and signs, physical examination and laboratory test results, treatments and the clinical events were 

collected. The mean follow-up time was 2.72±1.84 years and the median number of follow-up visits was 5 (IQR, 2-

8), in spite of different enrolled time. Table 3 shows characteristics for all patients’ visits and three groups according 

to clinician’s prescription. It was found that the occurrence rate of SSE for NOAC group was higher than the other 

two groups, probably because the clinical status of the patients were worse in these visits. As we discovered, the 

median age of NOAC group was more than 75 years old, while the median age of warfarin group was less than 75. 

Moreover, there were more visits with CV score of  ≥ 5 in NOAC group than in warfarin group (24.69% vs 21.80%). 

Table 2. Baseline characteristics of all patients 

Characteristics 
Overall  

(N=8,540) 
Characteristics 

Overall  

(N=8,540) 

Age,years (Mean±SD) 71.57±8.89 Heart Rate, bmp (Mean±SD) 80.74±20.29 

Age≥75 3661 (42.9%) BMI (Mean±SD) 25.27±3.69 

Age 65-74 3383 (39.6%) Heart Failure 2155 (25.2%) 

Age<65 1496 (17.5%) SSE 1993 (23.3%) 

Female Gender 3961 (46.4%) Major bleeding 236 (2.8%) 

CHA2DS2-VA score   Vascular Disease 2095 (24.5%) 

(Median [IQR]) 3 [2,4] Hypertension 6742 (78.9%) 

2 2944 (34.5%) Diabetes 2746 (32.2%) 

3-4 3871 (45.3%) Beta Blocker 4737 (55.5%) 

≥5 1725 (20.2%) ACEI/ARB 153 (1.8%) 

AST>50U/L 289 (3.4%) Statin 166 (1.9%) 

ALT>40U/L 668 (7.8%) Follow-up, year (Mean±SD) 2.72±1.84 

eGFR<60 mL/min/1.73m2 1617 (18.9%) number (Median [IQR]) 5 [2,8] 

* Values for continuous variables given as mean ± standard deviation or median [interquartile range]; for categorical 

variables, as count (percentage). Abbreviations and definitions: AST, aspartate aminotransferase; ALT, alanine 

aminotransferase; eGFR, estimated glomerular filtration rate; BMI, body mass index; ACEI, angiotensin converting 

enzyme inhibitors; ARB, angiotensin receptor blocker.  
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Table 3. Characteristics for all patients’ visits and three groups according to clinician’s prescription 

Clinician’s 

prescription 

Visit 

number 

Age, years 

(Median [IQR]) 

CHA2DS2-VA 

score ≥ 5 (n(%)) 

Count of 

SSE 

Occurrence 

rate of SSE 

Count of 

major 

bleeding 

Occurrence 

rate of major 

bleeding 

No drug 32,524 75 [68,80] 7,669 (23.58%) 463 1.42% 90 0.28% 

Warfarin 17,424 74 [67,78] 3,798 (21.80%) 197 1.13% 178 1.02% 

NOAC 2,224 76 [70,80] 549 (24.69%) 45 2.02% 20 0.90% 

Overall 52,172 74 [68,79] 12,016 (23.03%) 705 1.35% 288 0.55% 

 

Medication patterns 

We found that in 64.98% of patient visits, the anticoagulant treatments recommended by the developed RL model 

were concordant with the actual prescriptions of the clinicians. As depicted in Figure 3, the medication patterns of 

clinicians’ prescriptions and model recommendations were visualized by a 2-D histogram, in which the x axis 

represents the medication patterns prescribed by clinicians and y axis represents the medication patterns recommended 

by RL model (value 0 indicates no OAC, value 1 indicates warfarin, and value 2 indicates NOAC). The color indicates 

the usage number of corresponding medication patterns. The number on the diagonal indicates the number of model-

concordant visits in which the actual prescription of the clinician was the same as model-recommended medication. 

There were 11,123 visits with warfarin and 2,565 visits with NOAC recommended by the RL model, but actually in 

these visits the patients were not treated with any OAC by clinicians. Similarly, there were 2,812 visits with warfarin 

and 658 visits with NOAC prescribed by clinicians, but our model recommended no anticoagulation. Table 4 showed 

the distribution of medication patterns between clinicians’ prescriptions and model recommendations. We found that 

in most of patient visits (62.34%) clinicians did not prescribe any OAC, while in 42.75% of visits our model did not 

recommend any OAC. The model recommendations preferred to use warfarin, and the percentage of warfarin 

recommended by our RL model was higher than that prescribed by clinicians.  

 

Figure 3. Medication pattern comparison between clinicians’ prescriptions and model recommendations.  

Table 4. The distribution of medication patterns between clinicians’ prescriptions and model recommendations. 

Action Description 
Model recommendation Clinician prescription 

Number Ratio Number Ratio 

0 No drug 22,306 42.75% 32,524 62.34% 

1 Warfarin 25,678 49.22% 17,424 33.40% 

2 NOAC 4,188 8.03% 2,224 4.26% 

Overall 52,172 100% 52,172 100.00% 

 

Since the number of using NOAC is quite small in both clinician’s prescription and model recommendation, we 

combined it with warfarin as “Drug” group. As shown in Table 5, the percentage of using anticoagulation drug were 

similar among the three groups stratified by CV score in clinicians’ prescriptions, while the percentage of using 
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anticoagulation drug increased with the CV score obviously in model recommendations. Specifically, in the groups 

of visits with CV score ≥ 5, the OAC-using rate (88.02%) in model recommendations was much higher than that 

(36.18%) in clinicians’ prescriptions. As is known that more anticoagulation treatments for the patients with CV score 

≥ 5 may lead to good clinical outcome. In other words, the higher the CV score, the more anticoagulant treatment 

recommended by model, which is consistent with clinical experience. 

Table 5. Comparison between model recommendations and clinicians’ prescriptions stratified by CHA2DS2-VA 

CHA2DS2-VA Total number 
Model recommendations Clinicians’ prescriptions 

No drug Drug No drug Drug 

2 14,761 10,248 (69.43%) 4,513(30.57%) 9,477 (64.20%) 5,284(35.80%) 

3-4 25,395 10,618(41.81%) 14,777(58.19%) 15,378(60.56%) 10,017(39.44%) 

≥5 12,016 1,440(11.98%) 10,576(88.02%) 7,669(63.82%) 4,347(36.18%) 

Overall 52,172 22,306(42.75%) 29,866(57.25%) 32,524(62.34%) 19,648(37.66%) 

 

Short-term outcomes at patient-visit level 

We evaluated the short-term outcomes at patient-visit level. First, we partitioned the patient visits into model-

concordant group and model-non-concordant group. Then the short-term clinical outcomes were compared between 

the two groups in terms of SSE event and major bleeding event, namely the percentages of patient visits with the 

events. The evaluation results of short-term outcomes were shown in Table 6. Among all the samples, 33,903 visits 

(64.98%) were model-concordant and 18,269 (35.02%) were non-concordant, and the model-concordant treatments 

were associated with less SSE event compared with non-concordant ones. We further stratified the patient visits by 

CHA2DS2-VA score, which was the confounder that was most strongly correlated to the clinical outcome. For visit 

group with CV score of 2, the model-concordant treatments were associated with improved occurrence rate of both 

SSE and major bleeding events. For visits with CV score of 3 to 4, the result was similar with all visits. For visits with 

CV score of 5 or greater, the model-concordant treatments were associated with reduced occurrence rate of SSE event 

but with increased occurrence rate of major bleeding event. However, the amplitude of reduced rate (1.04%) was 

greater than the increased rate (0.43%). 

Table 6. Short-term clinical outcomes comparison between model-concordant and model-non-concordant groups 

stratified by CHA2DS2-VA 

CHA2DS2-

VA 

Model-

concordant 
Total 

SSE event Major bleeding event 

Count of 

occurrence 

Occurrence 

rate 

Diff of 

rate 
P-value 

Count of 

occurrence 

Occurrenc

e rate 

Diff of 

rate 
P-value 

2 
Yes 11,187 60 0.54% 

-0.52% 
<0.01    

** 

42 0.38% 
-0.52% 

<0.001 

*** NO 3,574 38 1.06% 32 0.90% 

3-4 
Yes 17,436 193 1.11% 

-0.61% 
<0.001 

*** 

110 0.63% 
0.19% 0.0742 

NO 7,959 137 1.72% 35 0.44% 

≥5 
Yes 5,280 91 1.72% 

-1.04% 
<0.001 

*** 

43 0.81% 
0.42% 

<0.01    

** NO 6,736 186 2.76% 26 0.39% 

Overall 
Yes 33,903 344 1.01% 

-0.97% 
<0.001 

*** 

195 0.58% 
0.07% 0.3627 

NO 18,269 361 1.98% 93 0.51% 

 

To further evaluate the effectiveness of the RL model, we stratified the patient visits by model actions. Similarly, 

model-concordant was regarded as the exposure factor in each group. As shown in Table 7, in each group of the model 

action, the occurrence rate of SSE event for model-concordant treatments was lower than that for model-non-

concordant treatments, and the reduction in “1:warfarin” group is significant. Specifically, in “1:warfarin” group, the 

amplitude of reduced rate in SSE event is greater than the increased rate in major bleeding event. In “0:noDrug” group, 

the model-concordant treatments were associated with reduced occurrence rate of major bleeding event compared 

with the model-non-concordant ones. It was noticeable that there was no significant difference in “2:NOAC” group 

since the sample number was quite small. 
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Table 7. Short-term clinical outcomes comparison between model-concordant and model-non-concordant groups 

stratified by model action 

Model 

action 

Model-

concordant 
Total 

SSE event Major bleeding event 

Count of 

occurrence 

Occurrence 

rate 

Diff of 

rate 
P-value 

Count of 

occurrence 

Occurrence 

rate 

Diff of 

rate 
P-value 

0:   

noDrug 

Yes 18,836 169 0.90% 
-0.22% 0.2377  

52 0.28% 
-0.87% 

<0.001 

***    NO 3,470 39 1.12% 40 1.15% 

1: 

warfarin 

Yes 14,028 156 1.11% 
-1.06% 

<0.001 

***   

135 0.96% 
0.61% 

<0.001 

***    NO 11,650 253 2.17% 41 0.35% 

2:   

NOAC 

Yes 1,039 19 1.83% 
-0.36% 0.5608  

8 0.77% 
0.39% 0.1878  

NO 3,149 69 2.19% 12 0.38% 

Overall 
Yes 33,903 344 1.01% 

-0.97% 
<0.001 

***   

195 0.58% 
0.07% 0.3627  

NO 18,269 361 1.98% 93 0.51% 

Long-term outcome at patient level 

We evaluated the long-term outcome of death at patient level. For each patient, we first computed the patient’s model-

concordant rate by dividing the number of model concordant visits by the total number of visits. In order to ensure the 

rationality of the result, we selected the patients with follow-up time ≥1 year. Then, the patients were divided into 

different groups according to the patient’s model-concordant rate (e.g. every 20% as a group), and the occurrence rate 

of death in each group was computed. Figure 4 illustrated the relationship between patient’s model-concordant rate 

and the occurrence rate of death outcome. The number next to the red dot indicated the total number of patients with 

corresponding model-concordant range. It can be found that the curves were downwards trending (p for trend < 0.001). 

In other words, the higher the patient’s model-concordant rate was, the lower the occurrence rate of death was. For 

model-concordant rate between 0 and 0.2, there were 1360 patients, among which 322 patients died. In the 322 died 

patients, 262 (81.4%) were not treated with OAC by clinicians, but only 6 (1.9%) were not recommended with 

anticoagulation by the RL model in all their visits. On the contrary, for model-concordant rate between 0.8 and 1.0, 

there were 2984 patients, among which 163 patients died. In the 163 died patients, 67 patients (41.1%) were not treated 

with OAC by clinicians and 50 (30.7%) were not recommended with anticoagulation by the RL model.   

 

Figure 4. The relationship between patient’s model-concordant rate and the occurrence rate of death 

Group characterization results 

As mentioned above, the RL model preferred to recommend anticoagulation in visits with CHA2DS2-VA score of 5 

or greater, but it is relatively ambiguous for other visits. In order to suggest clinically interpretable treatment strategies 

learned by our model, we built a decision tree model to generate rules for visits with CV score of 2 to 4. The decision 

tree achieved a classification accuracy of 80%. As listed in Table 8, several rules with enough coverage and high 

confidence (all above 90%) were derived, which could be used to interpret when the RL model recommended 

anticoagulation or when not. In summary, these rules cover 13,876 visits (35%) out of a total sample size of 40,156, 

and 4,923 visits (12%) were not recommended anticoagulant treatment. Another rule with confidence of 70% was to 

be noticeable: if OAC not used, age≥75 and with HF, then anticoagulation was recommended by RL model. This 

represented that the RL model might have learned when to change the prescription. 

P<0.001
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Table 8. Rules to characterize the visits with CHA2DS2-VA score of 2 to 4 

index Conditions 
Model 

recommendation 
Coverage Confidence 

1 
OAC not used, age≥65, no HF, no prior stroke/TIA/TE, no 

hypertension, no VD 
Not on 

anticoagulation 

2,368 93% 

2 OAC not used, age<65, no HF, no prior stroke/TIA/TE 2,257 93% 

3 
OAC not used, age65-74, no HF, no prior stroke/TIA/TE, no 

hypertension, with VD, no DM 
298 92% 

4 OAC used, age≥75, no prior stroke/TIA/TE 

On anticoagulation 

5,467 92% 

5 OAC used, age≥65, with prior stroke/TIA/TE 1,740 99% 

6 OAC used, age65-74, with HF, no prior stroke/TIA/TE 844 96% 

7 
OAC used, age65-74, no HF, no prior stroke/TIA/TE, with 

hypertension, with VD, no DM 
302 92% 

8 
OAC used, age65-74, no HF, no prior stroke/TIA/TE, with VD, 

with DM 
250 97% 

9 OAC used, age<65, with HF, with prior stroke/TIA/TE 214 93% 

10 OAC used, age<65, with HF, no prior stroke/TIA/TE, with VD 136 95% 

Total 13,876 93% 

*“OAC not used” means that OAC was not in clinician’s prescription in last visit. Abbreviations: HF, heart failure; 

TIA, transient ischemic attack; TE, thromboembolism; VD, vascular disease; DM, diabetes mellitus. 

Discussion 

In this study, we proposed a reinforcement learning model to recommend the personalized anticoagulant treatment for 

AF patients. The strengths of this study are twofold. First, the CAFR data used for model training and evaluation is of 

good quality. It covers a long follow-up time span of 8 years and consists of AF patients’ demographics, symptoms 

and signs, physical examination and laboratory test, medical history, treatments and clinical events. Second, the 

novelties of method include RL model training in terms of state, action, reward function and especially loss function, 

model evaluation at patient-visit level and patient level respectively, and finally the group characterization to interpret 

the model. 

The limitation of the current work is that the number of patients received NOACs therapy and the time of follow up 

after the initiation of NOACs are limited as these agents are expensive and not covered by medical insurance until 

recently. Therefore, we combined NOACs as a category rather than individual agents. When more data are 

accumulated with longer time span, we can update the treatment model and form rules interpreting when to prescribe 

NOAC, even which type of NOAC. Another limitation is that we evaluated long-term outcome by the relationship 

between patient’s model-concordant rate and the occurrence rate of the long-term outcome without adjusting 

confounding factors. The cox model can be applied with more comprehensive evaluation. 

Our approach was tested with AF patients’ data. The method can be applied to treatment of other chronic diseases by 

designing state, action and reward function. 

Conclusion 

In this paper, we proposed a reinforcement learning model to recommend the personalized anticoagulant treatment for 

AF patients and attempted to interpret the model by group characterization. We demonstrated that the proposed RL 

model can lead to better expected short-term and long-term outcomes and identified several high-confidence rules, 

which were interpreted by clinical experts. The data used in our work were baseline and follow up data of 8,540 AF 

patients, enrolled in the CAFR study during 2011 to 2018. While much further study is required to truly mine rules, 

the proposed method represents a novel approach to take advantage of the strengths of different treatment policies. 
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Abstract 

The normalization of clinical documents is essential for health information management with the enormous amount 
of clinical documentation generated each year. The LOINC Document Ontology (DO) is a universal clinical document 
standard in a hierarchical structure. The objective of this study is to investigate the feasibility and generalizability of 
LOINC DO by mapping from clinical note titles across five institutions to five DO axes. We first developed an 
annotation framework based on the definition of LOINC DO axes and manually mapped 4,000 titles. Then we 
introduced a pre-trained deep learning model named Bidirectional Encoder Representations from Transformers 
(BERT) to enable automatic mapping from titles to LOINC DO axes. The results showed that the BERT-based 
automatic mapping achieved improved performance compared with the baseline model. By analyzing both manual 
annotations and predicted results, ambiguities in LOINC DO axes definition were discussed. 

Introduction 

Electronic health records (EHR) contain massive narrative data such as clinical notes, discharge summaries, lab reports 
and pathology reports, which often contain detailed patient status, treatment, and outcome information that is required 
for clinical and translation studies.1 The first step to utilize notes for clinical research is often to search and find the 
right types of notes needed for specific studies, which requires a standard and consistent naming convention for clinical 
documents. Nevertheless, different EHR vendors, institutions, and healthcare providers may follow different rules to 
name clinical documents, which makes it challenging to find the right documents within an institution or across 
multiple institutions2. Therefore, it is essential to standardize names of clinical notes, in order to optimize the search, 
retrieval, and management of clinical documents for research purposes. 
 
There are efforts on developing ontologies3 to provide standard representations of clinical document types. For 
example, Logical Observation Identifiers Names and Codes (LOINC) has developed a Document Ontology (DO)4 to 
increase the interoperability across diverse EHR systems. It was first proposed and developed by Document Ontology 
Task Force5,6, then later extended by the LOINC Committee7. The LOINC DO follows the HL7 Clinical Document 
Architecture (CDA)8, a standard for defining clinical documents based on the document structure and semantic types. 
The current LOINC DO is a subset of LOINC codes that describes key attributes of clinical documents in five axes: 
Type of Service (ToS), Kind of Document (KoD), Setting, Role, and Subject Matter Domain (SMD). Each axis 
maintains a set of controlled vocabularies in a poly-hierarchical structure. Type of Service defines the kind of 
healthcare services (e.g., Consultation, Evaluation and Management, Procedure) provided to patients. Kind of 
Document specifies the type of clinical documents (e.g., Note, Report, Checklist) on the basis of its structure. Setting 
defines the location or channel (e.g., Ambulance, Birthing Center, Intensive Care Unit) where clinical care is provided. 
Role listed people and their occupations (e.g., Physicians, Nurse, Pharmacist) involved in the service or authors who 
created the clinical note. Subject Matter Domain specifies clinical specialty (e.g., Anesthesiology, Urology, 
Cardiovascular Disease) that is relevant to the document or the main purpose of creating the document. The latest 
version of LOINC DO had 151 values in Type of Service axis, 83 values in Kind of Document, 24 in Setting, 41 in 
Role and 222 in Subject Matter Domain.  
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A number of studies have investigated standardizing clinical documents using LOINC codes and/or Document 
Ontology. Hyun and Bakken9 retrieved section headers from nursing documents and 38% of the documents were 
successfully mapped to the LOINC semantical model without ambiguity. Hyun et al.10 extended the Subject Matter 
Domain (SMD) axis by combining the original DO list and value list from the American Board of Medical Specialties 
(ABMS). Chen et al.11 investigated the level of coverage and challenges of representing clinical documents with 
LOINC using document names from Fairview Health Services (FHS)12 and Fletcher Allen Health Care (FAHC). Li L 
et al.13 evaluated the generalizability of LOINC DO on clinical document types in the inpatient settings from New 
York Presbyterian Hospital and investigated the possibility of document exchange using LOINC codes. Wang et al.14 
assessed the adequacy of LOINC DO in standardizing clinical documents extracted from a research clinical data 
repository and found that more vocabularies needed to be added into Role and Setting axes for non-ambiguous 
mapping. Rajamani et al. explore the possibilities to extend the Setting15 and Role16 axes of LOINC DO that 
incorporated less terminologies by combining current DO values and concepts from external sources. Beitia et al.17 
compared anatomic terms from five standards and matched the 100 most frequent terms to LOINC CT codes. The 
results showed that LOINC codes ranked significantly higher than other standards in terms of the information 
exchange in radiology domain. Parr et al.18 developed a machine learning based pipeline that mapped noisy labels for 
laboratory test from the Department of Veterans Affairs Corporate Data Warehouse to LOINC codes and the method 
achieved a correction rate of 83%. Peng et al. manually mapped frequently used CT terms from 40 hospitals to LOINC 
codes and increase the coverage rate to 93% after creating 215 new LOINC CT terms. 
 
Despite the progress in extending LOINC Document Ontology and manually analyzing mappings from local 
institutions to LOINC codes, there is no existing system that can automatically map document titles from any 
institution to LOINC DO axes. Here we propose an initial study to develop automated methods that can map a 
document title to LOINC DO axes, via an entity recognition approach. We define the task as identifying and 
classifying entities from document titles into five axes defined in LOINC DO. For example, given a note title “CH 
Primary Care-CHPCC Consult 088”, we attempt to recognize that the entity “CH Primary Care” belongs to the SMD 
axis; “CHPCC” that stands for Children's Hospital Primary Care Center is a setting; and “Consult” is a Type of service 
(ToS). Named entity recognition (NER) has been extensively studied for clinical documents, with diverse types of 
approaches including rule-based methods, machine learning-based methods, and more recent deep learning-based 
algorithms19,20. For example, the Bidirectional Encoder Representations from Transformers (BERT)21, a pre-trained 
language model that can be fine-tuned on various downstream tasks, has been widely deployed in NER tasks including 
those in the medical domain and has shown significantly better performance, compared with conventional machine 
learning methods22.  
 
The objectives of this study are to: (1) propose an annotation framework that identifies and assigns entities to LOINC 
DO axes; (2) implement different NER approaches including the recent deep learning-based NER algorithms for 
automatic mapping; and (3) evaluate the feasibility and generalizability of LOINC DO in clinical note title 
normalization. To achieve these goals, we collected 18,075 clinical document titles from five medical centers, 
developed different NER approaches to recognize DO entities, and carefully analyzed their performance across five 
institutions. Our best-performing NER system for DO entities achieved an F-measure of 0.9179, indicating the 
feasibility of this solution. We believe this study sheds the light for further development of automated systems to 
normalize note types to standard LOINC DO representation, thus facilitating more efficient search, retrieval, and usage 
of clinical documents in downstream applications. 
 
Methods 

Datasets 

In this study we retrieved clinical document titles from the following five institutions: Boston Children’s Hospital 
(BCH), Vanderbilt University Medical Center (VUMC), Stanford University Medical School (SUMS), The University 
of Texas Health Science Center at Houston (UTHealth), and Columbia University Medical Center (CUMC). Different 
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approaches were used to retrieve note titles from EHRs at different institutions. For example, the note titles of Boston 
Children’s Hospital are event code descriptions in PowerChart. The titles of Columbia were extracted from their 
clinical data warehouse for both inpatient and outpatient settings, including ancillary reports as well as clinical notes. 
UTHealth note titles were also extracted from clinical data warehouse of their outpatient practice group (UT 
Physicians). Note titles from Stanford were extracted from the EPIC Clarity tool in Stanford's Clinical Data 
Warehouse. All duplicated note names were removed from the dataset in each institution.  

Annotation Framework 

We proposed and implemented the annotation framework by following the LOINC DO axis definitions. Entities rarely 
appeared as exact matches to LOINC DO values.  Thus, it is vital to recognize synonyms and acronyms as qualifiers 
to those values. Table 1 includes LOINC DO values that appeared with top frequencies during our annotation process. 
All annotations were completed via the CLAMP (Clinical Language Annotation, Modeling and Processing) Toolkit23.  
 
Table 1. LOINC DO values and corresponding instances retrieved from note titles. 

LOINC DO Values Description Examples 
Type of Service (ToS)   
Communication Exchanges of information between 

patients and doctors, or  
Comm, Internal Corres 

Consultation Meeting between patients and 
doctors for medical advice 

Consult, visit, follow up 

Evaluation Assessment of patients’ medical 
history and health conditions 

Re-Eval, Initial Eval, Assessment 

History and Physical Information about health history 
and findings at time of admission 

H&P, Hist + Phys, Exposure/Travel 
History 

Medical Equipment and Product medical, surgical and home medical 
products, equipment and supplies 

Throat Culture, Amb BP Monitor 

Plan Schemes or outlines of 
administrating care or treatments 

Treatment Plan, Coordination Plan 

Procedure Examinations for determining, 
measuring, or diagnosing a patient 
condition 

ECRP, Food Patch Testing, non 
Tunn cath, Abscess Drain 

Kind of Document (KoD)   
Note General narrative texts  Note, Progress note, Record 
Letter Documents issued by physicians, 

usually for describing patients’ 
health conditions  

Parent/School Letters 

Report Results of medical examinations Final report, Rpt, test results 
Consent Patients’ authorization or 

agreement on medical treatment 
Release of Information 

Diagram General graphs or figures Growth Chart 
Setting   
Intensive Care Unit Locations concerning diagnosis and 

management of critical care 
NICU, MSICU 

Outpatient  Locations where patients receive 
treatments without admission 

Clinic, Office, OP 

Role   
Patient Reference to the patient New Patient, Estab Pat, Pt 
Physician Reference to doctors of all 

professional levels 
MD, Consultant, Intern 

Subject Matter Domain (SMD)   
Anesthesiology Specialty concerning anesthesia 

and anesthetics 
Pain Treatment, ANEST 

Continues next page 
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Continued 
Dermatology Diseases or treatments concerning 

skin, hair and nails 
Atopic Dermatitis 

Internal Medicine Diagnoses or treatments concerning 
general adult diseases 

Adolescent, Cardio, Endoc,  

Medical Genetics Applications of Genetic study to 
medical care 

Sequencing 

Neurology Disease or treatments concerning 
the nervous system 

NEURO, Neuromuscular 

Radiology Diagnostic tests or treatments using 
medical imaging 

NM-CT Head, MR Neuro, XR-
Spine, TOMOGRAPHY 

Surgery Treatments of injury or disease 
with instruments 

SURG, Cardiac Surgery 

 

 
Figure 1. Sample annotations of note types. 
 
One major difficulty in this annotation task is handling radiology reports, which account for a large portion of datasets 
from all five institutions. Typically, such report names are composed of four elements: imaging methods (e.g., X-ray, 
CT, MRI), anatomic locations (e.g., head, neck, spine), views (e.g., 1 view, Merchants, Lateral) and contrast (e.g., w/ 
Contrast, w/o Contr). These four elements are arranged in random orders and certain parts are not included in the titles 
occasionally. In this study we mainly aimed to identify imaging methods and anatomic location. Figure 1 included 
examples illustrating two common scenarios related to radiology report name annotation: (1) If these two elements 
are arranged consequently, then we annotate them together as one entity of SMD (e.g., “NM-CT” and “Head” were 
annotated as one entity in “NM-CT Head w/ Contrast”); (2) If the imaging methods are unspecified in titles, we do 
not identity anatomic locations, views or contrast as entities (e.g., “Feet - Both, 3 Views or More-Lex” was left 
unannotated).  
 
Another important decision that annotators will have to make is whether to combine two consecutive entities as one 
single entity. Two conditions need to be fulfilled before annotators combine two entities: (1) two entities are identified 
and classified into the same axis; (2) one entity can be considered as the modifier of another. Note that exceptions 
may occur if an exact match has been found in the LOINC DO hierarchy. For example, given the title “Procedure 
consent”, “Procedure” belongs to ToS and “consent” is a KoD. However, LOINC DO listed the exact term “Procedure 
note” as a single value under the KoD axis. Under such circumstances we conform to rules set by LOINC DO and 
annotate such titles as one single entity.  
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Model Architecture 
 
In this study, we first developed a CRF-based NER model as a baseline, using the CLAMP tool23. Then we focused 
on fine-tuning the BERT model proposed by Devlin et al.21 for this task. We substituted the entities in an input title 
with BIO tags, where “B” indicates the beginning of an entity, “I” represents the following tokens within the entity 
and “O” represents other non-entity tokens. A [CLS] token was added to the beginning of each title for the 
classification tasks. Figure 2 shows an example of predicting the title “Estab Pat Visit Level 4”. The title first 
underwent a preprocessing step including boundary detection and tokenization. The word embeddings were then 
generated and used as the inputs of the BERT model. The output of the fine-tuning process was the final hidden vector 
of the [CLS] token, which represented the semantics of the whole title. If an entity was classified to a certain axis, the 
classification label of this axis is 1, otherwise the classification label is 0. The probability of classification label = 1 is 
calculated using a softmax function. 
 

 
Figure 2. The architecture of fine-tuned BERT used in this study. “Tok” stands for the token inputs to the BERT 
model. In this example, “Estab” was labelled as “B-Role”, “Pat” was labelled as “I-Role”, “Visit” was recognized as 
“ToS”, “Level” and “4” are non-entity tokens. 
 
Experiments and Evaluation Metrics 
 
We randomly selected 800 note titles from each of the five institutions (i.e., 4,000 note titles in total) and three 
reviewers split the annotation task as 1600 (Columbia and UT Health), 1600 (Stanford and Vanderbilt), 800 (BCH) 
titles respectively. While mapping the titles to LOINC axis, the reviewers were asked to compare the entities with 
mapped LOINC DO values and rate the mapping in terms of the coverage. Ambiguous titles, especially those had 
entities with fuzzy matches were collected and discussed by all reviewers to ensure high annotation consistencies. For 
the automatic mapping, a total number of 4,000 annotated titles were randomly split into training, development and 
test sets with a ratio of 8:1:1. A series of experimented were also conducted within each institution in an attempt to 
explore the variance of model performances between different institutions. The evaluation results presented in the 
result section was calculated based on 10-fold cross validation. The evaluation metrics used in the experiments are 
listed below: 
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𝑝𝑒𝑟𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑡𝑢𝑟𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑢𝑟𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 (1) 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑡𝑢𝑟𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑡𝑢𝑟𝑒	𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝑓𝑎𝑙𝑠𝑒	𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 (2) 

𝐹1 =
2 × 𝑝𝑟𝑒𝑠𝑖𝑐𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

(3) 

 
The maximum sequence length of the BERT model is 128 and we kept default settings for other hyperparameters 
during the experiments. 

 
Results 

Statistics of the dataset 

Table 2 shows the total number of note titles we retrieved from each institution. Titles of BCH, Columbia and Stanford 
are mainly combinations of key words that summaries the purpose and clinical specialties related to the document. 
Titles from UT Health were divided into three sections: numbers, document types and specialty. Titles from Vanderbilt 
are all recorded in capitals.  

Table 2. The number of titles collected from each institution along with examples. 

Institution Name  Number of Titles  Examples 

BCH 7400 Atopic Dermatitis New Patient Visit 

Columbia 881 Respite Care - Outpt Record 

UT Health 3232 No. Doc Type Specialty 

358259 Chart Note Orthopedic Surgery 

Stanford 3128 Outside Upper Ext US Interp 

Vanderbilt 3434 HEPATOLOGY PHYSICIAN CONSULT 

 

Figure 3 showed the tokens appearing most frequently in the word cloud. We found that the most frequently used 
tokens mainly from KoD and ToS axes. Although our titles included documents from both inpatient and outpatient 
settings, the word “clinic” that indicated the document was generated from outpatients appeared most of the time. 
Clinical specialties such as family medicine, pediatrics and anesthesia were also mentioned frequently in documents. 
Common healthcare services including admission, evaluation, communication and admission are also used in most 
note titles. 

 
Figure 3. Word Cloud for terms and phrases that appeared with top frequencies in note titles. 
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Manual Annotation 

Table 3 shows the distribution of entities for annotated titles, categorized by LOINC axes. Among the five axes, 
clinical notes are more likely to include information from ToS and SMD. Information relevant to Setting and Role are 
rarely included in clinical note titles. The numbers of entities recognized differ by institution, where Stanford had the 
least number of entities identified with while Vanderbilt had approximately 3 entities per title. 

Table 3. Entity distribution by axis for each institution. The total number of entities recognized and the number of 
entities per title were also displayed in the table. 

Institution  ToS KoD Setting Role SMD Total No. 
of Entities 

No. of 
Entities 
per title  

BCH 26% 18% 13% 4% 39% 622 1.5550 

Columbia 25% 34% 15% 4% 22% 850 2.1250 

UT Health 13% 24% 1% 9% 53% 874 2.1850 

Stanford 29% 15% 6% 4% 46% 560 1.4000 

Vanderbilt 28% 29% 8% 8% 27% 1181 2.9525 

 
Table 4 shows the coverage of each LOINC DO axis by institution. Most of the entities identified from all institutions 
could be mapped to a value from the LOINC DO hierarchy. The DO values of the Role axis showed an adequate 
coverage across five institutions. KoD was also found to have an adequate coverage of all headers annotated, as large 
portion of documents were mapped to DO values like “Note”, “Progress note” and “Report”. The ToS and SMD axes 
involved in most fuzzy matched entities, especially for titles from BCH and Stanford. Normally these entities are from 
radiology reports and more specific than the mapped LOINC DO values. For example, “NM-CT Head” can only be 
mapped to “Radiology” in the SMD axis, as there are no DO values specifying imaging methods in the current list. 

Table 4. LOINC DO Coverage by institutions, rated by three annotators for 4,000 titles. 

Institution Matching 
Criteria 

ToS KoD Setting Role SMD 

BCH Exact Match 47% 87% 90% 93% 42% 

Fuzzy Match  51% 13% 10% 7% 55% 

Not Covered 2% - - - 3% 

Columbia Exact Match 67% 81% 86% 95% 41% 

Fuzzy Match  30% 19% 14% 4% 55% 

Not Covered 3% - - 1% 4% 

UT Health Exact Match 91% 95% 94% 92% 87% 

Fuzzy Match  9% 5% 6% 7% 13% 

Not Covered 1% - - 1% - 

Stanford Exact Match 53% 83% 72% 92% 48% 

Fuzzy Match  44% 17% 28% 8% 48% 

Not Covered 3% 2% - - 4% 

Vanderbilt Exact Match 89% 86% 90% 95% 87% 

Fuzzy Match  10% 14% 9% 4% 12% 

Not Covered 1% - 1% 1% 1% 
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Automatic Mapping Performance 

Table 5 shows the overall performance of the CRF and the BERT models trained and evaluated using a 10-fold cross 
validation on the 4,000 annotated note titles across five institutions. The results show that both the BERT and the 
baseline CRF model achieved high performances in KoD, Setting and Role axes. For ToS and SMD entities that are 
more difficult to recognize due to their high variances, BERT showed improved performances over the CRF model. 

Table 5. The overall performance of the BERT and baseline models trained from 4,000 titles across five institutions.  

LOINC DO Axis Precision Recall F1 

BERT CRF BERT CRF BERT CRF 

ToS 0.7187 0.7880 0.7848 0.7270 0.7494 0.7120 

KoD 0.9076 0.9110 0.9286 0.8930 0.9179 0.9020 

Setting 0.8911 0.9190 0.9226 0.8940 0.9058 0.9060 

Role 0.8810 0.9210 0.8837 0.8610 0.8811 0.8900 

SMD 0.8153 0.8139 0.8434 0.7880 0.8290 0.8000 

 

Table 6 shows the F1 scores of the BERT prediction by institution with comparisons of the baseline model 
performance. The results show that the performance varies heavily by institution, especially the ToS aixs, where the 
performances ranged from approximately 0.4 to 0.9. The fluctuation of performance in ToS is largely due to the high 
variances of entities in this axis. Many of the entities such as “Chemical Pleurodesis” and 
“Cholangiopancreatography” appeared only once in the annotated dataset of BCH. Therefore, the model failed to 
identify such terms as entities. On the contrary, performances in ToS for UT Health and Vanderbilt are higher as they 
contained fewer professional terms related to procedures. The BERT model also demonstrated significantly improved 
performance in recognizing SMD entities for all five institutions, like it showed in the overall performance. 

Table 6. The F1 scores of the BERT and baseline models by institution. 

Institution ToS KoD Setting Role SMD 

BERT CRF BERT CRF BERT CRF BERT CRF BERT CRF 

BCH 0.4567 0.5030 0.8418 0.7010 0.8862 0.8480 0.7592 0.5780 0.7290 0.6470 

Columbia 0.6533 0.6250 0.8860 0.8600 0.8823 0.9160 0.6957 0.6670 0.7234 0.6630 

UT Health 0.8185 0.8130 0.9317 0.9340 0.9284 0.8000 0.9431 0.9420 0.9397 0.9240 

Stanford 0.5657 0.6440 0.8983 0.8520 0.8326 0.7940 0.8256 0.8500 0.7284 0.6400 

Vanderbilt 0.9165 0.9190 0.9679 0.9440 0.9544 0.9730 0.9450 0.9590 0.9487 0.9260 

 
Discussion 

In this study, we proposed and evaluated a novel NLP pipeline for mapping entities in clinical document titles to the 
five LOINC DO axes. This is the first attempt to automatically standardize clinical document types across institutions 
without accessing the document contents. From the statistical analysis we can learn that LOINC Document Ontology 
has a relatively high coverage over document titles and probably can be used as a universal standard for clinical note 
type normalization. 

Our results reveal that overall BERT achieved relatively high performance in recognizing KoD, Setting and Role 
entities, which have less varieties and appeared repeatedly in a consistent form, such as “Note”, “Clinic” and “Patient”. 
For axes such as SMD that had a large number of entities with high varieties, BERT demonstrated significantly 
improved performances while the improvements were less visible for entities in Setting and Role, which only 
accounted for a small portion of all entities recognized. Furthermore, the performance of the automatic mapping differs 
by institution, as they often deployed diverse naming conventions for note names. It has significantly better 
performances when predicting titles from Vanderbilt and UT Health. This may due to the fact that titles from these 
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two institutions were named based on a more rigorous rule that allowed entities from different axes to be arranged in 
a particular order. Of course, another reason for observed variation among institutions could be due to different 
methods used to collect titles at each institution. We plan to standardize the data collection process in our future study.  

Although LOINC DO maintains a large number of terminologies that represent narrative document titles with 
precision, there exists a certain level of overlapping between axes, particularly for SMD and ToS axis. For example, a 
large number of radiologic examinations, such as CT, MRI and X-ray, can be interpreted from different perspective: 
(1) medical imaging methods (2) a lab test to diagnose or examine patients’ health conditions. Such titles can be 
classified as both ToS and SMD. Another example is the classification of surgeries and procedures. In LOINC DO 
“Surgery” belongs to the SMD axis whereas “Procedure” is considered as a Type of Service. This increased the 
difficulty to classify entities related to surgical procedures such as “Breast biopsy” and “Hysteroscopy,” as such 
entities fit into both axes. Such ambiguities resulted in inconsistencies between annotators and may contribute to the 
less satisfying performances of the BERT-based automatic mapping in the SMD and ToS axes. In order to improve 
LOINC DO as a document standard, more specific terms should be incorporated under “Radiology” from the SMD 
axis and “Procedure” from ToS. In addition, the DO list also has several redundant values that are rarely used for the 
mapping process. For example, there are 58 values related to “Compensation and Pension” in the ToS axis. However, 
this type of information rarely appeared in the datasets used in this study and could potentially be removed from the 
current list.  

This study is only the first step to enable automatic mapping to LOINC DO as a method for clinical note title 
standardization. Ultimately, we aim to develop a multi-labeling system that can automatically assign exact LOINC 
DO values to clinical note titles, which further extended the study to a text classification task. When document content 
is available, we can further develop methods to infer document types from full-text notes. Another possible direction 
is to investigate different variants of the BERT model. In this study we used the original BERT large model pre-trained 
in the open domain. Accuracy of prediction may be further improved if we use pre-trained models trained on 
biomedical text such as BioBERT24 or ClinicalBERT25. 

Conclusion 

In this study, we developed and evaluated an NLP pipeline to identify and classify entities from clinical note titles to 
LOINC DO axes for document standardization. Our results show that the BERT-based automatic mapping achieved 
good performance over all LOINC DO axes compared with the baseline mode. It also improved performance for 
entities from ToS and SMD axes that have more ambiguities. 
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Introduction 

Despite calls for standardization of handoff content, transferring information, responsibility, and control of patients is 

inconsistent [1]. In perioperative settings, where patients are vulnerable to adverse outcomes [2], handoffs from the 

operating room (OR) to the intensive care unit (ICU) are characterized as haphazard, complex, and prone to errors [3]. 

Several strategies have been implemented to support standardized postoperative handoffs including checklists, 

protocols, mnemonics, and e-transfer tools [3]. Of these, standardized checklists are most commonly adopted and 

used, and have been shown to improve team communication and patient safety. However, recent studies have reported 

poorly sustained clinician compliance to standardized checklists [4]. Our exploratory hypothesis is that compliance 

can be improved by using evidence-based strategies that can enable and embrace OR-ICU handoff process facilitators 

while simultaneously mitigate barriers that impact handoff quality. To obtain clinician insights on the handoff process, 

we conducted a qualitative study of OR-ICU handoffs at a large academic medical center. 

Method 

Data was collected using clinician shadowing techniques during OR to ICU handoffs and using semi-structured 

interviews with clinicians. Participants (n=84) included sending OR and ICU team members comprised of circulating 

nurses, cardiothoracic surgeons/fellows, certified registered nurse anesthesia providers or anesthesia residents/fellows 

or attending anesthesiologists, ICU intensivists (i.e. attending physicians, residents, and fellows), ICU registered 

nurses or advanced practice registered nurses, and various patient technicians.  

Thematic analysis supported by an inductive-deductive coding method was used to develop themes based on repeated 

patterns among observational data and participant interview responses. Inductive coding involved a line-by-line 

review of the data followed by labeling relevant quotations and topics with data-driven open codes. Deductive coding 

involved iterative coding of the data and already identified topics using a priori codes generated from the Systems 

Engineering Initiative for Patient Safety (SEIPS) model [5], a patient safety human factors framework. Key deductive 

codes were related to the OR-ICU handoff work system components (e.g., use of Epic tool, inconsistent 

communication between clinicians, lax handoff policies within organization, distracting environment, redundant 

tasks). Themes and sub-themes were then identified within and across data, and discrepancies in coding were reviewed 

and discussed to achieve consensus across the coders (JA, AM). We traced the current process underlying OR-ICU 

handoffs, identified handoff facilitators/barriers, characterized the role and impact of current tools in Epic EHR on 

handoff quality, and identified areas for further improvement. This study was approved by the Institutional Review 

Board (IRB) and written consents were obtained for participation. 

Findings and Conclusion 

We shadowed 22 patient handoffs between OR and the following ICUs: Surgical ICU (9 handoffs), Cardiothoracic 

ICU (11 handoffs), and Neurosurgical ICU (2 handoffs). We also conducted 15 clinician interviews (5 

anesthesiologists, 1 certified registered nurse anesthetist, 2 ICU residents, 1 ICU fellow, 3 registered nurses, 1 surgeon, 

2 surgical residents). 

OR-ICU handoffs occurred at patient bedside in the ICU and were team-based, comprised of a sending OR team and 

a receiving ICU team. A step-based handoff process protocol (Figure 1 below) and a report template for the sending 

team (i.e., anesthesiology and surgery) to guide preoperative and intraoperative information transfer during handoffs 

was established to support handoff standardization in process and content [6]. Although some data could be accessed 

from the anesthesia record via the Epic EHR, there were no formal handoff documentation (in Epic or in a standalone 

system) to record the pertinent patient content exchanged during these postoperative handoffs. A telemedicine ICU 

(eICU) team remotely observed and participated in OR-ICU handoffs to document compliance to the established 

handoff process.  

All observed handoffs did not follow the standardized handoff process. We identified several perceived barriers 

impacting the OR-ICU handoff quality including ICU transfer notification failures, team member absences or early 

departures during the bedside handoff, limited awareness and education about the report templates that were used, 
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distractions and interruptions during handoffs, information transfer redundancies, breakdowns (missing, irrelevant and 

conflicting information shared by different clinicians), reliance on memory in the absence of a formal handoff 

documentation tool, limited and passive eICU role, time pressures, limited opportunities to ask and respond to 

questions, and the inability to locate, access, or understand intraoperative data due to Epic EHR view restrictions.  

 

Figure 1. OR-ICU Handoff Workflow; number 1, 2, and 3 represent the turn-taking order of verbal report. 

We also examined several facilitators that most clinicians perceived to enable high-quality handoffs including 

adherence to standardized guidance on handoff process steps, turn-taking practice for team handoffs, presence of an 

anesthesiology team at handoffs, and eICU involvement as part of the OR-ICU handoff culture. Finally, we noted 

suggestions to improve the handoff process and requirements for designing an interdisciplinary team-driven OR-ICU 

handoff tool within the Epic EHR. Key recommendations for handoff process improvements included implementing 

a transfer alert system to notify ICU teams of a potential transfer from OR, allowing early patient transfer preparation; 

reducing information redundancies and increasing efficiency by distributing the circulating nurse’s report between the 

anesthesiology and surgery providers; developing a shared information display to increase grounding in 

communication about pertinent patient information from pre- and intraoperative care including surgery, blood loss, 

vasopressors, intraoperative abnormalities, complications, and postoperative risks that can help in anticipatory 

management and contingency planning by ICU team; an EHR-integrated intelligent checklist that could auto-populate 

up-to-date information and also personalize the handoff content that is pertinent to the patient; and lastly, leveraging 

the invaluable role of eICU in bringing in a fresh eye perspective, policing information transfer to identify information 

gaps and also providing clinician summary feedback on their handoff performance. In the presentation, we will discuss 

the implications of this work including design ideas for personalized decision support tools for safe care transitions.  
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Introduction 

Today, nearly 1 in 10 adults 60 years or older experience elder abuse, or elder mistreatment, nationwide, yet only 
about 1 in 24 cases generally become known to authorities1. Elder mistreatment is a widely underreported public 
health issue that affects older adults regardless of race, ethnicity, cultural background, education, or socioeconomic 
status. The most common forms of elder mistreatment include neglect, abandonment, financial exploitation, as well 
as physical, emotional, and sexual abuse1. Despite a 3-fold increase in mortality risk for older adults who are 
experiencing mistreatment, research is limited, and an agreed-upon standard for screening is lacking2,3. The projected 
population of adults 60 and older is expected to more than double by 2050, highlighting the need for a feasible and 
acceptable solution to facilitate and increase identification of elder mistreatment cases4.  

Methods 

Our team is developing and testing a web-based digital health tool for use on tablets to assist older adults in self-
identifiying and self-disclosing elder mistreatment. The Virtual cOaching in making Informed Choices on Elder 
Mistreatment Self-Disclosure (VOICES) tool was built to place the screening process in the hands of the patient, 
rather than the provider. The VOICES tool is personalized to offer each patient their own private, customized 
experience, which includes various multimedia elements such as text-to-speech, videos and animations designed to 
educate, identify and screen the older adult for mistreatment (Figures 1, 2). VOICES aims to tackle the complex and 
multi-faceted array of barriers preventing self-disclosure by guiding the older adult through a standardized screening 
process and educational model, including Brief Negotiated Interviewing (BNI), with the goals of facilitating 
recognition of harmful behaviors and conveying that the consequences of mistreatment could be avoided through 
disclosure.  
 

         
Figure 1. Educational Model concept: Categories of mistreatment 
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Figure 2. Educational Model concept: Selected mistreatment category pop-up 

Results 

We conducted a front-end usability evaluation with 14 older adults to test the VOICES tool on an iPad. Participants 
were 60 years or older, ranging in experience with comfort in using technology. When asked for their confidence in 
their ability to use a new technology, answers varied from 0 (“Not Confident At All”) to 10 ( “Very Confident”), 
with an average score of 7.1. Overall feedback from the usability study was positive—100% of participants 
suggested they would recommend the VOICES tool to others. Participants also indicated that the tool interface was 
easy to use and understand, and all 14 participants were able to complete each task. When asked whether each task 
was easy to complete, the mean score was 4.9 on a 5-point Likert scale ranging from 1 being “Strongly Disagree” to 
5 being “Strongly Agree”.  No major issues were recorded, and suggestions were made for minor improvements, 
including aesthetic choices and adjustments, such as particular wording.  

Discussion 

In the absence of a golden standard for screening and identification of elder mistreatment cases, VOICES seeks to 
uniquely shift the focus of current practices. VOICES aims to empower older adults by placing solutions to major 
barriers of self-identification and self-disclosure in their hands, rather than focusing solely on the provider for 
encouraging the older adult to disclose. By utilizing a multi-faceted user-centered-design (UCD) approach through a 
digital health tool offering a combination of screening, educational content, and Brief Negotiated Interviewing 
(BNI) techniques, older adults may feel more comfortable understanding and disclosing their mistreatment to 
healthcare professionals. 

Conclusion 

Our tool represents an innovative paradigm shift in identifying elder mistreatment by focusing directly on the older 
adult rather than the healthcare provider. The VOICES tool has the potential to revolutionize the screening process 
for EM and facilitate overcoming major safety and ethical concerns associated with current traditional methods of 
the EM screening. 
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Introduction 

Personalized decision support using sophisticated computational machinery have great potential but have not seen 
substantial success. In critical care settings, where decisions have immediate and high impact consequences, decision 
support does not include physiologic forecasting and control is implemented via non-personalized protocols. We 
confront two roadblocks preventing the use of personalized forecasting in critical care, estimating models with sparse 
data and providing interpretable model output, by incorporating external knowledge into forecast and control 
machinery. Using glycemic control in critical care as an example, we focus on forecasting blood glucose and 
estimating an optimal insulin dosage to maintain glycemic homeostasis. Glycemic management  in an ICU is difficult, 
time consuming, and important because it affects outcomes [1]. The glucose-insulin system is primarily governed by 
nutrition, insulin, and blood glucose; secondary drivers of glucose regulation include the liver, adipose tissue, stress, 
medications, infection, non-insulin hormones, and diseases such as diabetes. In an ICU, continuous infusion of 
nutrition, interventions, illness, etc., make glycemic dynamics complex, consisting of noisy oscillations that change 
quickly and have no equilibrium [2]. The data collected are sparse; only glucose, nutrition, and medications are 
measured, making the system underdetermined for inference using data alone. As a consequence, we must use human 
knowledge to make up the gap in data. We show two pathways for achieving this: constraining inference with human 
insight and constructing a model that treats the unobserved states as an estimated noise process. We evaluate these 
methods in two ways, first, with a forecasting task—evaluating a model’s ability to predict future glucose values—
and second, with an optimal treatment task using model-based control machinery to estimate the optimal treatment 
strategy—here insulin dose—and compare the computed strategy with the state-of-the-art.  

Methods  

We use retrospectively collected real-world data that are realistically available in an ICU setting —including blood 
glucose measurements captured roughly once an hour, insulin administration, and nutrition administration including 
tube-feeds, IV glucose bolus to correct for hypoglycemia, and IV glucose given via medication delivery. Inference is 
preformed with data assimilation [3]–[5] (DA), a type of machine learning that estimates mechanistic physiologic 
models (parameters and covariates) to model and forecast physiology. DA estimates states, e.g., glucose, and 
parameters, e.g., insulin secretion, in real time as data arrive and, in doing so, continuously models physiology and 
synchronizes the model with the physiologic system it is meant to represent. In particular, we use Kalman filters, joint 
ensemble Kalman filters (EnKF) and constrained EnKFs (CEnKF) [6], as well as constrained simplex-method 
optimization. The model-based control is built using a Linear Quadratic Gaussian (LQG) controller, which is 
essentially a linear quadratic regulator (LQR) coupled to a linear quadratic estimator (i.e., a Kalman Filter). The DA’s 
rely on two models, the ultradian endocrine model [2] that can take blood glucose, insulin, and carbohydrates as inputs, 
and has 30 other physiologic parameters, and a recently developed stochastic model that takes blood glucose and 
administered nutrition and insulin. We choose the parameters to estimate using the Houlihan method [7]. Clinical and 
physiologic knowledge are incorporated through the constraints on the DA and the controller. 
 
We evaluate these methods using two experiments. In experiment one—used to evaluate forecasting—we treat the 
data as if they arrive in real-time and forecast future blood glucose and evaluate forecast accuracy. In experiment 
two—used to evaluate the controller—we create virtual patients estimated using real-patient data and implement both 
the control and current standard control approach, a flow chart, by using the mechanistic models. In both approaches, 
at their respective intervention times, we estimate the optimal amount of insulin infusion rates and use this rate as an 
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input to the model to simulate BG levels to 
evaluate and compare the efficacy of the two 
approaches. We perform this experiment with 
virtual patients anchored to real data with the aim 
of generating a large number of patients and to see 
if we can obtain better results than current control 
approach on average. Both experiments were 
evaluated in two ways. First, we estimate the mean 
squared error between glucose forecasts and 
measurements and the percentage of glucose 
measurements that lie within the forecast 
ensemble. The controller and protocol were 
further evaluated based their ability to keep blood 
glucose in the prescribed range. 

Results  

Forecasting: For the EnKF without constraints, 
10-20% of patients could be accurately estimated 

(defined as >90% of measurements lie within the forecast ensemble) by the DA’s with <24 data points; 40-60% of 
patients can be estimated with >100 data points; the remaining patients never converge. Applying the CEnKF allows 
80% of patients to be estimated within 20-30 data points. The simplified model, where constraints are both implicit 
via the model simplicity and explicit via constraints on parameters, is able to estimate all patients well with one day 
of data, but this model is less informative because it has lower fidelity or less mechanized physiology so fewer 
interpretable parameters.  

Control: The LQG controller, which uses the simplified stochastic glucose model with available clinical data for a 
given patient treated as if it arrives in real time, estimates the optimal insulin IV rates needed to achieve target glucose 
levels. Based on simulating new actions on real glucose data, the standard flow-sheet protocol for ICU insulin 
management placed glucose in the target region 71% of the time; the LQG controller did so 96% of the time. 

Conclusion  

The results suggest four conclusions that will generalize to computational decision support systems in critical care. 
First, clinical and physiologic knowledge can be incorporated into forecast engines to achieve more accurate 
prediction. Second, the success of these constraints is important because it opens the door to using more types of 
knowledge about a given system to overcome data-sparsity issues. Third, control machinery—computational methods 
for calculating optimal treatment strategies—can potentially be formulated to assimilate knowledge to produce 
personalized treatment strategies that outperform current protocols in a critical care setting. And fourth, while the 
knowledge incorporated into the computational machinery depends on the clinical application, the ideas and methods 
developed to assimilate knowledge into the computational machinery will generalize across clinical applications. 
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Figure 1 CEnKF ICU glycemic forecasting showing the path to 
convergence from admission (time in days); most measurements lie 
within the forecast ensemble after the first day. 
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Introduction 
The Living µBiome BiobankTM (LµBBTM) system has been designed to overcome the burdens and costs of establishing 
traditional microbiology biobanking by enabling just-in-time access to phenotyped surplus microbiology specimens 
and microbiome assay data acquired from those specimens. The current design (https://livingbiobank.musc.edu) 
allows consumers at multiple sites to request desired phenotype microbiome and clinical data generation from the 
single producer site at Medical University of South Carolina (MUSC). The request is supported by informatics 
infrastructure at MUSC and culminates in the consumer receiving de-identified clinical and assay data. As the utility 
of LµBBTM is demonstrated, so is the need to allow for multiple producer sites to generate data in a secure and efficient 
manner. We posit that the network architecture for LµBBTM service will enable implementation of multiple-producer 
and multiple-consumer phenotyped microbiome specimen data request and fulfillment across participating (Clinical 
and Translational Science Awards) CTSA network hubs. 
Methods 
The network architecture of the LµBBTM is enabled by an ensemble of informatics tools supported by National Center 
for Advancing Translational Sciences (NCATS), including CTSA Accrual to Clinical Trials Network (CTSA ACT 
Network (1)) Shared Health Research Informatics Network (SHRINE (2)) i2b2 (Informatics for Integrating Biology 
& the Bedside) instance (3, 4), Service, Pricing, and Applications for Research Centers (SPARC) system (5). The 
architecture likewise integrates with National Library of Medicine National Center for Biotechnology Information 
(NLM/NCBI) supported repositories for public research data, such as the Short Read Archive (SRA). 
Results 

Figure 1. Comprehensive architecture for multi-site Living µBiome Bank network of sites sharing phenotyped microbiome data. 

The proposed architecture, outlined in Figure 1, includes the following interacting components: 
Central LµBBTM application serves as the entry point for investigators and honest brokers in accessing the LµBBTM 
functionality. The application communicates with other components both within the demilitarized zone (DMZ) and 
within the firewalled areas of the producer sites. The investigators use this application to submit requests to the 
network producers. The honest brokers at producer sites use this application to fulfill the requests.  
Single sign-on integration allows the users of the network federated access to the application using the authentication 
infrastructure already deployed at their institutions. The InCommon (6) provides integrated service and software 
solutions for single sign-on for seamless collaboration for students, faculty, staff, and researchers. 
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Appliance application resolves the issue of sharing patient data across the institutional firewalls. The implementation 
of the appliance architecture keeps the producer sites in control of their sensitive data assets, while allowing essential 
data to be exchanged with the central LµBBTM application via a common application programming interface (API). 
The API allows for interoperability across hubs, but flexibility to adapt to implementation details at each site.  
SPARC integration supports the request fulfillment and tracking capabilities of the system in a standard way, accepted 
at many CTSA hubs. For sites not currently deploying SPARC, a cloud-based federated solution will be available as 
an experimental platform to supply these capabilities. 
ACT SHRINE i2b2 serves as a convenient solution to the problem of adapting and exchanging phenotypes across hubs. 
The LµBBTM consumers will submit their queries via ACT SHRINE, which (i) serves as the initial feasibility indicator; 
and (ii) makes these queries automatically available at all potential producer sites. The user with the assistance of 
LµBBTM navigator will then have the ability to select some or all sites to fulfill their request. 
NIH NCBI Sequence Read Archive (SRA) will serve as the final destination for quality assured microbiome data. The 
FASTQ formatted de-multiplexed sequences will be deposited at the SRA satisfying both the requirement to publicly 
deposit research data and serving as a common way to access the µBiome Informatics pipelines. The SRA accession 
number will also serve as a persistent identifier of the raw data for each phenotype. 
µBiome Informatics incorporates best practices in upstream bioinformatics analysis of microbiome data, implemented 
using the amplicon sequence variant-based pre-processing of the sequencing data (7), rational normalization 
techniques (8), robust multivariate analysis (9-12), and evidence-based machine learning method application (13, 14).  
µBiome Data Lake is the final destination and the beginning of the new life for the phenotyped microbiome data. It 
serves as a repository for storage and reanalysis of the precious translational data resources generated by the LµBBTM 
in a centralized place to ensure adherence to FAIR principles for scientific products generated with LµBBTM.  
Discussion 
The designed architecture represents the state-of-the-art of informatics tools supporting interoperable multi-site 
translational informatics collaborations. The informatics subdomains invoked in the implementation of the LµBBTM 
network include: phenotyping, clinical informatics, pathology informatics, bioinformatics, and knowledge discovery 
and data mining.  
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Figure 1. Architecture of Counterfactual !-GAN. G denotes the 
generator, which takes as input, noise. V1  and V2  denote the 
variational functions. Balancing weights are derived directly 
from the variational functions. 
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INTRODUCTION. Causal assessment often relies on the framework of counterfactual inference. In this framework, 
each  unit, i, has a potential outcome given that they received a treatment and a potential outcome given that they 
received a control – Y1,i and Y0,i, respectively. This framework seeks to contrast the outcome, Y, for an individual 
under these two hypothetical states.1 The effect of the treatment (T) on the outcome is then summarized by 
calculating population-level effect estimates, such as the average treatment effect (ATE), which is defined as the 
expected difference in outcomes, ATE =  E[Y1 -Y0] . Estimating this requires access to the outcome for the state in 
which units were not assigned (i.e., E[Y0|T=1] and E[Y1|T=0]). In practice, however, these true counterfactuals are 
never observed as an individual cannot simultaneously be both treated and untreated. This is known as the 
'fundamental problem of causal inference.' Therefore, approximations for these unobserved states are made using 
proxy populations. These approximations seek to construct populations such that the observed ATE,  !"#$, is 
unbiased and equals the true ATE that would arise from a counterfactual population. A sufficient condition for 
unbiased !"#$, estimation is that E[Y1|T=1]=E[Y1|T=0] and E[Y0|T=0]=E[Y0|T=1]. Within the counterfactual 
framework, this equality is central to the assumption of strong ignorability --  %!(1), %!(0) ⊥ 	"! . This assumption 
states a unit’s assignment to a treatment is independent of that unit’s potential outcomes, Yi, and that treatment 
assignment is, therefore, ignorable. In the absence of confounding, causal claims borne from data that satisfy this 
requirement are regarded as unbiased as factors that could induce a dependence between Yi and Ti are equally 
represented in the treatment and comparator arms. Consequently, the distribution of features is the same in both 
arms and are said to be balanced. Other assumptions, such as positivity and the Stable Unit Treatment Value 
Assumption (SUTVA), are also necessary and assumed to be true.1 
 

Matching and weighting are popular pre-analysis manipulations to approximate the unconditional form of strong 
ignorability in observational populations. These methods create pseudo-populations in which the assumption is met 
without need for further manipulation. Arguably, the most common strategy for weighting is by the inverse of the 
probability of treatment, also known as inverse propensity weighting (IPW); though other methods exist. A 
commonality among these methods is that they implicitly or explicitly all specify a distribution function, P, that 
identifies the population in which strong ignorability is upheld and which the expectation of the ATE is taken with 
respect to. This choice of distribution can lead to high variance effect estimates in circumstances where there are 
regions of poor overlapping support between the treated and untreated populations. An effect of this is often 
observed in the context of IPW analyses with instability due to propensity scores near zero or one.    
 

THE MODEL. We propose the Counterfactual .-GAN (cGAN) that uses an adversarial approach to learn a 
distribution that trades off coverage and effect estimate variance for two or more observational study arms. This 
approach learns stable, balancing-weights without reliance on the propensity score. The target distribution, P, is 
identified by minimizing the Pearson .2-divergence between P and the sampling distributions Qa for each study arm. 
To our knowledge, this is the first such application of the Pearson	.2-divergence. Because P is being compared to all 
study arms, this encourages coverage, while, as we will show, the .-divergence inherently minimizes the variance of 
importance sampling estimates of the ATE. The cGAN is inspired by 
generative adversarial networks (GANs) – a deep learning architecture that 
pits two neural networks against each other  to learn a generative 
distribution which models a dataset. Traditional GANs employ a single 
generator that transforms noise into samples of the target data, and a 
discriminator which classifies samples as from the dataset (real) or from 
the generator (fake). Over time, the generator produces increasingly good 
forgeries that the discriminator is not able to detect.2 The cGAN uses a 
variation on adversarial training to learn balancing weights for two or more 
populations. Unlike the traditional GAN, the cGAN architecture employs a 
single generator, / that parameterizes the target distribution, P, in which 
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Figure 2. Results of Simulation, a projection of two features (A) Population 1 and Population 2; (B) 
Highlighting data generated from the subpopulation A; (C) Population 1 and Population 2 with a sample 
from the generator; (D) data from (A) with opacity adjusted by weight; higher weights have higher opacity, 
lower weights have lower opacity or are entirely transparent.  

Table 2. Results of application to clinical  
Data (PS= propensity score) 

strong ignorability is upheld; and two or more variational functions, given by 0, which correspond to a comparator 
population. Each 0 functions as a discriminator, detecting whether samples are from their respective population or 
/. The use of variational functions rather than a traditional discriminator allows for (i) the minimization of the χ-
divergence and (ii) the direct derivation of balancing-weights. During a training iteration, for each population A, an 
unweighted batch of patients from the empirical treatment group is sampled (1"!); at the same time, / produces a 
forged sample of P, 1#. Each 0$ is trained on 1# 	to predict whether the samples are forged or real;  and the generator 
is trained to produce more convincing forgeries. This two player game minimizes the .-divergence between 1# and 
1"!. The solution to this objective function for the cGAN is given by 234567	∑ .(1#(9) ∥%

$&' 	1"!(9$)). 
EXPERIMENTATION. To evaluate the cGAN, we present results of a simulation and application to real-world data. 
Simulation. To evaluate the cGAN when the ground truth is known, we applied the model on simulated data of two 
populations/treatment arms, A=2. Each population was comprised of two subpopulations. Each subpopulation 
contained 10 features, drawn from a randomly generated multivariate normal distribution with a normal-Wishart 

prior distribution. Population 1 was 
composed of an equal number of samples 
(N=1000) from subpopulation A and 
subpopulation B; and Population 2 was 
composed of an equal number of samples 
from subpopulation A and subpopulation C 
(N=2000). By construction, subpopulation A 
is a latent population associated with a 
natural experiment, since it is part of both 
Population 1 and 2; this subpopulation 
should have higher weights. We additionally 
simulated a continuous outcome according to 

the subpopulation of origin -- Pop 1A ~ Gaussian (60, 1); Pop 1B ~	Gaussian (40, 1); Pop 2A ~	Gaussian (-10, 1); 
Pop 2C ~	Gaussian (10, 1). Under this outcome function, the ATE under the mixture distribution of Pop 1 and Pop 2 
is 50. When estimating the ATE under the overlapping subpopulation distribution -- those from Pop 1A and Pop 2A 
-- the ATE is 70. We applied weights from the cGAN and comparators (listed in Table 2) to the simulated outcomes 
to assess the ability of the weighting methods to estimate one of the two ATEs. Results. A few results of the 
simulation can be seen in Figure 2. The mean weights of units from subpopulation A were 4.997e10-4 and 4.992e10-4 
in both Populations 1 and 2, respectively. Units from other subpopulations have near negligible average weights 
(1B: 2.557e10-7, 2C: 7.863 e10-7) and would not meaningfully contribute to expectations the ATE. This is further 
demonstrated by Figure 2 (D), in which only points from SubPopA have high weights and remain visible. By 
construction, the causal effect of the comparable subpopulations is 70. cGAN-weighted data produced the least 
biased ATE, of 70.01, where comparator methods produced more biased ATEs, ranging from 37.5 to 104.13. 
 

Application to Clinical Data. We additionally applied the cGAN to an experiment 
using real-world clinical data from a large, academic medical center. For this 
experiment, we constructed the treatment and comparator cohorts according to the 
protocol and indication of a published randomized clinical trial. The experiment 
compares sitagliptin and glimepiride in elderly patients with Type II Diabetes Mellitus 
(N=144 per arm). We present the 37 most frequent clinical measurements from the 
electronic health record. We evaluate the ability of the cGAN to improve feature 
balance by comparing the Absolute Standardized Difference of Means (ASDM) 
between the treatment and comparator cohorts under different weighting methods. The 
ASDM is a popular method of assessing cohort similarity, with a lower metric 
corresponding to improved feature balance. Results. The results of this experiment can 
be found in Table 2. They demonstrate that cGAN-weighting achieves better feature 
balance than comparator methods.  
 

CONCLUSION. The experiments presented here suggest that cGAN is an effective method of learning feature 
balancing weights to support counterfactual inference. If we assume that all potentially confounding variables are 
observed, the superiority of cGAN in learning balancing weights, suggests that ATE borne from cGAN-weighted 
cohorts would be less biased than those estimates generated from traditional weighting methods 
 

1. Rubin, D. B. 1974. Estimating causal effects of treatments... Journal of Educational Psychology 66(5):688–701. 
2. Goodfellow, I. J. 2014. Generative Adversarial Networks.  https://arxiv.org/abs/1406.2661 
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Introduction 
Electronic health records contain a wealth of information about a patient’s health. However, much of this                
information is stored as unstructured narrative text. Accessing this information requires natural language             
processing (NLP) techniques that can extract knowledge from the text. Named Entity Recognition (NER)              
and Relation Extraction (RE) automatically identify mentions of salient entities and the relationships             
between them in text, making them accessible to computerized systems. This makes NER and RE vital                
components of many applications, such as information retrieval, question answering, and clinical decision             
support. NER and RE are traditionally performed sequentially, where entities are first identified through              
NER and the relations between the predicted entities are inferred by RE. Recently, deep learning systems                
have shown great success in both tasks. However, they have drawbacks when applied sequentially. (1)               
Sequential application does not allow the two tasks to inform each other. (2) It is computationally wasteful                 
since NER and RE duplicate some of their processing. (3) Errors in NER directly limit performance in RE.                  
Multi-task Learning (MTL) architectures address these limitations (1) by allowing the two tasks to be               
learned jointly (i.e., simultaneously) and to inform each other, (2) by eliminating redundant work, and (3)                
by eliminating cascading errors. MTL approaches have shown great success for joint NER/RE in the               
clinical domain.1,2,3 Past joint NER/RE methods use contextual language models to build representations of              
relations using only the entities and do not explicitly include their context. This results in significant                
reliance on the language models to encode relation information. 
We hypothesize that explicit integration of contextual information into an MTL framework would             
emphasize the significance of context for boosting performance in joint NER/RE. We create an MTL               
architecture that uses a novel average pooling operation on the word embeddings before, between, and               
after both entities, in addition to both entities, providing additional context to the RE classifier. Combining                
this idea with MTL creates a model capable of accurately predicting both named entities and the                
relationships between them, all while using  additional context for each relationship inference. 
 

Methods 

Inspired by the context representation of Luo et al.4, we segment sentences into the two entities along                 
with the words before, between, and after those entities in order to represent context. Different from Luo                 
et al.4, we pool on non-overlapping segments creating vector representations which explicitly include the              
surrounding context. Soares et al.5 and Wu & He6 introduce the use of pooling operations on the                 
embeddings of entities for use in relation extraction. We extend this idea beyond only the entities to                 
include the surrounding words by applying average pooling to the segments before, between, and after               
both entities. Additionally, we assume a single sentence can contain many relationships and thus train the                
system to produce meaningful relationship representations without reliance on special tokens to mark the              
entities since doing so can exponentially increase compute time. We integrate this context representation              
and the RE system with a bi-directional Recurrent Neural Network (RNN) for NER to form our MTL                 
architecture. We evaluate the architecture on the 2010 i2b2/VA dataset7, achieving promising results. 
In Figure 1, we show that our system takes a single sentence as input (1) and outputs the named entities                    
(6) and relations (9) appearing within the sentence. Without preprocessing, our system uses BERT8 (2) to                
build context specific representations of each word (3). Embeddings generated by BERT are passed into               
a three layer, bidirectional RNN (4) with a Tanh activation function then to a FFNN (5) with a ReLU                   
activation to infer the entity type (6). When training, BERT embeddings and entity boundaries are input to                 
the RE system. Using the entity boundaries, the RE system novelly segments the sentence (7) into five                 
pieces then conducts an average pooling operation (7) on each segment to generate embeddings of a                
consistent size. These embeddings are concatenated to create a single relation representation which is              
passed through a FFNN (8) with a ReLU activation function to infer the relation type (9). Adam optimizer                  
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and Cross-Entropy Loss are used for both NER and RE. Back-propagation is done using the summed                
error of both tasks. Argmax is used to select the predicted class for both NER and RE. 

 
Figure 1: Diagram of our jointly learned NER and RE system. The BERT language model is a 12 layer, self-attention                    
neural network (2). NER system uses a 3 layer RNN (4) followed by a single layer FFNN (5). RE system uses average                      
pooling (7) and a single layer FFNN (8). 

 

Results 
We utilized the 2010 i2b2/VA concept and relation classification challenge dataset7 for learning entities              
and relations. The dataset is composed of clinical notes annotated for mentions of problems, tests, and                
treatments along with their relationships. We used 80% of the training data for development and training,                
20% for validation. Reported results use the held-out test set of 2010 i2b2/VA challenge. When training,                
we used a batch size of 32 due to memory limitations, learning rate of 1e-5, and early stopping threshold                   
of 10 epochs. Downsampling was done by entity pair combination such that positive and negative               
problem-to-problem relations were 1:4, test-to-problem was 1:2, and treatment-to-problem was 1:1. 
Using the above architecture we created NER and RE classifiers with performance close to the state of                 
the art (SOTA). The 2010 i2b2/VA RE task7 used micro-averaged F1 score for the RE and NER tasks,                  
and exact entity matching for NER. SOTA performance for RE is 73.7 F19 while ours achieved a 72.97                  
F1. For NER, the single model SOTA performance is 86.84 F110 while ours yields 85.43 F1. The joint                  
NER/RE performance is measured by the RE system’s F1 score when using the NER classifier’s               
predicted entities. We achieved a 49.07 F1 score while the SOTA system achieved a 48.4 F19. 
 

Discussion 
We developed a novel MTL approach to address problems inherent to sequential NER and RE systems                
by jointly learning both tasks in unison using a method to explicitly incorporate context into the RE                 
classifier. Future work includes experimentation with architectures that utilize attention mechanisms in the             
RE classifier and measuring the architecture’s performance on a broader spectrum of clinical datasets.  
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Introduction 

Handoffs (or sign-outs) are the transfer of accountability and patient information from one healthcare provider to 
another. Errors during handoffs are common with potential repercussions on patient safety and quality of care. The 
ISBAR (Identity, Situation, Background, Assessment and Recommendation) acronym is a well-studied mnemonic to 
help improve the content of handoffs.1 We hypothesize that handoffs already include some ISBAR components, thus 
our aim was to study the extent to which the handoff communication content is sequentially congruent with ISBAR 
and to explore whether the level of experience or the type of medical specialty affect the handoff structure.   

Sequence analysis which allows for examining temporal relationship between activities and ensures right activities 
are performed at the right time is a challenging task.2 Qualitative data analysis is useful to understand a phenomenon 
in context, but do not sufficiently support sequence analysis. The qualitative data analysis tools can facilitate coding, 
linking, mapping of the data and querying in large datasets, but lack visual or statistical tools for sequence analyses. 
We used a novel approach to conduct sequence analysis using qualitative data to provide insight into future handoff 
training and the improvement of handoff support tools.  

Methods 

We conducted a secondary analysis of the transcriptions of simulated verbal sign-outs of twenty-one internal and 
family medicine physicians from a teaching hospital in a simulated nightshift setting. Eight fictitious patient cases 
were created. The simulation includes receiving the handoff of four of the eight fictitious patients, then participants 
were given access to the EHR, and received a page for each patient by ward nurses. After managing these situations, 
they signed out their four patients to a study investigator. Sign-outs were transcribed and coded in Atlas.ti using in-
depth thematic analysis. Codes were grouped into the ISBAR themes. Each code group then was assigned a time stamp 
to preserve the temporal order (within a hand-off instance) of the codes that were identified in the thematic analysis. 
Time stamps were estimated using letter counts of the transcript. The list of time-stamped code groups were analyzed 
using Eventflow3, which provides aggregated summaries of sequential data patterns in an interactive visual way. We 
describe the sequences of themes for each case, then compared sign-outs of residents vs attendings, and of internal 
medicine vs family medicine doctors. In this study, we present the analysis of three of the total eight patient cases. 

Results 

This dataset of three cases had 34 handoffs by nine attendings and eleven residents. Five physicians were from family 
medicine, the other 15 were from internal medicine. The duration of each handoff was on average 144 seconds (range 
from 44 to 279 seconds). A total of 909 codes in Atlas.ti were grouped into I elements, nursing page and SBAR themes 
for each case. The sequence analysis with EventFlow showed high use of the SBAR structure, with differing 
proportions of each SBAR theme by case. Case 1 had a higher proportion of R elements (44.3% of Case 1 codes), 
whereas Case 3 had more S elements (58.0% of Case 3 codes). Figure 1 presents the sequences of the three cases. 

Although ISBAR elements were used, the sequence was more often IBSAR. Not all participants mentioned 
Background elements, in particular in Case 2, where Situations elements were predominant. Participants gave many 
recommendations, especially in Case 1. Of note, the different elements of a group were often given in many short 
sequences, rather in a single block. These short sequences were often alternations either between A and R elements, 
or between S and R elements: recommendations were given immediately after making a point (A or S), and were not 
grouped at the end of the sign-out. All but two participants (both with Case 1) specifically mentioned the nursing page 
during the signout. 

When comparing handoffs for a case by level of experience, attendings tended to be briefer, and to give more 
recommendations, while residents gave more S elements. When comparing medical specialties across all three cases, 
internal medicine doctors tended to give a longer handoff, providing more recommendations. Family medicine doctors 
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however had a more systematic use of B elements early in the sequence (IBSAR), whereas internal medicine doctors’ 
use of B elements were more often spread out later in the handoff process. 

 
Figure 1. Case analysis by sequence. Each block in Y-axis represents a participant’s hand off and X-axis represents time. Each 
color bar represents a transcription note for one of the ISBAR components. Different colors represent different components: green 
for Identity, Pink for Situation, Blue for Background, Brown for Assessment and Yellow for Recommendation. 

Discussion 

Design implications for our findings arise from the suggested reasoning process, and relate to the daily patient record 
documentation process. The doctors in our sample seem to give recommendations shortly after discussing A and S 
elements, rather than grouping R elements at the end. Current progress notes and other clinical documentation is often 
problem-based, where daily findings (physical exam, labs, imaging, etc.) are followed by an assessment and plan. 
Many of these elements are present elsewhere in the chart. We could consider ways to support grouping the content 
for each problem in a separate sign-out view. In a problem-based view, detailed information about the various SBAR 
elements can be entered, whereas in the sign-out view, a grouped view of the ISBAR elements would allow for an 
overview of patient’s current situation.  Elements from S and A need to be entered or revised (i.e. vital signs), whereas 
I elements are redundant with the chart. Certain B elements could be suggested or chosen from the existing problem 
list (relevant past medical history for this given situation), and R elements can combine elements that may remain 
valid over several shift handoffs (anticipated problems, for example), an action list, and working hypotheses that need 
to be kept updated at each shift. Grouping these R elements would seem particularly interesting to help avoid skipping 
important points. 

Limitations for our study include case specificities, due to the small number of cases included, and will be partly 
addressed with the full analysis of the 8 cases. Low B element use, for example, may be due to case specificity. Other 
findings such as high use of R elements could be related to the perceived status of the person the handoff is being 
given to: since the level of experience of the handoff receiver was not specified, participants either asked for this 
information or were told to presume that the receiver was a junior doctor, with no prior knowledge of the case. This 
could bias the participant to emphasize certain R elements.  

Conclusion 

Our in-depth thematic and sequential analysis provide new insight into the handoff content, and provide suggestions 
for improvement. First, we note that many of the recommended ISBAR structure elements are already present in 
handoffs, even if the order of these elements may vary (IBSAR). We explored design implications to support and 
facilitate the handoff process, based on a problem-based documentation. Finally, our results underline the need to 
develop new tools for a combined approach with sequential and thematic analyses, since we had to combine two 
software programs to achieve this. Future research should focus on how technology and training interventions can 
help clinicians organize their sign-outs better, as well as in developing new qualitative analysis support tools 
combining sequential and thematic analysis. 
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1. Introduction 
Electronic Health Records (EHRs) contain millions of patient records across billions of visits, including details such 
as laboratory values, medications, procedures, diagnostic imaging, clinical notes, and demographic data. Previously, 
several disease-environment correlation studies have been performed using EHRs. The first was Patel et al.'s 
EWAS: Environment-Wide Association Study [1]. Others have studied environmental challenge in disease 
progression [2], thyroid cancer in Vermont [3], and air pollution in Italy [4]. We conducted several studies 
investigating the relationship between birth season and disease risk [5]. Together, these methods demonstrate that 
informatics can overcome EHR biases and be used to probe disease effects of environmental exposures. However, 
they fall short in that they assess environmental exposures that are always present (e.g., air pollution) rather than the 

effect of an environmental disaster on disease.  
Environmental disasters are catastrophic events 
that affect human health directly. The typical 
epidemiology framework for studying 
environmental disasters includes conducting 
interviews of the exposed and affected 
populations, surveys to collect health outcomes, 
and in many cases review of health records. A 
recent environmental disaster in the United 
States of America (US) involves perfluoroalkyl 
substances (PFAS). PFAS are anthropogenic 
persistent organic pollutants resistant to 
degradation and high heat. PFAS persist in the 
human body up to 10 years following exposure. 
PFAS were detected in the Philadelphia area 
(Horsham-Warminster-Warrington), between 
2014 through May 19, 2016. Overall, three of 10 
water utilities with the highest nationally 
recorded PFAS levels were found [6]. EHRs 

contain a treasure-trove of data that can be used for studying the health impacts of environmental disasters in a given 
population, if the appropriate informatics methods are applied. 
This purpose of this study is to present a proof-of-concept detailing how EHRs can be used to study the impact of 
environmental disasters. We compare the results generated from our EHR-only study to those from carefully curated 
epidemiology and government-based studies to demonstrate that we can effectively capture the health impacts of 
environmental disasters using EHR data only. This study is association based and does not determine causality. 
2. Methods 
For the purposes of this proof-of-concept study, we focused on women living in the three towns that were exposed 
to extremely high levels of PFAS. These towns are Horsham, Warminster and Warrington [6] referred to as 
Horsham-Warminster-Warrington throughout this study. Using patient address, we linked patients to their precise 
geolocation within the Horsham-Warminster-Warrington area for visualization purposes (Figure 1). We used zip 
code information to extract patients in exposed regions for our association analyses. We analyzed inpatient EHR 
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Figure 1. Heatmap showing PennMedicine patients living in Horsham-
Warminster-Warrington, PA along with PFAS contamination sites  
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diagnosis information contained in International Classification of Diseases (ICD) coding schema versions 9 and 10. 
We then performed Fisher's exact test to determine the association between disease/condition/symptoms codes 
having at least 100 patients. We compared the frequencies between those heavily exposed to PFAS vs. the overall 
cohort of patients treated at PennMed. Our approach was not 'hypothesis-free' because we focused on diseases 
already linked to PFAS exposure. The University of Pennsylvania's Institutional Review Board approved this study. 
3. Results 
We successfully replicated all 5 of the diseases known to be associated with high PFAS exposure among women 
visiting PennMed that were heavily exposed to PFAS (Table 1). Overall, these results demonstrate that clinical 
outcomes known to be due to high PFAS exposure in the literature are extractable from EHRs.  

4. Discussion 
Epidemiology studies focused on environmental disasters – such as PFAS exposure in Horsham-Warminster-
Warrington are expensive and often limited to a particular disease area, such as cancer. The power of using EHRs to 
study environmental disasters such as PFAS, is that a wide range of health outcomes can be relatively quickly 
explored in an EWAS-style manner [1]. The purpose of this current study is to serve as a proof-of-concept to 
demonstrate that we can replicate the known diseases associated with PFAS exposure in gold standard 
epidemiologic studies. We demonstrate that EHRs are a powerful tool that can be used by public health investigators 
who are interested in studying disparate health outcomes. This current study demonstrates that water-based 
exposures are possible to study using EHRs and our prior research has investigated air pollutants using EHRs [5]. 
Limitations remain for environmental research even when using EHRs because diagnostic coding is not perfect, 
however, survey-based methods that require detailed patient knowledge of their disease state are also problematic. 
In conclusion, we successfully validated the known findings related to PFAS exposure reported in the literature 
using our heavily exposed PFAS population located in Horsham-Warminster-Warrington. This demonstrates the 
utility for using EHRs for studying emerging environmental disasters such as PFAS exposure in Pennsylvania.  
Acknowledgments: We thank the Perelman School of Medicine at the University of Pennsylvania for generous funds to support this project.  
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Table 1. Association Results for Known PFAS Exposed Patients and Diseases Known to be Associated with PFAS  
Disease Odds Ratio 

from Lit. 
Ref Disease in EHR Odds Ratio from EHR  

(95% CI; P-Value) 
High Cholesterol 1.38 [7] Pure hypercholesterolemia 1.59 (CI=1.093, 2.237; p=0.013) 
Elevated Uric Acid 1.00-1.47 [8] Proteinuria, unspecified* 6.67 (CI=1.351, 20.070; p=0.011) 
Thyroid Disease 1.64-1.86 [9] Malignant Neoplasm of the Thyroid Gland 3.23 (CI=1.651, 5.706; p<0.001) 
   Primary Hyperparathyroidism 3.93 (CI=1.061, 10.250; p=0.021) 
   Unspecified Acquired Hypothyroidism 1.53 (CI=1.177, 1.967; p=0.002) 
Kidney Cancer Hazard Ratio 

Reported 
[10] Complications of Transplanted Kidney 3.11 (CI=1.130, 6.851; p=0.015) 

Ulcerative Colitis  Adj. Rate Ratio 
1.76-2.86 

[11] Toxic Gastroenteritis and colitis 4.41 (CI=1.188, 11.502; p=0.014) 
  Regional Enteritis of Unspecified Site 3.11 (CI= 1.411, 5.985; p=0.003) 
*proteinuria and elevated uric acid are related tients  
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Introduction 

The Patient-Reported Outcomes Measurement Information System (PROMIS) was developed to provide a systematic 
approach for measuring patients’ physical and mental well-being in the healthcare setting across all diseases.1 Many 
studies have demonstrated wide variation in the range of PROMIS scores for oncology patients, but have focused on 
a single time point. These studies provide a baseline of well-being2, yet the effect of chemotherapy treatment on 
patients’ well-being throughout during treatment has not been examined in detail. Therefore, the goal of our study was 
to define patients’ physical and mental health trajectories during chemotherapy treatment based on routinely collected 
PROMIS surveys. Understanding the change in a patient’s physical and mental well-being during and after treatment 
can provide evidence to guide future quality improvement efforts, as well as resource allocation and interventional 
studies, and improve cancer patients’ overall experience. 

Method 

Oncology patients undergoing chemotherapy were identified at an academic cancer center using EHRs from 2013 to 
2018. Patients were included if they completed a PROMIS survey in each of three time periods: before, during, and 
after chemotherapy. Patients with missing demographic data (sex, age, race, ethnicity, insurance status) or clinical 
data (diagnostic stage, and cancer type) were excluded. Univariate and hierarchical modeling were carried out. K-
means cluster analysis was used to classify patient PROMIS score trajectories across their treatment course. Two 
features were used in the cluster analysis: pre-treatment and the treatment survey scores and treatment and post-
treatment survey scores. The total number of clusters were determined by the elbow method.  

Results 

Of the 741 patients in this study, the mean global physical health (GPH) score for all patients was 48.7 ± 9.3 pre-
treatment, 47.7 ± 8.8 during treatment, and 48.6 ± 8.9 post-treatment (p=0.27). The average global mental health 
(GMH) score across all cancer types was 50.4 ± 8.6 pre-treatment, 49.5 ± 8.8 during treatment, and 50.6 ± 9.1 post-
treatment (p=0.20). The univariate analysis for GPH showed that patients aged 40-50 and those with head and neck 
or neurologic cancers had a significant decline in PROMIS scores from pre-treatment to treatment time periods. For 
GMH, significant decreases were observed for those with head and neck and neurologic cancers between the same 
time periods.  

By clustering, we identified 4 unique patient trajectory groups (Figure 1). The plotted t-scores from the 4 patient 
trajectory clusters are presented in Figure 2. Cluster 1 (n=135, “temporary improvers”) included patients who had 
increased GPH scores during treatment. Their T-scores were below the population average pre-treatment (44.0 ± 8.7), 
scored above the population average during treatment (54.0 ± 7.8), and then decreased on their post-treatment survey 
(46.0 ± 8.2).  Cluster 2 (n=147, “temporary deteriorators”) appeared to be temporarily harmed by treatment. In this 
cluster, patients had above-average scores pre-treatment (52.5 ± 9.0), declined during treatment (41.8 ± 7.7), then 
improved with scores above baseline post-treatment (52.7 ± 8.7). Cluster 3 (n = 245, “inexorable improvers”) began 
treatment with a low baseline T-scores (45.2 ± 8.3) that remained stable during treatment (47.4 ± 7.9) and then 
improved post-treatment (51.1 ± 8.2). Cluster 4 (n=214, “inexorable deteriorators”) had above average t-scores pre-
treatment (53.1 ± 8.0), but steadily declined during (48.3 ± 8.2) and post-treatment (44.5 ± 7.9) There was a similar 
pattern of scores for the GMH trajectories. Across cluster types, the only major difference in cluster characteristics 
was in distribution of public insurance (Medicare and Medicaid). For GPH, the temporary improvers cluster had the 
highest proportion of patients with public insurance (46.7%) compared to the other clusters. For GMH, the temporary 
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improvers (29.4%) and temporary deteriorators (28.4%) clusters had a higher proportion of public insurance compared 
with inexorable deteriorators (16.6%). 

  
Figure 1. Distributions of difference between survey trajectories for all patients, with each point corresponding to a 

trajectory and color-coding representing cluster membership for GPH and GMH 

 
Figure 2. T score trajectories across the pre-treatment, treatment, and post-treatment time periods for GPH and GMH 

 

Discussion 

Using routinely collected PROMIS surveys in a real-world setting, we identified distinct patient trajectories for 
physical and mental well-being during chemotherapy treatment. These trajectories could not be predicted by disease, 
treatment or demographic variables, implying that patient specific factors drove clustering. However, identification of 
patients at risk for deterioration and the patterns of deterioration could help guide efficient deployment of toxicity 
mitigating and supportive care interventions. Unique patient trajectories could guide personalized supportive 
interventions to improve patient’s chemotherapy experience. Precision oncology care requires the integration and 
analysis of PROs to personalize care for individual patients and new payment models, such as CMS’ Oncology Care 
First bundled payments, require PRO monitoring. This work highlights the opportunity for future to better understand 
potential biological mechanisms supporting unique clusters. 
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Introduction 

Linking patients to Medicare, private insurance, environmental or other health related data sets is a growing desire in health 

informatics. Deterministic and probabilistic linkage methods have been examined for patient matching with similar outcomes1. 

One of the underlying complexities of most linkages is the requirement of at least one party having access to all identifiers from 

participating organizations in order to perform the linkage. At the University of North Carolina at Chapel Hill (UNC) we have 

applied a probabilistic2 and several deterministic approaches using either direct or encrypted patient identifiers3,4 across 

projects to link patient data sets. 

Due to the recurring request for linkages to ancillary data sets, we created the ‘Deidentifying All Records for Encrypted Linkages’ 

(DAREL) package to provide a consistent, automated process to generate privacy preserving hashes (a string of text produced 

from an encryption process) and apply probabilistic matching techniques to link patients across data sets. We have piloted and 

validated DAREL in two research studies at UNC. The first research study matches patients who received opioids for incident 

surgery or acute injury with patients of Duke Healthcare System, and the second matches UNC patients to participants in a 

health registry held by the National Institute of Environmental Health Sciences (NIEHS).    

Methods 

DAREL was written in SAS 9.4 and is composed of three components: 

1) Hashing identifiers (DAREL_HASH), 2) Identifying collisions across 

sites (DAREL_COLLIDE), and 3) Linking matched hashes back to site 

identified data (DAREL_LINK), each outlined in Figure 1. Each 

component of DAREL was designed to provide a streamlined method 

for the entire linkage process by designing each component’s outputs 

to directly feed into the adjoining step. Weighted matching can be 

applied through “leave one out” (Figure 2), where multiple hashes are 

produced and one or more components are omitted. If a weighted 

match method is desired, the weighted scores for each hash can be 

input into DAREL_COLLIDE to produce a score representing the 

probability of a match.  

Three hashing algorithms underwent internal validation using DAREL: 

1) Carolinas Collaborative (CC)4: First name, date of birth, last 4 social 

security number, gender; 2) Carolinas Cancer Registry (CCR): First 3 of 

first name, First 8 of last name, date of birth, gender; 3) NIEHS (Pu, 

et.al.)3: Last name, date of birth, gender, zip code.  

To validate the processes built into DAREL, we identified a gold standard 
within UNC Health’s electronic health record (EHR) data. UNC Health 

upgraded from a legacy EHR to a new EHR in 2014, causing a patient’s 

records for the same patients to exist in both the legacy EHR and active 

EHR. Since the upgrade, UNC has maintained a curated linkage between 

patients’ legacy data and their modern EHRs. The curated linkage utilizes 

direct matches on medical record numbers that are merged automatically 

by the EHR and manually by health information management personnel 

upon identification of duplicate records. These curated linkages allow for direct comparison of collision results (matching hash 

values) and a direct evaluation of the number of successful and failed matches (true positives, false negatives). In addition to 

validating DAREL, we are able to directly compare base effectiveness of different variable combinations for privacy preserving 

linkage methods.  

Figure 2 - Example of N-Plus-1 (Leave One Out) Hash Method. 
HASH1 always contains all permissible identifiers, and each 
subsequent hash removes a different identifier. 

Figure 1 - Overview of the data flow between the different 
components of DAREL 
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Results 

DAREL Validation: A total of 1,446,732 patients were identified in both our legacy and our modern EHR for the validation set. 

Data from both systems were harmonized according to the methods previously described4. Initial validation showed a 

sensitivity/specificity of 46.9%/99.0%, 90.5%/99.6% and 79.4%/99.7% for the CC, CCR and Pu et.al hashing algorithms 

respectively (Table 1).  

UNC Opioid Study: Applying the 

methods to the patient cohorts in our 

ongoing opioid study, we saw a 

similar relationship with the CCR 

linkage matching at a higher rate for 

both the opiates-surgery (4.6%) and 

opiates-injury (4.6%) cohorts (Table 

1) where patients were identified at 

both UNC and Duke. 

NIEHS Linkage: While unable to 

perform both methodologies for the 

NIEHS linkage side by side, comparing 

the results of the previous linkage to 

the new methodology with CCR demonstrates a higher match rate of 37.3% (Table 1) of UNC patients found in the NIEHS 

registry.  

Discussion 

As the desire to link patients to ancillary data grows, the need for efficient and accurate linkage methods likewise increases. 

Through the application of DAREL, we have demonstrated the ability to quickly apply different hashing methodologies to the 

same data sets in order to quantify and compare matching rates for each method. Simultaneously, we validated the 

effectiveness of the matching methods utilizing a gold standard to measure sensitivity and specificity of each of the methods 

and apply that knowledge to projects where the potential match rate is unknown. 

The usage of DAREL allowed us to quickly compute privacy preserving hashes using SHA256 encryption of different 

combinations of patient identifiers for analysis. The flexibility of DAREL to define hashes of various combinations provides the 

capability to customize and adapt to different linkage situations. The availability of certain identifiers is often variable between 

disparate data sources preventing the most performant of hashing algorithms from being usable. DAREL is also not restricted 

to only patient level information. Often with linkages to insurance claims utilize transaction data between the healthcare 

system and the insurance companies. DAREL can be customized to perform linkages at the patient, transaction or event level 

through a streamlined process to produce and link privacy preserving hashes.  

In contrast to other linkage applications available within the community, DAREL specifically addresses regulatory concerns 

often encountered in identified linkage methodologies. Focusing on the ability to quickly and easily create privacy preserving 

hashes, we counter many of the risks associated with utilizing direct patient identifiers by removing them from the sharing 

process. Through DAREL’s streamlined approach, we successfully reduce the level of complexity and barriers in performing 

privacy preserving linkages. 
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Group Hashing 
Algorithm 

N Positive 
Matches 

Sensitivity Specificity PPV NPV 

UNC-Internal 

CC 1,446,728 678,023 46.9 99.0 93.2 85.9 

CCR 1,446,728 1,309,952 90.5 99.6 98.4 97.2 

Pu.et.al 1,446,728 1,148,920 79.4 99.7 98.7 94.1 

Opiates-Injury 
CC 141,944 5,764 / 4.1% 

Patients seen at both Duke and UNC  
CCR 141,944 6,536 / 4.6% 

Opiates-
Surgery 

CC 200,950 8,286 / 4.1% 
Patients seen at both Duke and UNC 

CCR 200,950 9,251 / 4.6% 

NIEHS- 
Environmental 

Pu, et.al. 17,485 5,726 / 32.7% UNC patients matched to the NIEHS 
registry CCR 19,388 7,233 / 37.3% 

Table 1 – Operating characteristics of the applied hashing algorithms to the UNC validation set and the 
corresponding positive match rates achieved in each of our research use cases. 
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Introduction 

Electronic health record (EHR)-driven phenotyping is a critical first step in generating biomedical knowledge from               
EHR data. Despite recent progress, current phenotyping approaches are manual, time-consuming, error-prone, and             
platform-specific1. This results in duplication of effort and highly variable results across systems and institutions,               
and hence is neither scalable nor portable. The nascent Clinical Quality Language (CQL) is a formal logical                 
expression language developed by Health Level Seven International (HL7). It is intended to be used for clinical                 
quality measurement (CQM) and clinical decision support (CDS), as well as more general clinical knowledge               
representation use cases. In this work, we investigate how CQL can address EHR-driven phenotyping portability and                
scalability issues and enable high-throughput, cross-platform execution. 

Methods 

We selected a clinically validated heart failure (HF) phenotype definition, translated it into CQL, then developed a                 
CQL execution engine (CQL on OMOP) to integrate with the Observational Health Data Sciences and Informatics                
(OHDSI) platform2. CQL is data model agnostic, and we selected Fast Healthcare Interoperability Resources (FHIR)               
for data element references because mappings already exist from the FHIR data model to widely used common data                  
model (CDMs), and many CQL engine implementations support FHIR. We executed the phenotype definition at two                
large academic medical centers, Northwestern Medicine (NU) and Weill Cornell Medicine (WCM), and conducted              
results verification (n=100) to determine precision and recall. Inter-rater reliability was calculated using Cohen’s              
kappa. We additionally executed the same phenotype definition against two different data platforms, OHDSI and               
FHIR, using the same underlying dataset and compared the results. Figure 1 shows the overall experimental design,                 
including all tools and execution pipelines used. 

Results 

CQL is expressive enough to represent the HF phenotype definition, including Boolean and aggregate logic,               
temporal relationships, and terminology references to ICD-9, SNOMED, and CPT. The language design also              
enabled the implementation of a custom execution engine with relative ease, and results verification at both sites                 
revealed that precision and recall were both 100%. Inter-rater agreement was κ=1.0 between the two reviewers at                 
each site. Cross-platform execution resulted in identical patient cohorts generated by both data platforms. 

Discussion 

We executed the same phenotype definition across health systems and data platforms without performing any               
manual translation of query logic. This limits the potential for error, reduces duplication of work and variability of                  
results. The CQL-based HF phenotype definition is therefore portable, which improves scalability of EHR-driven              
phenotyping. CQL supports the modularization of logic, enabling sharing and reuse. Well-constructed libraries can              
therefore extend past binary case/control classification to include suspected cases, sub-phenotypes, related            
phenotypes, and even groups of phenotypes. Although significant differences exist between CQL and the OHDSI               
platform, such as differences in expressiveness of logical constructs and different conceptual models of cohort               
membership, we were still able to develop an execution engine capable of evaluating a clinically validated                
phenotype definition. 
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Figure 1. Experimental architecture. Box (1) shows the developed CQL on OMOP engine, box (2) the OHDSI data platform, 
box (3) the OMOP on FHIR data transformation tool, and box (4) the FHIR native stack used for cross-platform validation. 
Pipelines (5) and (6) show the two validation methods. Both NM and WCM used the pipeline (5) architecture with their own 
data for phenotype execution. 

Conclusions & Future Work 

Current EHR-driven phenotyping techniques suffer from portability and scalability issues, requiring human            
intervention. This leads to errors, variability, lack of transparency, and greatly reduces potential throughput. To               
address these issues, we investigated CQL as a candidate language for representing clinical phenotype definitions,               
and demonstrated execution against multiple data platforms without local customization. We believe that CQL is               
expressive enough to represent complex phenotype definitions. This, along with the fact that new execution               
environments can be developed with moderate effort, provides evidence that CQL could become the de facto                
standard for EHR-driven phenotyping. In future, we plan to extend CQL language support in CQL on OMOP,                 
translate additional clinical phenotypes into CQL, use CQL-based phenotype definitions in clinical research studies,              
and extend existing phenotype authoring tools to generate CQL. We also plan to develop CQL execution engines                 
against other data platforms, such as Informatics for Integrating Biology and the Bedside (i2b2)3, and extend CQL to                  
support natural language processing (NLP). We will continue to collaborate with the OHDSI consortium on these                
efforts and make our open-source software freely available via GitHub.  
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Introduction 
Chronic pain (pain that persists >90 days) can be debilitating to both physical and emotional wellbeing and is associated with 
substantial social and economic costs. In 2016, an estimated 20.4% (50.0 million) of U.S. adults had chronic pain.1 The annual 
cost, including medical treatment, lost productivity, and disability programs, has been estimated at $560 billion in the U.S. 
alone.2 Treatments for chronic pain are often ineffective or difficult for patients to access. Research is urgently needed to 
understand chronic pain through real-world data that can inform best practices for patient care. Electronic health records 
(EHRs) hold great promise for chronic pain research if researchers can exploit the rich practice-generated evidence contained 
in EHRs. In particular, unstructured notes in EHRs are indispensable to understanding the full context of a patient’s 
experience, as clinicians favor the expressiveness of free-text in documenting pain. Modern analytic methods such as natural 
language processing (NLP) have enabled the extraction of diverse information from clinical text. However, there has been 
no systematic baseline appraisal of EHR narratives surrounding chronic pain. As a foundational step to address this missing 
work, we annotated and analyzed the clinical notes of patients with chronic pain.  
Guided by clinical practice and research needs, we annotated information related to body location, severity, causes, patient 
impact (e.g., sleep quality, social functioning), and interventions associated with chronic pain across a wide range of 
symptomatology and pain etiology. We centered analysis on individual episodes of chronic pain, examining notes spanning 
the period from 6 months before to 24 months after the first chronic pain diagnosis for each patient. A total of 3,272 notes 
were reviewed, and 94 episodes from 62 distinct patients were identified. Results demonstrated that clinical notes contain 
valuable information on chronic pain, covering key aspects such as location and cause of pain (>90% of the episodes). 
Moreover, aspects of chronic pain generally not available in structured EHR data, like alternative treatments and patient 
impact, also had sizable presence in the annotated corpus.  

 
Figure. Conceptual representation of a patient’s two chronic pain episodes that unfolded in parallel. Abbreviations: IED = 

initial event date, CID = chronic pain index date, LMD = last mention date. 

Methods 
The study population consisted of local adult patients with chronic pain as identified through the Rochester Epidemiology 
Project3 research infrastructure (REP; AG034676), covering virtually all residents living in Olmsted County, Minnesota, 
between 1/1/2005 and 9/30/2015 (totaling 189,475 persons). Patients with any “highly likely” ICD-9 codes (338.2x and 
338.4) for chronic pain4 were included. A patient was excluded if 18 years old or younger, or had at least one ICD-9 code for 
cancer between 2003 and 2016 (we focused on non-cancer pain). Accordingly, a cohort of 6,586 patients was established. To 
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make a balanced corpus, we randomly sampled 62 sex- and age-stratified patients; 55% of the included patients were female 
and approximately 15 patients belonged to each of the age strata: 19-35, 36-50, 51-65, and ≥65 years old. Our annotation 
featured an episode-centered framework, which involved three important time points: Initial event date (IED) –the date on 
which the pain first presented, e.g., as the result of a fall; Chronic pain index date (CID) –the date on which the pain was 
considered as becoming chronic; Last mention date (LMD) –the date on which the pain was considered to be resolved. 
Operationally, a chronic pain episode was defined by the CID and LMD plus at least one consistent pain location mentioned 
over time. When different pain locations were attributed to a single cause (e.g. lower back pain and leg pain due to sciatica), 
all locations were annotated as part of the same episode. For example, Time 2 in Figure illustrates how five pain locations 
can be annotated into two separate episodes, where Ep1 had started and evolved along with the later Ep2. 
The Multi-document Annotation Environment (MAE)5 was used, and the primary annotation tasks included: 1) screening 
patients notes to verify that they had at least one pain episode lasting 90 days or longer; 2) determining pain episode 
boundaries by identifying the CID, LMD, and IED if applicable; and 3) marking mentions of pain and associated attributes 
including date, location, severity, cause, patient impact, diagnostic procedures, medications, and other treatments. The 
guideline was developed through iterative annotation and reconciliation between two annotators (LAC, MMJ); the final inter-
annotator agreement by f1-score was above 0.78. Once the guideline stabilized, the annotators proceeded in parallel and 
reviewed a total of 3,272 notes from the 62 sampled patients. When annotation was complete, descriptive statistics were 
computed to summarize the chronic pain episodes and attributes. 

Table. Chronic pain attributes and the percentage of episodes that had the attribute annotated  

Attribute/definition Examples Coverage 
Location 

Body part the pain occurred 
“left knee” 

“lower back” 100% 

Severity 
Perceived pain intensity 

“tolerable” 
“9/10” 84% 

Causes 
Etiology or contributing factor 

“arthritis” 
“peripheral neuropathy” 94% 

Effects/Patient impact 
Consequence to daily life 

“unable to bathe” 
“wakes him up at night” 59% 

Diagnostic procedures 
Procedure used in investigating the pain 

“chest x-ray” 
“bloodwork” 74% 

Medications 
Pharmacological pain treatment 

“Oxycodone” 
“Tylenol” 82% 

Other treatments 
Non-pharmacological methods used to alleviate the pain 

“cortisol injection” 
“suggested CBT” 88% 

Results and Discussion 
A total of 94 chronic pain episodes from 62 patients were annotated. Some pain-related concepts (e.g., body location) had 
100% coverage among all the episodes, while some had moderate coverage (e.g., effects/pain impact, 59%). See Table for 
the annotated pain attributes and examples. Most patients (65%; n=40) had one pain episode during the study period. Median 
duration of chronic pain episode was 357 days (min = 90 and max = 977). Pain episodes were documented by clinicians from 
a wide spectrum of specialties, among which primary care departments were most prevalent (34.8%). The most frequently 
annotated body sites were the back and the legs, with musculoskeletal issues like arthritis being the most common cause. 
Opioids were the most frequently mentioned medication type. Physical/occupational therapies were the most frequent non-
drug (other) treatments. In summary, clinical text was found to contain critical evidence for understanding patients’ chronic 
pain trajectories. Our episode-based framework, annotation guidelines, and lessons learned in the process should be 
informative to researchers/practitioners interested in leveraging EHRs for the care of chronic pain patients. 

References 
1. Dahlhamer J, Lucas J, Zelaya C, et al. Prevalence of Chronic Pain and High-Impact Chronic Pain Among 

Adults - United States, 2016. MMWR Morb Mortal Wkly Rep. 2018;67(36):1001-1006. 
2. Institutes of Medicine: Relieving Pain in America: A Blue-print for Transforming Prevention, Care, 

Education, and Research. Washington, DC, The National Academies Press, 2011. 
3. St Sauver JL, Grossardt BR, Yawn BP, et al. Data resource profile: the Rochester Epidemiology Project 

(REP) medical records-linkage system. Int J Epidemiol. 2012;41(6):1614-1624. 
4. Tian TY, Zlateva I, Anderson DR. Using electronic health records data to identify patients with chronic pain 

in a primary care setting. J Am Med Inform Assoc. 2013;20(e2):e275-280. 
5. Stubbs A. MAE and MAI: Lightweight Annotation and Adjudication Tools. Paper presented at: Proceedings 

of the 5th Linguistic Annotation Workshop; Jun, 2011; Portland, Oregon, USA. 

1474



  

Detection of reticular pseudodrusen using deep learning 

Qingyu Chen, PhD1, Tiarnan D. Keenan, BM BCh, PhD2, Yifan Peng, PhD1, Elvira Agrón, MA2, Christopher 

K. Hwang, MD, PhD2, Alisa T. Thalikulwat, MD2, Debora H. Lee, BS2, Daniel Li1,3, Wai T. Wong, MD, 

PhD2,4, Emily Y. Chew, MD2, Zhiyong Lu, PhD1 

1National Center for Biotechnology Information (NCBI), Bethesda, Maryland; 2Division of Epidemiology and 

Clinical Applications, National Eye Institute (NEI), Bethesda, Maryland; 3Thomas Jefferson High School for 

Science and Technology (TJHSST), Alexandria, Virginia ; 4Unit on Microglia, National Eye Institute (NEI), 

Bethesda, Maryland 

Abstract 

Age-related macular degeneration (AMD) is the leading cause of visual loss in developed countries. Reticular 

pseudodrusen (RPD) are a critical disease feature of AMD; their presence is highly associated with increased risk of 

progression to advanced AMD. We employ deep learning models to detect RPD automatically. The models were 

trained and evaluated using a large dataset, achieving an Area Under the Curve of ~0.9 and ~0.8 on fundus 

autofluorescence images and color fundus photographs, respectively.  

Introduction 

Age-related macular degeneration (AMD) is responsible for approximately 9% of global blindness and is the leading 

cause of visual loss in developed countries [1,2]. Reticular pseudodrusen (RPD), also known as subretinal drusenoid 

deposits (SDD), are recognized as a critical disease feature in AMD. The presence of RPD is highly associated with 

increased risk of progression to late AMD [3]. However, manual detection of RPD is challenging, especially on 

color fundus photographs (CFP), the most widely used form of retinal imaging. To our knowledge, there has been 

only one machine learning approach to the detection of RPD from fundus autofluorescence (FAF) images or CFP; 

this achieved modest accuracies [4]. This study aims to develop deep learning models to detect RPD automatically.  

Methods 

We collected 11,535 FAF images and their corresponding CFP from consecutive visits of 2,450 participants with 

varying severity of AMD in the Age-Related Eye Disease Study 2 (AREDS2) dataset [5]. The presence of RPD in 

each image (yes or no) was annotated by human experts in a reading center. The images were randomly split into three 

groups at the participant level: 70% for training, 10% for validation, and 20% for testing. In total, we developed eight 

models (four models for each image type): VGG16 [9], VGG19 [9], InceptionV3 [7], and Resnet101 [8]. We followed 

the training approach proposed in [6]. Sensitivity, specificity, area under the receiver operating characteristic curve 

(AUC), kappa, and accuracy were used to evaluate performance. We additionally compared its performance with 

ophthalmologists (2 at fellow and 2 at attending level) on a random sample, consisting of 260 images. 

Results 

The results are displayed in Table 1 and the receiver operator characteristic curves in Figure 2. For both the FAF 

image analyses and the CFP analyses, the model with the highest level of accuracy was InceptionV3. Its accuracy was 

0.896 (95% confidence interval 0.883-0.908) and 0.783 (0.767-0.800), respectively. For the FAF image analyses, the 

model with the highest AUC was Resnet101, at 0.918 (0.904-0.931); for the CFP analyses, InceptionV3 had the 

highest AUC, at 0.787 (0.766-0.808). In addition, deep learning models achieved substantially better performance on 

the CFP image samples than the four ophthalmologists. 

Discussion 

Deep learning models have demonstrated promising performance for the detection of RPD. This is evident by 

achieving AUC values of ~0.90 and ~0.80 on FAF images and CFP, respectively. Importantly, although CFP are 

inexpensive and very widely available worldwide, RPD are usually not discernible to the human eye on CFP in the 

majority of cases (also reflected in Figure 1 (B)). By contrast, the deep learning models demonstrated promising 

performance for the detection of RPD from CFP. We therefore consider that deep learning has the potential to improve 

substantially the human detection of RPD from CFP, and hence to increase very substantially the availability of RPD 

detection beyond a small number of ophthalmic centers with specialized imaging equipment. Improved RPD detection 
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will ultimately enable physicians to provide improved prognostic information for patients with sight-threatening 

AMD. In the future, we plan to further evaluate the models on independent datasets. 
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Table 1. The performance results of four separate deep learning convolutional neural networks for the identification of reticular 

pseudodrusen/subretinal drusenoid deposit presence from the fundus autofluorescence images and their corresponding color 

fundus photographs, using the full testing set. 

Performance metric (95% confidence interval)* 

 Sensitivity Specificity Kappa Accuracy 

Fundus autofluorescence images 

VGG16 0.574 (0.534-0.612) 0.980 (0.972-0.986) 0.628 (0.589-0.666) 0.875 (0.861-0.889) 

VGG19 0.142 (0.115-0.170) 0.983 (0.976-0.988) 0.169 (0.133-0.207) 0.766 (0.749-0.783) 

InceptionV3 0.686 (0.650-0.724) 0.968 (0.959-0.976) 0.706 (0.671-0.739) 0.896 (0.883-0.908) 

ResNet 0.618 (0.579-0.657) 0.961 (0.951-0.970) 0.635 (0.596-0.670) 0.873 (0.859-0.886) 

Color fundus photographs 

VGG16 0.179 (0.150-0.212) 0.968 (0.960-0.976) 0.193 (0.154-0.235) 0.764 (0.748-0.782) 

VGG19 0.256 (0.223-0.293) 0.932 (0.919-0.943) 0.229 (0.187-0.274) 0.757 (0.739-0.775) 

InceptionV3 0.475 (0.436-0.517) 0.891 (0.876-0.905) 0.393 (0.350-0.437) 0.783 (0.767-0.800) 

ResNet 0.252 (0.217-0.288) 0.963 (0.954-0.972) 0.273 (0.230-0.316) 0.779 (0.763-0.797) 

* The performance metrics and their 95% confidence intervals were evaluated by bootstrap analysis. 

  

(A) (B) 

Figure 1. Receiver operating characteristic (ROC) curves of deep learning models on FAF images (A) and CFP images (B).  
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Introduction 

Preventable hospital admissions (PHAs) result in an estimated $17 billion annually in potentially avoidable costs for 

the U.S. Centers for Medicare and Medicaid Services (CMS).1 Machine learning (ML) methods can be used to identify 

high-risk patients for targeted intervention to reduce PHAs. 2,3 Unfortunately, current ML methods predict this 

outcome with poor performance and little transparency. This limits providers' ability to (i) identify patients who need 

intervention and (ii) develop effective interventions for those identified. As such, interventions based on current ML 

models have not been effective in large clinical trials.6 

Recently, CMS announced the Artificial Intelligence (AI) Challenge to improve predictive models for PHAs. The 

CMS AI Challenge tasked participants with developing deep learning methodologies to improve performance and 

transparency.4 Our submission is a Top 25 semifinalist (finalists to be announced). Herein, we present our 

interpretable, deep-learning model to predict PHAs, called the CLinically Explainable and Actionable Risk (CLEAR) 

model, and its corresponding software application for presenting predictions to providers. Unlike existing 

methodologies, CLEAR identifies important episodes in care; captures complex dependencies in the data; is robust to 

common challenges with longitudinal observational data; and identifies patient features which are highly predictive 

of targeted outcomes. CLEAR 

incorporates recurrent neural networks 

(RNNs), sequence segmentation, 

clinical concept embeddings, and 

multiple attention mechanisms to 

deliver competitive predictive 

performance and interpretability of 

high-risk features individualized for 

each patient. The output from this 

technical framework is accessible via 

an app and is coupled with clinician-

feedback to learn the set of features 

that are clinically actionable. This 

ensures that CLEAR’s predictions are 

both accurate and clinically useful.  

 

CLinically Explainable and Actionable Risk (CLEAR) 

THE DEEP LEARNING MODEL. The CLEAR model is predicated upon the RNN framework proposed by Liu, et al.5 

for modeling clinical time-series. CLEAR augments this model with dual attention mechanisms. A schematic of our 

deep learning architecture can be found in Figure 1. Attention mechanisms help deep learning models to focus on 

portions of an input sequence that are particularly important for accurately predicting an output. The CLEAR model 

applies two attention mechanisms to learn weights that support the identification of both (i) clinical features (including 

diagnosis, procedures, and prescriptions, learned separately for each modality) and (ii) the time in a patient's health 

history, with temporal windowing to collapse adjacent events into discrete visits.  

THE INTERFACE. Results from the CLEAR model will be communicated to clinical end-users with an explanation 

that highlights the patient’s modifiable risk factors that inform the predicted risk of an PHA within the next 30 days.  

As described above, the CLEAR model uses dual attention mechanisms to elucidate which risk factors and time 

windows contribute significantly to the risk prediction. While many identified features may be clinically meaningful 

for understanding the predictions, only some will be clinically actionable. The set of actionable risk factors will 

improve over time by learning which factors are modifiable from end user feedback online. As shown in Figure 2, 

Figure  1. Architecture of the CLEAR model, with one timestep highlighted 
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end-users can provide feedback on the presented 

risk factors to suggest whether the risk factor is 

clinically actionable. Continually adapting to end 

user feedback will help grow trust in the model 

with key stakeholders, and improve performance 

over time. The interface can be explored in greater 

detail at http://bit.ly/CLEAR-App 

Experimentation 

To assess the models’ discriminative ability to 

predict unplanned hospital admissions within 30 

days of visit end-date, the CLEAR model 

(CLEAR-Interpretable) was validated on the 5% 

subset (2.6 million claims, 78,000 patients) of 

Medicare data provided by CMS. To 

contextualize performance, we additionally 

implemented (i)      L1-penalized LR and (ii) the 

CLEAR model’s RNN without attention 

mechanisms (CLEAR-RNN) were also deployed. 

Given the rarity of a PHA in the data, the dataset 

was negatively sampled to balance patients with 

at least one PHA and patients with zero PHAs. To 

evaluate all methods, we calculated the area under the receiver operating characteristic (AUROC) to assess predictive 

performance on the held-out dataset.  

Results 

Previously published models that predicted PHA using 2008 CMS claims data demonstrated AUROC metrics of 0.60-

0.63; more recent methods show performance AUROCs of 0.55-0.75.3 In our experiments, the CLEAR model without 

attention exceeded the performance of prior models (AUROCCLEAR-RNN=0.786) as well as the logistic regression 

baseline (AUROCLR=0.697). The full CLEAR model with dual attention under-performed the other models in this 

performance metric, but was still in line with prior baselines (AUROCCLEAR-Interpretable=0.626), and demonstrates the 

tradeoff between interpretability and accuracy in deep learning models.  

Discussion and Conclusion 

The results of our experiments suggest that CLEAR is an effective method to predict PHAs, with predictive 

performance that is comparable to or exceeds prior models. However, as opposed to these prior models, CLEAR 

predicts any PHA which is both more challenging to predict and also more generalizable to the larger Medicare 

population. In addition, unlike other deep learning approaches, the dual attention mechanisms in CLEAR and our user-

friendly interface can offer insight to let clinicians peer inside the black box. The CLEAR model with attention had 

worse predictive performance compared to the RNN without attention, perhaps because of the additional model 

complexity introduced by the dual attention layers, and suggesting that the CLEAR model may need a larger training 

set to achieve performance parity. The predictive performance of CLEAR-RNN can be combined with the 

interpretability layers of CLEAR-Interpretable for a CLEAR model that is performant and interpretable. We plan 

additional studies to examine the clinical utility of the attention layers in CLEAR and the continued user-centered 

design of the CLEAR interface.  
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Introduction

We frame the problem of generating personalized food recommendations as a constrained question answering task over
a food knowledge graph (KG). In particular, we consider the case where the question combines a user’s basic query
(e.g., “What is a good breakfast that contains bread?”) with the unique health requirements (e.g., allergies, nutritional
guidelines that they need to adhere to) of the user. While the basic query is assumed to be dynamic in the sense that it
may be context dependent, a user’s health requirements may be relatively stable. We consider the latter to be a user’s
“personalized” requirements, and treat them as assumed extensions to any basic query. While state-of-the-art question
answering over knowledge bases (KBQA) methods exist, we show that for the type of question we are interested in
answering (i.e., natural language questions that append several template-based constraints to a freely-formed basic
query) the QA system benefits significantly from the query expansion, KG augmentation and constraint modeling
methods that we apply in our approach.

Method

The overall architecture of our approach, which we refer to as PFOODREQ (i.e., Personalized Food Recommendation
via Question answering), is shown in Figure 1. The architecture consists of a Query Expansion (QE) module, Knowl-
edge Graph Augmentation (KA) module, Constraint Modeling (CM) module, and a KBQA module. The QE module
expands the query to include the personalized constraints, the KA module modifies the KG to handle constraints re-
quiring numerical comparison, and the CM module provides mark-ups to the overall query to handle negations in the
constraints. Since the expanded part of the query represents the stable constraints of the user, we adopt a template for
expressing these constraints.

Note that the KBQA module can be any method that accepts a query and a KG subgraph, and returns the most relevant
answers from the KG subgraph. Since many state-of-the-art KBQA methods are now based on neural networks,
which are known to be unable to handle negation and numerical comparisons, the main contribution of PFOODREQis
to expand the basic user query (e.g. “Suggest a breakfast that contains bread”), augment the KG, and implement
constraint modeling before submitting an expanded and marked-up query that includes the user’s dietary preferences
and health guidelines (e.g., “Suggest a breakfast that contains bread, and does not contain peanuts, and contains carbs
with desired range 5g to 30g”; see Figure 1) to a state-of-the-art, neural network-based KBQA method (i.e., BAMnet)3.

Figure 1: Overall architecture of PFOODREQ.
To evaluate PFOODREQ, we create a benchmark data set based on the extensive FoodKG1 that contains over 1 million
recipes, along with their ingredients and nutrients, and the ADA lifestyle guidelines2. The benchmark data set includes
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25,554 recipes, selected based on 7,519 basic user queries that we generated. Each record in the data set contains a
basic user query, dietary preference, health guideline associated to the user, and the ground-truth answers (i.e., recipes)
that satisfy the user’s basic query as well as the constraints. We split the data set into training (n = 4,511; 60%),
development (n = 751; 10%) and test sets (n = 2,257; 30%). The average number of ground-truth answers available for
each question was around 3.4. We compare PFOODREQ against two models: BAMnet3 and Bag-of-Words (BOW).
BAMnet is a state-of-the-art neural network-based KBQA method that does not handle personalized QA. The BOW
model is a simple vector-based method and serves as a second baseline.

Results

Table 1 compares the mean absolute precision (MAP), mean absolute recall (MAR) and F1 score across PFOODREQ,
BAMnet and BOW. Results show that PFOODREQmodel consistently outperforms BAMnet by a significant mar-
gin. The fact that the BOW model performs so poorly also suggests that our benchmark data set is non-trivial.

Table 1: Comparative performance (in %) on the benchmark data set.

MAP MAR F1 Score
BOW 9.7 9.3 10.6
BAMnet 38.1 37.4 26.9
PFOODREQ 60.8 59.6 54.2

We also perform an ablation study to systematically investigate the impact of different model components for the pro-
posed method. Table 2 shows that all of the three techniques introduced for handling the personalized recommendation
setting contribute to the overall model performance. Among them, the Constraint Modeling module contributes most.

Table 2: Performance in ablation study (in %) on the benchmark data set.

MAP MAR F1 Score
PFOODREQ (full model) 60.8 59.6 54.2
PFOODREQ with CM module removed 39.7 39.0 29.2
PFOODREQ with KA module removed 39.9 39.0 39.5
PFOODREQ with QE module removed 41.1 40.3 29.0

Conclusion

We present a KBQA-based food recommendation approach that regards personal requirements from dietary prefer-
ences and health guidelines as additional constraints to the QA system. Our results show that by marking up a query
and augmenting the KG we are able to significantly improve the performance of state-of-the-art KBQA methods on
our benchmark data set. This being said, even PFOODREQ does not exceed 61% on any of the performance measures.
We note that there is still scope for improvement on this challenging benchmark, which requires a certain level of
reasoning to understand the different constraints (e.g., positive, negative and numerical constraints) in a query and to
satisfy them based on the corresponding KG sub-graph. We hope that this challenging benchmark can serve as a basis
to spur further research in this area.
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Introduction 
Suicide is one of the top ten leading causes of death in the United States.1 Given that a substantial portion (83%) of 
patients who die by suicide come into contact with the healthcare system within a year prior to their death2, the 
development of suicide risk prediction models using clinical data from electronic health record (EHR) systems has 
become an active area of investigation.3 However, the utility of these models is limited by their relatively low positive 
predictive value and high false positive rates.4 Since many of these models rely principally on structured EHR data 
(e.g. ICD-9/10 diagnosis codes), incorporation of information from unstructured clinical text derived via natural 
language processing (NLP) affords the opportunity to improve the performance of these models by integrating 
subjective, free text clinical assessments of a patient’s mental health status.5  

Episodes of suicidal ideation (SI) can be a powerful predictor of future suicidal attempts and death.6 However, patients 
experiencing this condition are often not documented using structured ICD-9/10 codes. Instead, clinicians often 
document “current SI” in free text encounter notes. While others have demonstrated success in using NLP to extract 
“any SI” regardless of temporality7, assessing current SI can be  more informative, as an individual can transition 
between SI to suicidal attempt quickly.8 Results from the National Comorbidity Survey Replication (NCS-R) showed 
that a majority of first suicide attempts (60% of planned attempts and 90% of unplanned attempts), occur within a 
year of initial SI onset.9 To extract current SI from clinical text without the need for manual annotation of a training 
set, we implemented machine learning methods trained on imperfect labels derived by rule-based NLP using 
predefined patterns, a technique called weak supervision10. 

Methods 
Study Population 
Our study population consisted of 600 patients diagnosed with 
depression who had been seen in either outpatient or inpatient 
settings at an academic medical center in New York City. We 
randomly selected 200 patients who had at least one encounter 
with one of the following diagnostic codes for SI: V62.84 
(ICD-9); R45.851 (ICD-10). We then randomly selected 400 
patients who had at least ten notes with a key SI term 
(“suicidality,” “suicidal,” “SI,” or “suicide”). For each patient 
included in the study, we selected every note with one of the 
key SI terms. Our 600 patients had a total of 19,079 notes. The 
patient cohort was randomly divided into training (n=456), 
validation (n=114), and test sets (n=30).  

Labeling 
By following the weak supervision schema, as shown in Figure 
1, we developed a rule-based NLP method to label training and 
validation notes for current SI, removing the need for manual annotation. Our rule-based NLP method was built on 
the foundation of NegEx11, an algorithm for identifying negated findings and diseases in clinical text, and tweaked to 
negate historical, conditional, and unrelated mentions of SI. Details of the rule-based NLP approach are available on 
GitHub (https://github.com/wcmc-research-informatics/SI_Ideation). The test notes were manually labeled for current 
SI by two annotators with the same annotation guidelines. Any annotator disagreement resulted in the note’s 
classification as positive for current SI. At the patient level, patients were classified as positive for SI if they had at 
least one note classified as positive for SI.  
 
Machine Learning NLP Models  
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We used two types of machine learning models: bi-gram logistic and convolutional neural network (CNN) classifiers. 
After evaluating each model’s performance on the validation set, the best performing models were tested on the 
manually-reviewed test set. All models were evaluated based on both patient and document level.  

Results 
23% of the notes and 75% of the patients were weakly labeled as positive for current SI by the rule-based NLP method, 
whereas 17% of the notes and 63% of the patients were labeled as positive for SI by manual annotation. As shown in 
Table 1, the CNN and rule-based NLP approach had the best overall accuracy (89%) and F1 score (79%) for 
document-level classification. However, the bi-gram logistic classifier had the best overall performance for patient-
level classification amongst the methods, with an overall F1 score of 90%. Both weakly-supervised methods achieved 
100% recall for patients positive for current SI. 

Table 1. Manual review test results 

Model  Accuracy (%) SI Precision (%) SI Recall (%) SI F1-Score (%) 

Bi-gram logistic classifier 
Document 89 65 76 70 
Patient 86 83 100 82 

CNN 
Document 92 72 88 79 
Patient 83 79 100 88 

Rule-based NLP method 
Document 92 73 87 79 
Patient 73 72 95 82 

 
Discussion 
Although our best performing weakly supervised method, CNN, was only able to match the performance of the rule-
based NLP approach on a document level, both weakly supervised NLP methods outperformed the rule-based NLP 
approach on patient-level classification. This suggests that the flexibility of these models allowed for the learning of 
additional rules, beyond the ones specified in the rule-based approach, contributing to successful classification at a 
patient-level. All (n=19) patients who were positive for current SI based on manual review were detected by both of 
the weakly supervised NLP methods, indicating that our methods correctly identified at least one of the patient’s notes  
for current SI. These results suggest that weak supervision is a viable approach in identifying current SI, with even 
greater success for patient-level classification. 
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 Introduction: The evaluation of workload is a key element in the research and development of human-machine 
interfaces, in search of higher levels of satisfaction, performance and efficiency in the workplace. A widely used 
perceived workload measuring tool is the NASA Task Load Index (NASA-TLX) [1]. It is a mental workload 
assessment tool designed to capture the subjective experience of workers engaged in human-machine complex 
socio-technical systems [1]. It uses six dimensions to assess mental workload: mental demand (MD), physical 
demand (PD), temporal demand (PD), performance (PE), effort (EF), and frustration (FR) [1]. A score from 0 to 
100 is obtained on each scale for each of the items. The assumption of the instrument is that the combination of 
these 6 dimensions is likely to represent “workload” experienced by operators [1]. It's been widely used in many 
fields as well as healthcare, however in most cases the individual dimension scores were simply aggregated to 
provide a total workload measure. A study using this method with the NASA-TLX, showed reduced workload 
following Electronic Medication Management System (EMMS) implementation [1]. However, the validity of 
conclusions based on a single summary score depends (in part) on the extent to which evidence supports the 
hypothesis that responses are measuring a single latent construct [5]. Despite its widespread use, we only found a 
single study [5] evaluating the validity of the summary score using responses to the six NASA-TLX items in 
health care [5]. They stipulated a simplified model that identified MD, PD, TD and EF as indicators of overall 
workload for Intensive Care Unit (ICU) nurses [5]. We tested this same model in two hospital wards that had 
introduced an EMMS.  We however challenged their hypothesis further, by only excluding PE from the original 
model based on the parallels drawn from swellers [4]. We hypothesise that the intrinsic load (mental and physical 
demand) as well as extraneous cognitive load (temporal demand, effort and frustration) are what collectively form 
a workload index.  

Method: The NASA-TLX was distributed to the three main EMMS users (nurses, doctors and pharmacists).  In 
the ICU, the tool was completed by 29 nurses, 9 doctors and 2 pharmacists (n= 40) and in the Oncology Unit by 
10 nurses, 10 doctors and 7 pharmacists (n=27). Users were expected to have worked in the ICU or Oncology unit 
3-months prior and during the implementation of the EMMS.  SPSS AMOS was used to conduct Confirmatory 
Factor Analysis. The original six constructs were first tested against load (model 1). We then replicated the model 
hypothesized by Tubbs-Cooley et al [5], and modelled MD, PD, TD and EF as measures of load (model 2).  We 
challenged this hypothesis based on the assumption that FR plays a key role in workload, and tested a model that 
MD, PD, TD, EF and FR as indicators of load (model 3). Validated model fit tests used were a root mean square 
error of approximation (RMSEA) of at least <0.05, a comparative fit index (CFI) and Tucker-Lewis Index (TLI) 
at least >0.95, and a standardised root mean residual (SRMR) < 0.08 [3]. The reliability and convergent validity 
(AVE) of the models were also tested.  

 

 

 

 

 

 

 
Figure 1: MD= Mental Demand, PD= Physical Demand, TD= Temporal Demand, EF= Effort FR= Frustration, PE= 
Performance Expectancy. Model 1- Load measured by six NASA-TLX items. Model 2- Load measured by four 
NASA-TLX items Model 3- Load measured by five NASA-TLX items 

 

                1                                      2                             3                     

1483



Results: The CFA results for model 1 in table 1 illustrates that all six items did not fit the model well (CFI =0.953, 
TLI=0.922, RMSEA =0.103, SRMR=0.0652). Model 1 also had the lowest composite reliability (0.44) and AVE 
(0.44). Model 2 which excluded PE and FR demonstrated a better fit, (CFI =.1.0, TLI=1.062, RMSEA =0, 
SRMR=0.074) than model 1, and had a composite reliability score of 0.869 and AVE value of 0.551 (table 
1). Model 3 which introduced FR to the 4 items had a similar fit to model 2 (CFI =.1.0, TLI=1.389, RMSEA =0, 
SRMR=0.027). Model 3 had a composite reliability score and AVE value of 0.527 (table 1).   
 

Table 1: Fit indices for CFA models: RMSEA: root mean square error of approximation, CFI comparative fit 
index, TLI: Tucker-Lewis Index, SRMR: standardised root mean residual  

Discussion: With an increase in the roll out of EMMS globally, there is the need for effective means of measuring 
perceived workload and its impact on the effort required of clinical staff. Results of this study allow us to confirm 
our hypothesis that rather than the original six items, only the intrinsic (PD, MD) and extraneous factors (TD, EF 
and FR) are indicators of workload. This exploratory work builds on the work done by Tubbs-Cooley et al  [3] 
and similar to the work of Galy et al [2], who explored the role of frustration in driving, showing that drivers 
began their task with a high level of tension and a feeling of frustration towards the task [2] rather than during. 
This could be extended to the hospital environment, as tense arousal can be compared to physiological anxiety 
[2].  Further exploratory work should be completed to understand the role of performance and extended to other 
hospital settings to investigate its clinical impact through performance. This study also showed that the 
measurement of subjective mental workload via the NASA-TLX tool needs to consider each of its dimensions 
rather than a global score. 
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Model χ2 Df p CFI TLI RMSEA SRMR Reliability AVE 
Model 1 
(6 items on load) 

14.87 9 0.10 0.95 0.92 0.10 .065 0.44 0.44 

Model 2 
(4 items on load) 

0.14 2 .93 1.0 1.06 .00 .007 0.87 0.55 

Model 3 
(5 items on load) 

1.97 5 .85 1.0 1.39 .00 .027 0.53 
 

0.53 
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Introduction 

An adverse drug event (ADE) is commonly defined as an injury resulting from medical intervention related to a drug. 
Providing information related to ADEs and alerting caregivers at the point-of-care can reduce the risk of prescription 
and diagnosis errors, and improve health outcomes. ADEs captured in Electronic Health Records (EHR) structured 
data, as either coded problems or allergies, are often incomplete leading to underreporting. It is therefore important to 
develop capabilities to process unstructured EHR data in the form of clinical notes, which contain richer 
documentation of a patient’s ADEs.  Several natural language processing (NLP) systems1,2 were previously proposed 
to automatically extract information related to ADEs from clinical notes. However, the results from these systems 
showed that significant improvement is still required. Therefore, we aimed to improve automatic extraction of ADEs 
and related information such as drugs and their reasons for administration from patient clinical notes.  

Methods 

 

This research was conducted using discharge summaries from the MIMIC-III database obtained through the National 
NLP Clinical Challenges (n2c2)2 annotated with Drugs, drug attributes (Strength, Form, Frequency, Route, Dosage, 
Duration), ADEs, Reasons, and relations between Drugs and other entities. This dataset consists of 505 de-identified 
clinical notes, of which 303 and 202 notes were released as train and test datasets.  
We developed a two-step joint method enhanced with contextualized embeddings, a position-attention mechanism, 
and knowledge embeddings created using FDA Event Reporting System database (FAERS) for extracting these drug–
centric concepts and relations simultaneously. As a first step, we developed a Drug recognition model using ELMo-
BiLSTM-CRF with word (word2vec), contextualized (ELMo), character, part-of-speech (POS) embeddings as inputs 
and a BIO tagging scheme (Beginning, Inside, and Outside of a drug mention). Next, we developed two Drug–centric 
relation extraction models (Drugà{attributes} and Drugà{ADE, Reason}) to jointly extract {attributes} and their 
relations with Drugs, and {ADE, Reason} and their relations with Drugs. In these models, a joint encoding scheme 
was used that takes annotated sentences and produces drug–centric sequences with respect to a specified target-drug 
(Figure 1). The input features used were word, contextualized, character, POS, positional and semantic-tag 
embeddings. Next, a novel joint position-attention mechanism was introduced to help the underlying network (ELMo-
BILSTM-CRF) focus on global dependencies of the input, tokens of the target-drug of interest and relevant tokens 
with respect to the target-drug. Finally, to introduce medical knowledge into the system, knowledge embeddings were 
generated on FAERS. Specifically, standard_drug_outcome_count and standard_drug_indication_count tables from 
Adverse Event Open Learning through Universal Standardization3, a curated and standardized FAERS resource, that 

Figure 1. Canonical architecture of drug-centric relation. 
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contain case frequencies for drug-outcomes (ADEs) and drug-indications (i.e. Reasons) were used to generate two 
separate token-level knowledge embeddings using Large-scale Information Network Embedding (LINE). Next, these 
knowledge embeddings were augmented into the network by generating target-drug centric knowledge features which 
were obtained by computing similarities between input sequence tokens and target-drug. Figure 1 presents an 
illustration of Drug-centric relation extraction models used in the system. 

Results and Discussion 

For NER, the state-of-the-art system4 used an ensemble (committee) of three different methods: CRF, BiLSTM-CRF, 
and a joint approach. They showed that BiLSTM-CRF is the best among the single models. Thus, we compare our 
system with their best-performing single model and committee approach, as shown in Table 7. Overall, our system 
outperformed the single model by 0.2 percentage points and achieved similar micro-F1 to the committee approach. 
Notably, our system significantly outperformed the committee approach in recognizing the crucial ADE (0.5 points) 
and Reason (5.2 points) entities. For relation extraction, the state-of-the-art system used the committee approach for 
NER, CNN-RNN for relation classification, and post-processing rules. Although post-processing rules are commonly 
used in competitions, they often do not generalize across datasets and therefore are of limited interest. As shown in 
Table 7, Knowledge-joint outperformed the state-of-the-art approach, both with (0.4 points) and without rules (1.6 
points). Notably, Knowledge-joint achieved the best results and outperformed the state-of-the-art in recognizing the 
most crucial and difficult to extract relations: DrugàReason (7.1 points) and DrugàADE (1.4 points). 
 
Table 1. The lenient F1 scores for NER and relation extraction state-of-the-art and our system. The lenient F1 scores for relation 

extraction of state-of-the-art ensemble models with and without rules, compared to our system. 

NER Relation Extraction 

Entity Type 
BiLSTM-

CRF 4 
Committee4 Our System Relation Type 

Committee + 
CNN-RNN4 

Committee + 
CNN-RNN + 

Rules4 
Our System 

Drug 0.955 0.956 0.960 — — — — 
Strength 0.982 0.983 0.980 DrugàStrength 0.964 0.972 0.975 
Form 0.958 0.958 0.958 DrugàForm 0.940 0.952 0.954 
Frequency 0.974 0.975 0.971 DrugàFrequency 0.941 0.958 0.962 
Route 0.956 0.956 0.949 DrugàRoute 0.930 0.942 0.937 
Dosage 0.943 0.948 0.946 DrugàDosage 0.923 0.935 0.937 
Duration 0.856 0.862 0.846 DrugàDuration 0.740 0.786 0.779 
ADE 0.422 0.530 0.535 DrugàADE 0.475 0.476 0.490 
Reason 0.680 0.675 0.727 DrugàReason 0.572 0.579 0.650 
Overall (micro) 0.933 0.935 0.935 Overall (micro) 0.879 0.891 0.895 

 
Overall, the contextualized representations helped differentiate between words and abbreviations that could have 
multiple different meanings. For example, “Ensure” and “contrast” can be understood as either a Drug or a verb. A 
significant portion of Drugà{ADE, Reason} in the dataset are inter-sentential (23%, 31.7%). These relations typically 
span long distances, making them more difficult to capture. Both, position-attention and knowledge embeddings were 
helpful in extracting such relations. Furthermore, knowledge-graph embeddings were useful in recognizing relations 
where contextual clues are insufficient. 

Conclusions

We present our system for extracting drug-centric concepts and relations that outperforms current state-of-the-art 
results. We show that joint techniques, contextualized embeddings, position-attention mechanism and knowledge 
graph embeddings effectively improve ADE extraction. Our system demonstrates the further potential for deep 
learning-based methods to help extract real world evidence from unstructured patient data for drug safety surveillance. 
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Introduction 

Social determinants of health (SDOH) account for many health inequities present today. SDOH include: (a) 
economic stability, (b) level of education, (c) health and health care, as well as place-based determinants like (d) 
social and community context and (e) neighborhood and the built environment, defined as the physical structures 
and facilities in which people live and work.1 Enhancing data sources traditionally used in informatics research, such 
as electronic health records data (EHR) and administrative claims data, with SDOH data can help identify non-
clinical factors that drive health disparities. Yet, EHR and administrative claims may fail to capture relevant SDOH 
dimensions or be restricted due to privacy concerns. Although unstructured text contained in EHR data can be used 
to identify SDOH factors such as housing, living situation, and social support, the use of unstructured data relies on 
natural language processing techniques which are often time and resource intensive to develop and implement.2 
These limitations are less true for methods to obtain SDOH using structured information from publicly available 
surveys and datasets. For example, data from the U.S. Census Bureau, including the American Community Survey, 
have been used to detect socioeconomic gradients for a variety of health outcomes.3 Thus, an opportunity exists to 
(a) identify and summarize federally funded public data sources containing structured SDOH measures, (b) better 
understand the various dimensions of SDOH captured in these databases, and (c) discuss opportunities for 
complementing administrative claims and EHR data with SDOH variables in observational health research.  

Methods 

A review of federally funded, public health and health care data sets related to health disparities was conducted by 
searching federal, regional, state, county, tribal, and territorial government agency websites that collect periodic 
reports on population health and healthcare. We focused on datasets for which there were large nationally 
representative samples with ongoing careful and consistent reporting. Although these types of data sets may be 
produced by non-governmental organizations, federally funded sources are likely to cover the majority of public and 
national SDOH information.  For each included data source, an inventory of the targeted population, age, 
race/ethnicity information, and place-based dimensions of SDOH represented (using the U.S. Healthy People 2020 
framework) was created. The comprehensiveness of identified data sources and SDOH dimensions were reviewed 
for face validity and relevance by two health services research experts (ID and JG). Discrepancies were discussed to 
achieve consensus. 

Results 

Out of 135 federally funded publicly available data sets, we identified 48 promising for representing SDOH. Most 
(43/48, 89.6%) were from government sources; the remainder (5/48, 10.4%) originated from non-profit 
organizations, including educational institutions. Populations for which public, structured SDOH were available 
ranged from the U.S. population (27/48, 56.3%) as a whole to specific subpopulations, such as those with 
development disabilities (5/48, 10.4%), children and adolescents (5/48, 10.4%), Medicare beneficiaries and older 
adults(4/48, 8.3%), adults ages 18 and up (3/48, 6.3%), as well as women (2/48, 4.2%), American Indians/Alaska 
Natives (1/48, 2.1%), and those receiving clinical services (1/48, 2.1%). Although racial and ethnic composition was 
identified for every data source, race and ethnicity was reported in 29 different ways. Table 1 contains SDOH 
dimensions represented across the datasets. 
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Table 1. Place-based dimensions of SDOH identified across federally funded public datasets. 
 

Place-based Dimensions of SDOH Total* 
Health and Health Care (e.g. access to health care, 

access to primary care, health literacy) 
38 

Economic Stability (e.g. employment, food insecurity, 
housing instability, poverty) 

25   

Neighborhood and Built Environment (e.g. access to 
foods that support healthy eating patterns, crime and 

violence, environmental conditions, quality of housing) 

24 

Education (e.g. early childhood education and 
development, enrollment in higher education, high 

school graduation, language and literacy) 

 17 

Social and Community Context (e.g. civic 
participation, discrimination, incarceration, social 

cohesion) 

 12 

*Total is more than 48 because each data source may contain information on multiple SDOH dimensions 

Discussion 

Overall, we identified public and federally-funded data sources capturing SDOH in a range of populations. Although 
most data sources captured race and ethnicity, the reporting of race and ethnicity population groups lacked 
standardization across data sets, limiting the ability for public SDOH data to be pooled according to racial or ethnic 
status. Across data sources, we found that health, economic, neighborhood and the built environment, and education 
SDOH were well-represented dimensions, consistent with the idea that data regarding these areas can be easily 
quantified.  Notably, social and community context was under-represented in many data sources, suggesting that social 
context is not captured well in public, structured data sources, perhaps because it is difficult to measure.4 The depth 
of variables representing SDOH dimensions were generally limited, with the exception of health and economic 
information, which was described in a number of ways. For example, family and individual income, poverty level, 
and occupation were commonly used as different ways to represent economic stability.  

The data sources identified have potential for complementing EHR and administrative claims data with readily 
available information regarding SDOH. SDOH provide essential information to complement observational health data 
traditionally used in informatics research. For example, administrative claims data generally do not include race and 
ethnicity information because these factors do not influence reimbursement rates. However, race and ethnicity are 
highly correlated with many SDOH, like economic strength, that influence health inequities. When linking SDOH 
with administrative claims or EHR data we recommend that researchers: (1) be aware of differing geographic 
granularities between datasets, (2) not ascribe aggregate measures to specific individuals, and use aggregate data in 
context, (3) use care in inference testing that utilizes aggregated measures, as many lack variation that is inherent in 
data at the individual level, and (4) be cognizant of correlations that may occur in similar or related variables. 
Additional health disparities research is needed to overcome these challenges and the issues of privacy and de-
identification that is required for harmonizing administrative claims, EHR data, and public SDOH data. Future 
research should further analyze the completeness and availability of SDOH identified in these datasets.  
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Introduction 

With integration of predictive analytics into electronic health records,1 the challenges of maintaining clinical 
prediction tools requires increasing attention from healthcare administrators and information managers. Reliable, 
accurate clinical prediction models support complex decision-making, inform targeted interventions, and promote 
safety. Insufficiently calibrated models, on the other hand, can lead to misleading information with implications for 
sub-optimal care, misappropriation of resources, and risks to patient safety.1 Unfortunately, we cannot rely on the 
initial performance characteristics of clinical prediction models to be sustained over time without intervention. Clinical 
environments are everchanging and evolving in terms of patient populations, clinical practice, workflows, and 
information systems.2 As a result, the performance of prediction models deteriorates or drifts over time3,4 and effective 
strategies for model updating are becoming critical components of predictive analytics implementations.1,2  

Current updating strategies, typically involving scheduled refitting, fail to 
take advantage of informative feedback on model performance generated 
as patient data accrue. Model refitting may not improve upon the 
performance achievable through simpler recalibration and may even be 
detrimental in some cases.4,5 Learning algorithms influence the form, 
magnitude, and speed of performance drift.3 In turn, differences in 
performance drift impact updating needs in terms of timing, extent, and 
frequency.4 Thus, predefined updating strategies raise concerns of interim 
periods of underperformance between scheduled updating points and 
inefficient allocation of effort for teams managing multiple prediction 
tools. As an alternative, we developed a data-driven updatring framework 
to promote the long-term reliability and utility of clinical prediction tools. 

A Method for Model Surveillance and Informed Updating 

We propose a data-driven, active model surveillance and updating system 
that can be embedded within a production environment to monitor clinical 
risk prediction models and provide guidance on the updating process. This 
system (see Figure 1) accumulates evidence from the stream of data on 
new clinical encounters, identifying and responding to performance drift 
as it occurs. Our data-driven updating approach not only tailors the timing 
of updates, but also the means by which models are updated. Rather than 
assuming refitting a model on a batch of recent data is the best approach, our framework considers model refitting as 
well as recalibration methods that integrate existing model insights with information from recent data. 

To enable this framework, we developed and evaluated a suite of data-driven methods that leverage the stream of new 
patient data arriving in electronic health records. First, dynamic calibration curves provide up-to-date performance 
visualizations and metrics by extending traditional calibration assessments to the streaming data setting using the an 
iterative optimization approach (Adam).6 Second, a drift detection system, based on a one-sided extension of the 
adapative windowing (Adwin)7 algorithm, alerts users to significant increases in miscalibration and indicates a 
window of recent data that may be appropriate for updating. Finally, a testing procedure evaluates competing updating 
methods to recommend adjustments that improve performance while promoting generalizability subsequent patients. 
By using the accumulation of observed data to answer each question rather than assumptions regarding the timing and 
form of performance drift, these data-driven methods may support more consistent, reliable, and efficient clinical 

 
  Figure 1. Conceptual model. 
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prediction. Initial evaluations indicate these 
data-driven methods are successful at identifying 
changes in model performance as it occurs to 
recommend updating approaches leading to 
more stable and accurate performance than 
scheduled, non-data-driven updating strategies.4 
Our framework recognizes and supports the 
range of approaches to clinical prediction. Each 
of the methods within our proposed framework 
are designed to be generalizable and 
customizable. While initially developed for use 
with dichotomous prediction models, these 
methods can be extended for use with continuous, multinomial, and time-to-event outcomes. Additionally, the 
framework can be applied to models based on either regression or machine learning algorithms. This ensures that the 
data-driven model surveillance system can be usable within information systems managing a suite of prediction tools 
and is well-positioned to support the evolving landscape of clinical prediction. 

Illustrative Implementation  

We implemented our framework for a logistic model predicting 30-day mortality after hospital admissions.4 
Developed on 2006 admissions to Department of Veterans Affairs facilities, the model was applied over 7 years with 
either no updating, annual refitting, or surveillance-guided updating. The surveillance-guided approach recommended 
refitting the model during the second quarter of 2010 and additional flexible recalibration at the start of 2011 (see 
Figure 2). Surveillance-guided updating corrected for the calibration drift of the original model and provided similar 
performance to annual refitting despite requiring less frequent model adjustment (see Figure 2 and Table 1). 

      Table 1. Overall performance metrics by updating strategy. 
Updating Strategy AUC O:E Est. Calibration Index 
None 0.849 [0.847, 0.850] 0.876 [0.870, 0.882] 0.029 [0.027, 0.032] 
Annual refitting 0.850 [0.849, 0.851] 0.981 [0.974, 0.987] 0.011 [0.010, 0.012] 
Surveillance-guided  0.849 [0.848, 0.850] 0.927 [0.921, 0.933] 0.012 [0.010, 0.013] 

Conclusion 
Enterprise-wide clinical predictive analytics systems must ensure performance is sustained over time and be agile in 
handling the rapid innovation of predictive analytic methods. Accumulating evidence that “one-size fits all” updating 
strategies may be inappropriate for clinical prediction applications requires new approaches to model maintenance. 
We describe a fully automatable and scalable data-driven model surveillance and updating framework that can 
empower clinical predictive analytics systems to adhere to these requirements. By promoting stable, accurate model 
performance, this work reinforces safety, user confidence, and clinical utility of clinical prediction tools. 
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  Figure 2. Calibration over time by updating strategy. 
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Introduction: Identifying acute events such as adverse drug events (ADEs) as they occur can be challenging in 
large hospital systems. Electronic Health Records (EHRs) have been used to identify ADEs retrospectively using a 
combination of approaches such as billing codes, medication exposures, and natural language processing.1,2 These 
methods however are less amenable for the study of acute conditions, especially for disease with high associated 
mortality. Mean adjusted mortality for the ADE Stevens-Johnson syndrome and toxic epidermal necrolysis 
(SJS/TEN) in the United States has been estimated as high as 19.4%,3 and blister fluid disappears within 48 hours. 
Likewise, mortality among patients with drug-induced torsades de pointes (diTdP) is high, due to sudden cardiac 
death.4 Moreover, collecting bodily samples from patients experiencing SJS/TEN or diTdP for genetic study has 
required multinational efforts. We describe here a text processing tool implemented between 2016-2018 at 
Vanderbilt University Medical Center for recruitment in two prospective clinical studies of rare, life-threatening 
conditions: diTdP and SJS/TEN.  
 

Methods: Prior to the text processing system’s implementation in October 2016, recruitment for both studies was 
performed by intradepartmental manual chart review by study coordinators for at least 10 months. Figure 1 
illustrates the workflow of the recruitment system. The alert tool was integrated into the extant Learning Portfolio 
system, which aggregates clinical notes for educational purposes. This system receives notes from the EHR signed 
by trainees (medical students, residents, fellows), nurse practitioners, and some attending physicians. The text 
queries were implemented via regular expressions designed to handle abbreviations, acronyms, and common 
misspellings matched from the entirety of the note (Figure 2A). A regular expression match generated an email to 
primary investigators, experts in their respective ADE fields, who could evaluate patient eligibility first in the EHR 
or Learning Portfolio before approaching the patient for study consent. A text match also triggered a REDCap 
database entry, where study coordinators could evaluate alert precision and comment on patterns of false negative 
alerts (Figure 2B). Conventional recruitment methods, including canvassing of key medical units and engaging 
departments of subspecialists, continued alongside text match recruitment. Recall for each study was calculated in 
reference to a manual chart review performed by primary investigators of ADE records over the three-year period. 
To test the significance of differences between enrollment rates by recruitment method (i.e. conventional versus text 
match) a poisson regression was run for the time with alerts on (October 2016 – December 2018).  
 

Results: The text processing system improved study recall from 43% to 97% (Table 1). The precision of the alert 
tool was 33% and 4% for diTdP and SJS/TEN respectively. The tool was used to enroll 39 patients (diTdP n=21; 
SJS/TEN n=18) for two prospective studies over 2 years (Figure 3). With alerts, the monthly rate of diTdP 
enrollment was 4.15 times greater (p = 0.005). The monthly inpatient enrollment rate for SJS/TEN was similar by 
method. Five blister fluid samples from SJS/TEN patients were collected in the Emergency Department, a location 
that study coordinators were unable to monitor before the alerts were in place. Minimum time between keyword 
match and consent was 31 minutes.  
 

Discussion: To meet the enrollment objectives of two rare disease studies, we created an event alert system that 
improved recall for two ADEs from 43% to 93% over the prior manual approach, identifying 138 true cases.  In 
addition, higher rates of participant accrual by text match alerts were observed for diTdP. This is likely due to the 
fact that those relatively fewer departments caring for patients with SJS/TEN (i.e., the Burn Unit) became aware of 
the study with the text match alerts in place and later informed the study investigator of potential cases directly. The 
alerts maintained enrollment during the transition of EHR software systems, from a bespoke EHR system to Epic. 
Prior clinical trial alert systems report 51 - 82% sensitivity and were limited to a single department or hospital 
setting (i.e. inpatient or outpatient).5,6 We desired a system with high recall, rather than precision, to maximize the 
potential for recruitment of patients with severe disease. In one case, blister fluid was retrieved in an Intensive Care 
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Figure 1: Alert system 
workflow. Providers not in 
Learning Portfolio were a likely 
source of missed cases. EHR: 
Electronic Health Record.  

 

Figure 2: Text match results. A) Top regular expression 
query match counts B) REDCap survey results. SJS: 
Stevens-Johnson syndrome; SJS/TEN: Stevens-Johnson 
syndrome and toxic epidermal necrolysis; diTdP: drug-
induced torsades de pointes. DRESS: Drug rash with 
eosinophilia and systemic symptoms; AGEP: Acute 
generalized exanthematous pustulosis; idiopathic VF: 
idiopathic ventricular fibrillation; CLQT: Congenital long 
QT syndrome. 

Unit 3 hours before a patient’s death. The benefits observed in real-time capture are limited by the availability of 
recruiters to consent a patient. It is possible that our tertiary care setting observed higher prevalence of these rare 
ADEs and therefore enrollment rates. We evaluated the tool’s ability to improve clinical trial recruitment but 
envision the system in place for acute intervention trials, quality improvement projects, or studies of more common 
acute events such as myocardial infarction or acute respiratory distress syndrome. Future efforts include refinement 
of the contextualized (negation, temporality, and experiencer) mentions to improve precision. Studies looking to 
implement text matching or natural language processing systems with high precision must weigh the risk of 
increasing rates of false negatives, especially for rare or life-threatening conditions. 

 
  

Study 

Unique Notes 
Returned by 

Alerts 

Alert 
System 
True 

Positives 

Alert 
Precision 

(%) 

Total 
Enrolled 

(Both 
Methods) 

Participant
s Enrolled 
by Alerts  

(%) 

Institution-
wide True 
Positives 

Recall 
(%) 

diTdP 293 100 32.9 37 68 107 94 

SJS/TE
N 

880 38 4.3 25 56 42 91 

Total 
1, 173 138 11.8 62 63 149 93 
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Figure 3: Monthly enrollment by recruitment 
method (conventional versus alerts). Cumulative 
emails triggered for both studies (2016-2018) is 
indicated below. Steady enrollment was maintained 
over 3 years for both studies. No alerts were 
triggered for 5 months due to a combination of 
EHR transition and fewer unenrolled patients with 
a history of disease. EHR: Electronic Health 
Record.  

 

A) 

B) 

Table 1: Performance of email alert match by study after system launch. 
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Abstract 

Background: The overall genetic impact of human genome beyond the huntingtin (HTT) gene on the natural 
progression of Huntington’s disease (HD) throughout a patient’s life cycle is largely unknown.  
Motivation: The availability of genome wide association (GWA) data in HD gene expansion carriers (HDGECs) 
and the clinical assessment score on same set of patients provides great opportunity to assess the impact of 
overall genetic impact on natural progression of HD. 
Method: Genetics driven disease progression model for Huntington’s Disease (HD) was built for understanding how 
genetics factors impact the natural progress of HD using a probabilistic disease progression model.  
Result: Several SNPs were discovered to have impacts at different stages of disease progression which can shed light 
on potential mechanistic impact of genes on HD.  
 

Introduction 

Huntington's Disease (HD) is an autosomal dominant inherited disorder that results in neuro-degenerative effects 
caused by an unstable expansion in a trinucleotide (CAG) repeat in the huntingtin (HTT) gene. The HD itself is 
characterized by the progressive loss in several pathophysiological symptoms of a person who carries this disease 
carrier gene CAG1. In recent years, several large-scale observational studies of HD have been conducted to 
examine the triad of clinical measures for motor, cognitive/behavioral, and functional symptoms with the hope 
of understanding the natural history and pathophysiology of the disease2. Previous studies of HD mostly focus 
on predicting the disease onset based on the repeat of monogenic score based on CAG3.  
 

Although HD is known to be caused mostly by unstable expansion in a trinucleotide (CAG) repeat in the 
huntingtin (HTT) gene, it is unknown how the other genes impact the natural progression of the disease 
throughout a patient’s life cycle4. To investigate further, genome wide association (GWA) data have been 
collected in HD gene expansion carriers (HDGECs) for a subset of the same cohort. In a previous study, we 
developed an Integrated HD Progression Model (IHDPM)2 that combines multi-dimensional clinical measures 
and is trained on aggregate clinical measure data from multiple observational studies. However, the natural 
progression of HD may vary across patients depending on their genetic markups. In this work, we extended the 
IHDPM to examine whether genetic variations identified from genome-wide associations (GWA) impact the 
natural progression of HD at different stages characterized by changes in the clinical observational data. 
 

Methods 

In this study, we investigated the clinical impact of genetic components on HD progression using our previously 
built Integrated HD Progression Model (IHDPM)2. We specifically assume that there are SNPs/genes that affect 
the natural progression of the disease throughout the nine states of IHDPM.  We built this GWA enriched disease 
progression model (GWA-enriched IHDPM) on the curated cohort combining the GWA data and HD 
observational data and providing experimental results about the impact of SNPs on disease progression. 
 

In a previous study3, we developed a probabilistic Integrated HD Progression Model (IHDPM) using the 
Continuous-Time Hidden Markov Model (CTHMM) which is best suitable to model HD clinical features 
collected at irregular time-points. This model had led up to a nine-state base progression model. In the GWA-
enriched IHDPM model, we assumed that the SNPs available from GWA data impacts the transition probabilities 
among the nine stages of HD, while keeping the definition of the nine states by fixing the observational model 
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to the original IHDPM. Finally, we used an 
expectation-maximization (EM) based 
algorithm to jointly learn the transitional 
probabilities among the nine states and genetic 
impact on them.   
 

Results 

Our multi-site observational HD data contained 
16553 HD gene expansion carriers (HDGECs) 
and 2716 controls initially, however, only 4179 
samples were able to be linked with the GWA 
data. We used 13 SNPs which were previously 
reported to have large impact on HD as the 
covariates impacting transition probability of 
our GWA-enriched IHDPM4.  
 

Figure 1 shows the impact of most significant 
genes/GWAs (with logOR >=2) on the transition 
probabilities between any two states of nine states defined by IHDPM. Note that our model assumed that the 
transition to a state which is three states after the current state is negligible in our forward progression model. 
Our model can highlight impacts of genes on disease progression that can either accelerate or slow down the 
natural progression of HD as highlighted by the red and blue in the figure respectively. Furthermore, our method 
can also highlight different degrees of 
impacts of the same gene at different 
stages of disease (e.g., PMS2 gene 
accelerates disease progression at state 
2 while slows it down at state 5).  
 

Discussion 

We analysed the impact of covariates 
(SNPs and CAG) on the transition 
probabilities matrix and observed that 
SNPs rs150393409 and rs79727797 from genes FAN1 and GPR151 have the larger impact on the early stages 
of disease progression. We also observed that CAG impacts the transition probabilities of all disease progression 
states, however, the larger value of CAG repeat impacts the transition probabilities more in the transition states. 
We also looked for whether there are any significant coherent patterns of impacts of covariates on the transition 
probabilities using both hierarchical agglomerative clustering and principal component analysis. We discovered 
two prominent clusters of SNPs having similar impact on transition probabilities. The first cluster comprised of 
rs1799977, rs274883, rs34017474, rs35811129 coming from genes MLH1, LIG1 and FAN1 showed most 
coherent patterns of impacts on transition probability matrix as shown in Figure 2. Such insights can help 
populate new hypothesis related to possible mechanistic effects of such genes on clinical phenotypes in HD.  
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Figure 1: Impact of Genes/SNPs on the transition probabilities 
between two states (i,j) of IHDPM as labeled by x-axis. 

Figure 2: Coherent group of genes with similar biological functions 
having similar impact on disease progression. 

Impact of genes/SNPs on transition probability 
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Introduction 
Screening for breast, cervical, colorectal (CRC), and lung cancers can reduce cancer-specific mortality, but the benefit 
is only realized with timely evaluation of abnormal results. Though 100% follow-up should be the goal, data from 
prior studies suggest incomplete and variable rates of follow-up: from approximately 50% for cervical and CRC to 
above 90% for higher risk breast abnormalities.1 Several factors likely contribute to low follow-up, including confusion 
over who is responsible for follow-up (primary care provider vs. specialist who performs or interprets the test), poor 
systems for tracking individuals, lack of coded data for pathology and radiology results, inconsistent coding of 
diagnostic procedures, and complex guidelines that are difficult for providers to implement consistently. 

The multi-level Follow-up of Cancer Screening (mFOCUS) study (ClinicalTrials.gov: NCT03979495) is a primary 
care clinic-level randomized controlled trial developed to improve the follow-up of abnormal results. The mFOCUS 
study required the implementation of an information technology (IT)-based platform to track abnormal results and 
provide intervention components that have previously-demonstrated efficacy: time-based reminders and automated 
problem list additions.2,3 In addition, mFOCUS combines these IT components with non-technological interventions 
including patient navigation, which has been shown to mitigate the effects of social barriers to follow-up.4 Prior to 
launching the trial, we fielded a survey to primary care providers (PCPs) to better understand perceptions of the 
limitations and ability to provide follow-up to patients, as well as provider understanding of pre-implementation IT 
infrastructure for management of patients.  

Methods 
REDCap surveys were disseminated via email to 376 primary care providers, including physicians and nurse 
practitioners, at 31 primary care practices affiliated with one of two medical networks, Massachusetts General Hospital 
or Brigham and Women’s Hospital in Boston, MA in February 2020. A reminder email was sent to non-respondents 
one week after initial dissemination. The final response rate was 63% (N=234).   

Results 
When asked about existing electronic health record (EHR) infrastructure features to help manage patient follow-up 
for abnormal results, only 40.9% of respondents correctly identified that prior to implementation there was no 
network-wide IT system to send visit-based best practice reminders. Similarly, only 51.5% and 44.3% replied correctly 
that no system exists to generate report of all patients with abnormalities for providers or other care-team members.  

Providers were surveyed to assess the factors perceived to be barriers to helping patients receive appropriate follow-
up to an abnormal result (Figure 1). The majority of PCPs noted that each of the factors below was a minor or major 
barrier to providing follow-up for an abnormal result. Limited EHR tools to facilitate management was the factor most 
commonly perceived as a major barrier across all four types of cancers. 
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Figure 1. Respondent identification of barriers to receiving follow-up of abnormal cancer screening results. Barriers include: 1) 
limited EHR tools to facilitate the management of an abnormal result (e.g. population registry, reminders, “smart sets”) 2) Limited 
staff to assist in the management of follow-up in my practice 3) Guidelines of recommendations for diagnostic evaluation are 
complex and difficult to follow. 
Discussion 
The results of the survey build upon previous evidence that supports the development and implementation of an IT-
based system to facilitate the management and follow-up of abnormal results.5 When asked about the current 
availability of IT-based tools built for this purpose, roughly half of respondents failed to identify that there are no such 
system exists, whether reminder-based or report-centered. The widespread belief that an automated “backstop” to 
prevent mismanagement of results exists when no such system has yet been implemented is an indicator of the need 
for such a failsafe. Though recent analyses have indicated it is unlikely that an IT intervention alone can adequately 
mitigate low follow-up rates6, the implementation of the mFOCUS study is supported by the large number of 
respondents affirming the need for such a system to assist with management of abnormal results.   

Staff-related limitations further underscore the need for an IT-based system such as the one developed for the 
mFOCUS trial, which is centrally managed like a population health program. Roughly half of respondents indicated 
that having a limited staff poses a challenge to managing and scheduling follow-up of abnormal results. When 
considered in conjunction with our findings that the role of the PCPs varies across cancer types and practices, these 
data suggest the complexity of navigating the hand-off between the primary care team and specialists performing 
screening tests. Implementing an IT system to make abnormal results readily available and apparent—to whichever 
staff may be available—would facilitate follow-up efforts. 

Lastly, our data show that respondents were aware of the complexity that evidence-based guidelines bring to managing 
abnormal results. As these guidelines are revised, an IT-based system updated with the latest recommendations would 
provide the necessary clinical decision support and ensure that patients receive timely and appropriate follow-up.  
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Introduction 

Stroke is a leading cause of disability and mortality in the developed world,1 which disproportionally affects older adults, a 
growing segment of the US population.2 Unfortunately, nearly a third of stroke survivors experience post-stroke depression,3 
which can significantly impact rehabilitation and recovery. Because stroke rehabilitation can help individuals regain 
independence and improve quality of life,4 there is an urgent need to design precision rehabilitation approaches to prevent or 
manage post-stroke conditions such as depression. 

A critical input into the design of stroke rehabilitation is patient-reported symptoms, a primary focus of the emerging field of 
symptom science. This field has revealed the potential advantages of identifying and designing interventions to target groups 
of frequently co-occurring symptoms referred to as symptom clusters.5 For example, cancer patients often report the symptom 
cluster of fatigue, pain, and sleep disturbance, which could have a common cause (e.g., inflammation caused by a tumor), or 
could result from a cascade (e.g., chemotherapy causing pain, resulting in sleep disturbance, causing fatigue).5 Such symptom 
cluster research can therefore enable a holistic understanding of patients, leading to the design of targeted interventions. 

While analysis of symptom clusters has revealed important insights in cancer, few studies have focused on conditions such 
as stroke. Furthermore, such research has mainly used unipartite methods (e.g., k-means clustering, hierarchical clustering, 
and factor analysis) to identify how symptoms co-occur. However, these methods ignore how those frequently co-occurring 
symptoms form patient subgroups, critical for analyzing their association with outcomes. Here we demonstrate how bipartite 
networks6 can be used to (1) analyze how depression symptoms co-occur to form stroke patient subgroups, enabling analysis 
of their association to physical outcomes, and (2) interpret the results to infer the processes underlying the clusters, and to 
design targeted interventions. 

Method 
Data. We accessed stroke patient data from the Health and Retirement Study (HRS),7 which is a longitudinal, nationally 
representative survey of nearly 20,000 U.S. adults aged 50 and older. The data consisted of all HRS participants with self-
reported stroke (n=1187) from 2010, of which 798 had at least one of 8 depressive symptoms (not happy, did not enjoy life, 
felt depressed, felt sad, felt lonely, couldn’t get going, everything effort, and restless sleep) derived from the Center for 
Epidemiologic Studies Depression Scale (CES-D); covariates included age, gender, race/ethnicity (white/Caucasian, 
minority), education, and self-reported health conditions common in stroke survivors (e.g., Diabetes); outcomes included 
having limitations in one or more activities of daily living (ADLs), and in one or more instrumental ADLs (IADLs). 

Analysis. (1) Bicluster Identification. (a) Represented the data as a bipartite 
network (Fig. 1), where nodes (circles and triangles) represented either 
patients or symptoms, and the edges (lines) connecting the nodes represented 
the presence or absence of a symptom, (b) used bicluster modularity6 to 
identify the number and boundaries of patient-symptom biclusters and the 
degree of biclustering (Q), and (c) measured the significance of Q by 
comparing it to a distribution of Q generated from 1000 random permutations 
of the network; (2) Outcome Association. Used multivariable logistic 
regression (with age, gender, race, education, and self-reported health 
conditions as covariates) to measure the OR of the patients in each bicluster 
to ≥1 ADLs and to ≥1 IADLs, compared to (a) patients that had no depression 
symptoms (n=389), and (b) patients in the rest of the biclusters; (3) 
Visualization. (a) Used Kamada-Kawai6 to layout the network, and 
ExplodeLayout8 to separate the identified biclusters for improving their 
interpretability; and (4) Interpretation. Conducted semi-structured interviews 
with two clinicians that had stroke rehabilitation experience to interpret the 
results, and used Grounded Theory to analyze the interview transcripts. 

Results 

Symptom Co-occurrence. As shown in Fig. 1, the bipartite network analysis identified four biclusters consisting of subgroups 
of stroke patients and their most frequently co-occurring symptoms. This biclustering had significant modularity (Q=0.26, 

 

Fig. 1. Bipartite network showing how 8 
depressive symptoms co-occurred across 4 
subgroups of stroke patients.  
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z=3.03, p<.01, two-tailed). The visualization also revealed that within each bicluster, there were patients on the periphery 
with only one symptom, and patients on the inner part with many symptoms. Furthermore, the proportion of patients with 
more than one symptom in each bicluster was significantly different (χ² (3, N=798) = 106.2, p<.05) across the biclusters 
(Yellow=50.9%, Pink=51.0%, Orange=81.7%, Blue=89.1%). Therefore, while the bipartite network analysis revealed 
symptom heterogeneity across stroke patients, it also revealed a second level of heterogeneity within each bicluster, revealing 
the complexity of how symptoms co-occur within and across patient subgroups. Such insights are difficult to derive from 
unipartite clustering methods currently being used because they do not cluster patients and symptoms simultaneously. 

Association to ADLs and IADLs. Compared to the patients with no symptoms, patients in each of the 4 clusters had a 
significantly higher association with having one or more ADL limitations. However, they differed in odds for ADL ranked 
as follows: (1) Blue Cluster (ADL OR=4.08, 95% CI=2.66-6.29), (2) Yellow Cluster (ADL OR=3.67, 95% CI=2.49-5.45), 
(3) Orange Cluster (ADL OR=2.99, 95% CI=2.01-4.47), and (4) Pink Cluster (ADL OR=2.62, 95% CI=1.74-3.96), with an 
identical ranking order, and similar significance for IADL. Furthermore, the Blue Cluster had significantly higher ORs for 
≥1 IADLs (OR=1.78, 95% CI=1.23-2.60), and the Pink Cluster had significantly lower ORs for ≥1 IADLs (OR=0.56, 95% 
CI=0.38-0.81), compared to the rest of the patients with >1 symptoms. 

Interpretation of Results. (a) Overall Symptom Co-occurrence. The two participants agreed that the 4 symptom clusters were 
clinically meaningful (Blue Cluster implied general discontent symptoms, Yellow Cluster implied apathy symptoms, Orange 
Cluster implied psychosocial symptoms, and Pink Cluster implied sleep disturbance). (b) Potential Processes Resulting in 
IADLs. Because patients in the blue cluster with general discontent symptoms had the highest risk for ≥1 IADL limitations 
compared to the controls, in addition to the significantly higher risk compared to rest of the patients with >1 symptoms, it 
implied that those symptoms interfere in a patient’s ability or desire to engage in activities such as household tasks, managing 
finances, and social integration. Furthermore, because a lack of engagement in such instrumental daily activities often has a 
negative impact on the initial symptoms, further exacerbating their increased risk for >1 IADL limitations. In contrast, 
because the pink bicluster had almost half of the patients with only restless sleep, this group of patients could have a relatively 
lower risk of limitations in IADLs. Future analysis should compare the OR between those with only sleep disturbance, to 
those with sleep disturbance and other symptoms. (c) Implications for Intervention Design. The overall results suggest that 
clinicians and researchers should provide patients that have general discontent symptoms, with therapies to compensate or 
create new values for activities, and to increase participation in IADLs. In contrast, patients with sleep restlessness could 
benefit from targeted sleep hygiene strategies to prevent them from developing more risky symptoms such as those related 
to general discontent, which could require more involved stroke rehabilitation. 

Current and Future Research 
The results demonstrated the feasibility of using bipartite network analysis and visualizations to (1) identify the symptom-
patient biclusters, and (2) interpret the results to infer the processes underlying the biclusters, and to design potential 
interventions targeted to the respective patient subgroups. However, the bipartite network visualization analysis revealed a 
second level of heterogeneity within and across biclusters that requires further investigation, such as which combinations of 
intra- and inter-cluster symptoms are significantly associated with limitations in ADLs and IADLs. Furthermore, as only two 
clinicians interpreted the results reported here, we are using our semi-structured interview protocol to solicit clinical 
interpretations from other clinicians involved in stroke rehabilitation, including physicians, nurses, rehabilitation 
professionals, and behavioral health professionals. Finally, our future analyses will include a broader range of symptoms and 
comorbidities relevant to stroke, which should enable a deeper understanding of heterogeneities pertinent to the design of 
precision rehabilitation in stroke, in addition to the application of our approach to a wide range of other conditions. 
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Introduction 

Clinical decision support systems (CDS), software that provides evidence to guide optimal clinical decision making, 

has its best chance for improving patient outcomes when it is easy to use and the clinician perceives the advice as 

valuable.1 There is a fair amount of evidence regarding how physicians and medical students perceive and adhere to 

CDS  in practice,2,3 but less is known about nurses’ value of and adherence to CDS.4 In particular, there has been 

long standing discussion of differences in clinical decision-making between novice and expert nurses.5-6 
Understanding potential differences between these types of CDS users is important as results may shed light on 

future approaches to improve CDS adherence. The purpose of this study was to describe and differentiate what 

novice and expert nurses perceive as valuable, reasons for adherence and non-adherence and usability among novice 

and expert nurses using a CDS prototype.  

Methods 

For this qualitative study, we used convenience quota sampling to recruit a sample of practicing nurses from multiple 

health care settings who self-reported experience in medical surgical nursing. Our sample included 20 nurses, 9 

novices (<1year clinical experience) and 11 expert nurses 

(> 5 years clinical experience). Data were collected via one-

on-one interviews in a computer simulation laboratory. 

Following written informed consent, nurses were oriented 
to Hands-on Automated Nursing Data System (HANDS) 

software prototype,7 a nursing plan of care software with 2-

4 embedded CDS messages targeting nurse decision 

making (Figure 1). Each nurse read a scenario of a patient 

near end-of-life and were instructed to use HANDS to make 

changes in a plan of care while thinking aloud. This 

unstructured think-aloud process was followed by a 

structured cognitive interview to help clarify rationale for 

the nurse’s decision-making. Interview data were collected 

via audio and videotape using Morae software. We used 

content analysis procedures8 guided by Benner’s Novice to 

Expert Framework5 and constant comparative methods. 
Duplicate coding was performed by EMS and KDL until 

percent agreement reached 90%. Data collection continued 

until no additional themes emerged. The study was approved by the Institution’s Institutional Review Board and nurses 

received $100 honoraria to thank them for their time. Our methods are described in detail elsewhere.7  

Results 

After codes were synthesized, three overall themes emerged that revealed some differences in ways novices and 

experts approached the CDS: 1) Ways of Knowing, 2) Usefulness and Value of the CDS and 3) Comfort with 

Computers.  In the Ways of Knowing theme, we found that both novices and experts used rules to guide their 

decisions.  However, the experts most often relied on their recollection of evidence combined with their analysis of 

similar patients they had cared for, sometimes in opposition to the advice in the decision support prototype.  This 

finding is explained by the Expert RN 3 who said, “This is idealistic and not based on my experiences.” Novices 
were more likely to follow the advice in the decision support prototype and understood the prototype was a form of 

evidence, but sometimes without critical evaluation. For example, Novice RN 1 explained why she followed a CDS 

suggestion by stating, “Here is the fact…(it) is telling me what to do.” 

 
Figure 1: Example of CDS Alert                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                    
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In the Usefulness and Value of the CDS theme, expert nurses felt the prototype was useful when it validated their 

clinical judgments but did not always value the suggestions. They believed the CDS was primarily valuable to 

novice nurses. For example, Expert RN 4 said, “For the new nurse, it will teach them what to prioritize.” In 

contrast, novice nurses understood the value of bringing evidence-based practice to the bedside, Novice RN 7 

explained “I like seeing the statistics, it helps with explaining to families why you are doing certain interventions.” 

We found some of the biggest differences in the Comfort with Computers theme.  Expert nurses were hesitant and 

uncomfortable when exploring the prototype, and often misunderstood graphical and symbolic information. For 

example, Expert RN 6 said, “I wasn’t sure what it stood for and I was afraid to click it.” In contrast, novice nurses 

intuitively explored the prototype and quickly understood the features. Novices were also more likely to correctly 

interpret graphs and symbolic information in the prototype.  

Discussion 

Integrating evidence into nursing practice continues to be a challenge.  Although CDS provides a way to bridge this 

gap, we provide new insights on the differing needs of novice and experts nurses when encountering CDS. We were 

surprised the degree to which some of the expert nurses did not value the evidence contained in the CDS and had 

difficultly using it. The tendency of some of the experts to disregard the advice in favor of their own intuition is 

consistent with earlier research,6 and with dual-process theory where intuitive thinking triggers automated thinking.9 

However, this type of thinking can lead to inaccurate decision making and is particularly troubling as novice nurses 
often seek advice from their expert colleagues.10 Efforts to improve expert nurses’ adherence to CDS may require a 

new ways to trigger analytic thinking (system 2)9 coupled with designs that are easy to use and content about CDS’s 

role in evidence-based nursing practice.  Novice nurses, on the other hand, often valued the advice contained within 

the CDS, but may need encouragement to critically evaluate decision support suggestions before accepting advice.   

Our study is limited by a small sample size that makes it difficult to determine the effect of nurses age on the results.   

Conclusion 

Overall, our findings shed new light on nurses’ perceptions of clinical decision support and align with the idea of 

CDS training being tailored for novices and experts. Next steps should include studies designed to better understand 

CDS features needed to enhance experts’ trust in evidence and features needed to improve novices’ careful 

weighting of evidence in care decisions. Other research recommended is to examine the impact of experience and 

age with a larger randomly selected sample of nurses.  
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Introduction 

The Medicare Access and CHIP Reauthorization Act (MACRA) repealed the Medicare sustainable growth rate formula and 
established the Quality Payment Program (QPP) to improve Medicare access by incentivizing providers to provide high value 

care. QPP consolidated existing programs into two participation pathways that determine Medicare Part B payment 

adjustments for clinicians: 1) The Advanced Alternative Payment Models (Advanced APMs), which establish financial 

incentives for providing high quality and cost-effective care, and, 2) the Merit-based Incentive Payment System (MIPS) which 

provides performance-based payment adjustment based on quality, cost, improvement activities, and promoting 

interoperability1. The Brigham and Women’s Hospital (BWH) Measuring Outcomes in Orthopedics Routinely (MOOR) 

team is under agreement with the Centers for Medicare and Medicaid Services (CMS) to develop a set of orthopedic 

total joint replacement electronic clinical quality measures (eCQMs) for use in MIPS. The purpose of this study was 

to retool an NQF approved claims-based measure, NQF1550, to a risk adjusted eCQM that uses EHR data to 

assess provider group level complication rates on all adult patients post total hip (THA) and/or knee (TKA) 

surgery for use in MIPS. The risk standardized complication rate (RSCR) eCQM is deemed important because 

THA/TKAs are the most common implant surgeries performed on Medicare beneficiaries1 and are increasingly 
performed for younger and more active recipients3.  Although complication rates following THA and TKA procedures 

are relatively low, they can be life threatening. The variation in THA/TKA complication rates across U.S. hospitals, 

suggests a need for routine measurement and quality improvement4. Important limitations of claims-based measures are 

that they may include inaccurate or incomplete data5 and the delay in reporting of claims-based measures limits their 

usefulness for quality improvement. In addition, Medicare claims data exists only for Medicare beneficiaries. Given the 

rising number of adults less than age 65 receiving total joint replacement surgery6, outcome measurement should be 

expanded to include all adults who undergo these surgeries.  

Methods  

We performed an environmental scan and alpha testing using data from six Partners Healthcare (PHS) orthopedic practices 

to validate the need for the RSCR eCQM and to develop draft specifications. This project was reviewed and approved by 

the PHS Human Subjects Committee. The purpose of the environmental scan was to identify related literature, guidelines, 
and competing or related measures to determine if there was a need for the eCQM (e.g., it would provide distinct benefit), 

and to inform risk adjustment. The environmental scan included a structured review of published literature and clinical 

guidelines, review of existing clinical quality measures using the CMS Measure Inventory Tool (CMIT) and NQF database 

Quality Positioning System (QPS), and stakeholder interviews to obtain their perspectives on the eCQM including its 

potential value, benefits, limitations and unintended consequences. Stakeholders included patients who had undergone 

THA/TKA, orthopedic providers and clinicians from PHS sites, and payers from Massachusetts health plans.  

The RSCR eCQM specifications were developed based on the environmental scan, stakeholder engagement, and harmonization 

with NQF1550. Alpha testing was conducted using PHS data and included all adult patients 18 years or older (all payers) who 

had a primary THA or TKA at a PHS facility between January 1, 2016 and December 31, 2018. We excluded patients discharged 

against medical advice and with more than two THA/TKA procedure codes during index hospitalization. We performed 

reliability testing on both the data elements required to compute the RSCR eCQM using NQF eCQM Feasibility Score Card and 

the computed measure score using split half random samples. In addition, we conducted an iterative EHR validation study to 

determine the overall agreement between patients identified as having a complication (or no complication or excluded from the 

denominator) in the eCQM and those who had a complication (or no complication or having exclusion condition or procedure) 

also documented in the EHR. We analyzed areas of disagreement to identify opportunities for measure specification 

improvement. Finally, we calculated hospital/facility level inpatient complication rates restricted to Medicare patients 65 and 

older to validate our findings with those of the nationally reported NQF1550 measure. 

Results 

Environmental scan. Based on the initial search, we screened the title and abstract of 200 records and fully reviewed 54 

papers. A total of 41 manuscripts, two practice guidelines, and three related quality measures met inclusion criteria and 

were used to guide measure development. The environmental scan validated the lack of existing eCQMs that measured 
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both inpatient and outpatient THA/TKA complications for all adult patients at the provider group level using EHR data. 

Stakeholders reported that the measure would be meaningful but warned that risk adjustment was needed to avoid 

unintended consequences (see list of risk adjustment factors identified through environmental scan below).  

Numerator:  Patients aged 18 years and older who had any of the following complications occur during index admission 

and up to 90 days following discharge: acute myocardial infarction, pneumonia, sepsis/septicemia/shock, surgical site 
bleeding, pulmonary embolism, death, mechanical complications, periprosthetic joint infection/wound infection.  

Denominator: The measure population for this eCQM includes adults 18 years of age or older undergoing elective 

primary THA and/or TKA procedures (all payers). 

Alpha testing. The target population consisted of 12,971 patients that received a THA and/or TKA from January 

2016 to December 2018 at PHS. Of these patients, 11,520 (89%) met the inclusion criteria and were included in 

alpha testing. Mean age was 66.5 years.  Most patients were ≥65 (59%), female (57.9%), white (87%), speak 
English as first language (94%), median income of $90,421, and underwent TKA (57%). No differences noted in 

demographics between included and excluded patients. The risk mean complication rate was approximately 2.5%. 

Reliability. The EHR data were available, accurate, and linked to terminology standards according to the NQF eCQM 

Feasibility Scorecard. For measure score reliability, the measure of 

interest for each clinician group was the ratio of the number of 

“observed” to the number of “expected” complications. As noted in 
Table 1, the test and validation samples give similar ranking of the six 

clinician groups with respect to the observed/expected ratios, and a 

Spearman rank Correlation of .94.  Also, the model has similar 

performance in both the test (ROC=0.66) and validation samples 

(0.62). The inter class correlation (ICC) between clinician groups and 

the ICC value was .003398, suggesting minimal variability across 

clinician groups within PHS (as noted by the observed/expected ratios) 

and as noted by the Yale CORE in the publicly reported Hospital Compare claim-based measure (Table 2). 

Validity. The socio-demographic data elements needed for risk adjustment were consistently present in the EHR; all less 

than 3% missing: insurance type, body mass index, primary language, smoking status, zip code, sex, race, age, and 

conditions. There was excellent agreement between manual chart review (gold standard) measure calculation and the 

RSCR eCQM with Kappa/percent agreement ranging from .83/88.9% in round 1 to .95/96.7% in round 5.  
Table 2: Observed complication rates for 
Medicare fee-for-service beneficiaries 65 years 
and older NQF1550 Nationally reported 
(inpatient only) rates vs. PHS (inpatient vs. 

inpatient and outpatient) rates 

*2018 data not available for NQF1550 

2016 2017 

N
Q

F
 15

50 
N

atio
nal 

Inp
atient 

C
om

plication 
R

ate 

P
H

S
 

Inp
atient 

C
om

plication 
R

ate 

P
H

S
 

Inp
atient A

N
D

 
O

utpatient 
C

om
plication 

R
ate 

N
Q

F
 15

50 
N

atio
nal 

Inp
atient 

C
om

plication 
R

ate 

P
H

S
 

Inp
atient 

C
om

plication 
R

ate 

P
H

S
 

Inp
atient A

N
D

 
O

utpatient 
C

om
plication 

R
ate 

Numerator 8754 21 97 7941 44 139 

Denominator 336,689 1158 3006 330,900 1725 4208 

Observed Complication Rate 2.60% 1.81% 3.23% 2.40% 2.55% 3.30% 

Discussion and Conclusions 

This study reports on the alpha testing of a THA/TKA RSCR eCQM. The specifications were developed through 

harmonization with an existing claims-based measure, environmental scan and engagement of key stakeholders. 

Although the claims-based CQM and the proposed RSCR eCQM have the same measure focus, the RSCR eCQM 

considers both inpatient and outpatient complications, providing a more accurate assessment of true complication 

rates. Additional testing and validation are planned at a geographically distant site using data from a different EHR 

vendor system. Once validated, the RSCR eCQM will enhance MIPS by equipping clinician groups with an efficient 
tool for evaluating quality locally using EHR data, while meeting the requirements of MIPS and the QPP.  
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PHS Clinician 

Group 

Predicted/Expected Ratios 

Test Validation 

A 1.05569     1.05341 

B 0.99285     0.98831 

C 0.94569     0.93582 

D 1.04816     1.04939 

E 0.97487     0.98147 

F 0.98567     0.99574 

Table 1: Predicted/expected ratios for the 6 clinician 
groups (blinded) for the test and validation samples 
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Introduction: Early detection of severe pediatric illness followed by rapid intervention is critical to improving 

outcomes. Key features in detection include patient vital signs (VS) such as heart rate, blood pressure and 

oxyhemoglobin saturation1. The widespread implementation of electronic health records (EHR) has transitioned VS 

documentation from paper to electronic, either through manual entry or verification of VS from bedside monitors2. 

However documentation is often incomplete or inconsistent3. Physiologic streaming VS from patient monitors offer 

alternatives to EHR-documented VS. Such data elements are more granular but involve technical challenges in 

developing streaming analytics platforms to use in clinical decision support (CDS) tools.  

Objectives: The goal of this study was to examine the quality of EHR compared to streaming VS in pediatric severe 

sepsis. Accurate VS measurement is essential to detecting clinical deterioration in sepsis and other critical illness.  

Methods: This IRB-approved retrospective cohort study included patients admitted to a single center academic PICU 

from July 2017 – December 2018. We included all unique encounters with a PICU admission during the study period 

and ICD-9 diagnosis codes for severe sepsis and septic shock. We matched each unique PICU encounter to the 

enterprise EHR database to extract VS and admission–discharge–transfer (ADT) events. We defined an ADT epoch 

as a bed assignment in the PICU with bounding ADT events, within a single encounter. 

Streaming VS were recorded from GE bedside monitors on a GE CareScape network and transmitted via streaming 

analytics platform to an IBM Hadoop database server. Recorded EHR and streaming VS variables included heart rate 

(HR), respiratory rate (RR), pulse oximetry (SpO2) and blood pressure, measured either using non-invasive methods 

(NBP) or invasive arterial blood pressure monitoring (ABP). EHR VS are either nurse-validated or manually entered.  

We analyzed ADT epochs with paired EHR and streaming VS. Data were analyzed within the dimensions of 

completeness, concordance, plausibility, and currency4. Completeness was assessed with summary statistics (e.g. 

counts of vital signs by variable type) and records per hour of epoch. To assess concordance, for each EHR VS element 

surrounded by > 5 streaming VS per minute, we calculated the distribution of streaming VS values in a ±20 minute 

window surrounding the EHR VS event time. We report the distribution variance and computed z-score of the EHR 

VS data point in that distribution. To estimate plausibility we identified the fraction of time streaming VS were outside 

of a priori cutoff values. We assessed currency by examining EHR VS filing delay, or the time between validating a 

vital sign and its recorded time in the chart (e.g. nurse validates 13:00 VS at 13:04, resulting in a 4 min filing delay).  

Results: We identified 120 unique PICU encounters which met inclusion criteria, representing 113 unique patients. 

Median PICU encounter length of stay was 150.8 hours [IQR 44.7, 385.8]. The total number of ADT epochs was 236, 

with a median of 2 [IQR 1, 2] per PICU encounter. Median ADT epoch duration was 37.1 hours [IQR 0.6, 229.7]. 

Filtering to include only ADT epochs with duration greater than one hour left 161 epochs with a median duration of 

Table 1. Raw counts of EHR and streaming vital signs 

 EHR VS Streaming VS 

 Total 

Count 

Median [IQR] Per 

ADT Epoch 

% Missing 

By Hour 

Total 

Count 

Median [IQR] Per 

ADT Epoch 

% Missing 

By Hour 

HR 166,480 320 [100, 705] 0.4 % 34,287,866 14,290 [0,  133,200] 7.8 % 

SpO2 165,696 324 [99, 978] 0.4 % 34,532,021 14,260 [0,  136,200] 7.8 % 

RR 154,792 312 [97, 946] 1.2 % 30,353,082 13,220 [0,  125,900] 9.4 % 

NBP 45,191 95 [44, 229] 17.5 % 7,373,612 3,785 [0,  37,250] 17.7 % 

ABP 56,085 52 [0, 346] 16.3 % 13,200,972 0 [0,  20,030] 18.3 % 
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117.9 hours [IQR 35.3, 265]. Table 1 shows a raw VS counts and the % of ADT epoch hours missing each VS element.  

Percent of ADT epoch where streaming 

VS were outside of pre-specified cutoffs, 

derived from age-based norms, varied by 

VS (see Figure 1). Median [IQR] percent 

of time above HR cutoff was 10.2% [2.1, 

27.2] and percent of time above RR 

cutoff was 15.2% [7.1, 33.1]. Median 

[IQR] percent of time below ABP cutoff 

was 1.9% [0.5, 3.3] and percent time 

below SpO2 cutoff was 1.3% [0.5, 2.6].  

The difference between EHR validation 

and recording time in chart was split by 

vital sign, as distributions were 

significantly different by Kruskal-Wallis 

test (p < 0.001). Pair-wise comparison 

(Wilcoxon adjusted) demonstrated 

significant differences (p < 0.05) 

between all pairs except heart rate vs 

SpO2 (p = 0.27), although differences 

approached non-significant in 

respiratory rate vs SpO2 (p = 0.0495) 

and NBP vs ABP (p = 0.025). Median 

[IQR] time difference (minutes): heart rate: 6 [1, 20]; SpO2: 

6 [1, 20], ABP: 7 [1, 21], NBP: 8 [1, 25]; RR: 6 [1, 21]. 

Discussion: This study examined the quality of EHR and 

streaming VS across domains including completeness, 

concurrence, plausibility and currency in PICU patients with 

severe sepsis. Understanding VS source data quality and 

limitations is critical when designing CDS systems fed by 

these VSs. Additionally, the secondary use of VS elements 

as exposures or outcomes must reflect the data source 

limitations, e.g. estimating continuous VS signals from 

sampled hourly EHR VS measurements. We encountered substantial missingness in our archived streaming VS, which 

we suspect is due to technology failures surrounding archiving these data; such downstream failures would not impact 

real-time CDS systems, which could still be impacted by upstream failures (e.g. a disconnected monitor). Recorded 

EHR VS were not simply the mean of surrounding streaming VS but z-scores varied substantially, suggesting 

discordance between EHR and streaming VS, possibly due to sampling bias or modification of VS on manual EHR 

entry. Time above & below a priori cutoffs may prove useful exposure or outcome variables, as streaming VS are a 

more granular sample of the underlying physiologic signal. Finally, EHR VS record entry were delayed across all vital 

signs which could further decrease the timeliness, and thus usefulness, in CDS systems. Limitations of this study are 

that it is a single-center study on a limited population and that a high (8%) degree of missingness was present. However 

the results suggest that we must carefully analyze the source data prior to using vital sign features in CDS systems. 
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Figure 1. Example of streaming VS time above age-based HR cutoff 

indicated by grey background for a single patient over a 4-hour 

window, with EHR VS (all below cutoff) indicated by red diamonds. 

Table 2. Concordance of EHR and streaming VS  

 Z Scores  

(Median [IQR]) 

Variance  

(Median [IQR]) 

HR 0.23 [-0.33, 0.68] 26 [10, 62] 

SpO2 -0.16 [-0.56, 0.41] 1.4 [0.5, 5.4] 

ABP 0.22 [-0.23, 0.61] 29 [11, 97] 

RR 0.14 [-0.29, 0.47] 31 [10, 82] 
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Introduction: Currently in the United States there have been growing concerns about electronic health records (EHRs) 
and their contribution to documentation burden and rising burnout rates. Recent literature has shown that more than 
half of physicians may experience burnout1 and that EHRs may play a part.2 A lack of usability is often one of the 
characteristics of an EHR under scrutiny. The International Organization for Standardization defines usability as “the 
extent to which a product can be used by specified users to achieve specified goals with effectiveness, efficiency and 
satisfaction in a specified context of use.”3 Burnout has been strongly associated with EHR usability with more 
favorable usability scores associated with lower odds of burnout.4 A lack of usability also may contribute to patient 
harm5 and can have lasting effects on clinical work-life balance and job satisfaction.6,7  
 

To assess usability and integrate previous tools, Yen and colleagues developed the Health IT Usability Evaluation 
Scale (Health-ITUES), a validated usability evaluation model based on the Technology Acceptance Model.8,9 Health-
ITUES contains customizable questions that evaluate the interaction of a user performing a task using a system in a 
specified setting.8 Using this format questions are generated on four different usability constructs: Quality of Work 
Life (QWL), Perceived Usefulness (PU), Perceived Ease of Use (PEU) and User Control (UC). In this model, survey 
questions are representative of more specific concepts within a construct (e.g., the PU construct contains questions 
about concepts like performance speed).  
 

The implementation of an EHR system provides an exciting opportunity to study health professionals’ changing 
perceptions about usability. The primary objective of this study was to survey all clinical staff of a large academic 
medical center prior to and post-implementation of a new vendor EHR (EpicCare© EHR) to help understand EHR 
usability in the areas of clinical documentation and information retrieval. The secondary objective includes identifying 
potential areas for EHR optimization by stratifying survey results by roles, groups and settings. This survey is part of 
a larger study analyzing multiple modalities including time motion observations and hospital metric/documentation 
review prior to and post-EHR implementation. In future work, our team will triangulate the objective time motion data 
with survey data to create a more comprehensive evaluation of an EHR’s impact on clinical staff. This level of detail 
will inform ongoing initiatives to streamline clinical workflows and alleviate EHR-related documentation burden. 
 

Methods: We customized a 19-question survey from the validated Health-ITUES8,9 focused specifically on clinical 
documentation and information retrieval within usability constructs of QWL, PU, PEU and UC. Two additional 
questions were added about cognitive support and situational awareness (CSSA). Responses were scored on a 5-point 
Likert scale ranging from 1 (strongly disagree) to 5 (strongly agree) with higher scores denoting higher usability. 
Respondent demographics were gathered including: role, specialty, work setting, experience years and history of EHR 
use. The electronic survey was anonymously administered over a 5-week period from October to December 2019 (4 
months prior to EHR implementation) to 11,887 patient-facing health professionals at a large academic medical center 
in multiple settings (e.g. Inpatient [IP], Ambulatory clinics [AMB], Emergency Dept. [ED]). In the future, this survey 
will be distributed at 3- and 6-months post-implementation. Questionnaires were considered complete when amount 
of missing data was <10%. One-way and two-way analysis of variance tests and pairwise comparisons with Bonferroni 
correction within groups were conducted on responses based on demographic information.  
 

Results: Of the 11,887 participants surveyed, 3,598 completed at least 90% of the survey (30.27% response rate).  
4,266 participants completed at least some of the survey (35.89% response rate). Of those with a 90% completion rate, 
73.3% were female, 57.2% were under 45 years old, 53.7% had less than 5 years of experience with the current EHR 
and 71.4% used other EHRs in the past. By role, 33.7% were registered nursing staff (RN), 33.1% were ordering 
providers (OP): physicians/nurse practitioners/physician assistants, 15.8% medical/nursing assistants (MNA), 5.6% 
therapeutic service members, 5.3% mental health providers and 5.3% other. Respondent settings were: IP (45.9%), 
AMB (25.7%), AMB and IP (21.4%), other (4.8%) and ED (2.2%). A brief response summary is shown below. 
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Table 1. Comparison of usability construct mean scores (standard deviation) per various demographic details. 
 Usability Constructs 

Demographic Details Quality of Work Life Perceived Usefulness Perceived Ease of Use User Control CSSA* 
 Overall Mean 3.90 (1.11) 3.29 (1.27) 3.50 (1.13) 3.12 (1.21) 1.83 (1.01) 

Roles OP 3.71 (1.14) 2.83 (1.25) 3.12 (1.17) 2.63 (1.18) 1.58 (0.88) 
RN 3.99 (1.05) 3.42 (1.23) 3.67 (1.07) 3.31 (1.15) 1.83 (1.03) 
MNA 4.09 (1.08) 3.89 (1.11) 3.89 (1.03) 3.74 (1.12) 2.17 (1.09) 

p value† <0.001 <0.001 <0.001 <0.001 <0.001 
Setting	 AMB & IP 3.76 (1.13) 2.95 (1.29) 3.27 (1.20) 2.75 (1.23) 1.67 (0.99) 

AMB 3.86 (1.14) 3.20 (1.27) 3.41 (1.12) 2.94 (1.21) 1.84 (1.02) 
IP 3.97 (1.07) 3.48 (1.21) 3.63 (1.08) 3.35 (1.15) 1.87 (1.01) 

p value <0.001 <0.001 <0.001 <0.001 <0.001 
Setting by 

Role	
AMB & IP OP 3.62 (1.17) 2.63 (1.24) 3.00 (1.21) 2.42 (1.16) 1.46 (0.84) 
AMB OP 3.74 (1.14) 2.87 (1.24) 3.08 (1.14) 2.57 (1.14) 1.66 (0.91) 
IP OP 3.83 (1.10) 3.07 (1.23) 3.35 (1.12) 2.97 (1.16) 1.65 (0.90) 

p value 0.002 <0.001 <0.001 <0.001 0.001 
AMB & IP RN 3.91 (1.10) 3.28 (1.26) 3.65 (1.11) 3.18 (1.17) 1.80 (1.03) 
AMB RN 3.92 (1.12) 3.25 (1.23) 3.49 (1.03) 3.04 (1.14) 1.84 (1.07) 
IP RN 4.03 (1.02) 3.49 (1.22) 3.66 (1.08) 3.38 (1.15) 1.82 (1.01) 

p value 0.223 0.002 0.109 <0.001 0.9024 
Past Use 
of Other 

EHR 

Yes 3.87 (1.13) 3.25 (1.29) 3.49 (1.15) 3.08 (1.24) 1.77 (1.01) 
No 3.94 (1.04) 3.47 (1.13) 3.53 (1.07) 3.25 (1.13) 1.96 (1.01) 

p value 0.003 <0.001 0.089 <0.001 <0.001 
Analysis of variance between groups in bold: p<0.05;*CSSA: Cognitive Support and Situational Awareness; †Roles	P value: analysis of 
variance performed amongst all role groups with means of only some groups summarized here. 

 

Discussion: Significant differences in EHR usability perceptions were observed based on role, setting and previous 
EHR use. OPs consistently denoted less usability across constructs when compared to RNs, MNAs and other role 
groups (not shown in Table 1). This represents less OP satisfaction with documentation and information retrieval in 
areas like EHR productivity, usefulness and ease of use. In general, responses of staff involved in both AMB and IP 
settings presented less usability compared to those in AMB or IP alone. This is especially seen with OPs and may be 
secondary to the burden of needing proficiency in multiple EHRs in AMB and IP settings. Respondents that had 
previously used other EHRs denoted significantly less satisfaction in most constructs, suggesting EHR comparisons 
may affect usability ratings. Respondents across settings and roles reported lower usability in constructs of UC (EHR 
on-screen help, alerts and error prevention) and CSSA (the need to navigate multiple screens to document or retrieve 
information), denoting these as areas for improvement post-implementation. Our upcoming work (in summer 2020) 
includes post-implementation surveys to assess usability perception changes from this baseline data and triangulation 
with time motion study data to identify EHR optimization areas. These findings will be included in our presentation. 
This method may be applied to other organizations and will inform how we craft, implement and optimize future 
EHRs, guiding our focus to certain EHR components, clinical workflows and settings. This multi-method and stepwise 
approach, may help alleviate dissatisfaction, documentation burden and burnout associated with EHR systems. 
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Learning objective: Understand the application of user centered design principles in designing a clinical decision 
support intervention and its implementation to improve uptake of health maintenance in the inpatient setting. 
 
Introduction 
The pediatric population is at high risk of morbidity and mortality from influenza, yet pediatric influenza vaccination 
rates remain about 60% in the US.(1,2) Inpatient settings represent an additional opportunity for providing seasonal 
influenza immunizations to eligible children. There are few prior studies of CDS interventions to improve inpatient 
pediatric influenza vaccination and they vary in their patient population and methodology,(3–5) but one study showed 
an increase from baseline vaccination rates of 2.1% to 8.0% post-implementation.(6) We hypothesized that a clinical 
decision support (CDS) intervention designed with user-centered design principles would improve inpatient influenza 
vaccine administration rates at a metropolitan children’s healthcare system. 
 
Methods 
We designed a preliminary admission order set incorporating a default influenza vaccine order as a smart set in the 
EPIC electronic medical record, which could be incorporated into any order set. We performed formative usability 
testing with front-line clinicians, in which they were presented with an interactive prototype and instructed to use it in 
two clinical scenarios. Based on this testing, we adjusted the CDS design (final design in Figure 1).  

 
Figure 1: Final design of our pre-checked influenza vaccine order to be incorporated in admission order sets. 
 
This module was dynamically incorporated into admission order sets for pediatric patients meeting the following 
eligibility criteria: ≥6 months old, no prior documented influenza vaccine in the current season in our health system 
or the state immunization registry, and no anaphylaxis to a prior influenza vaccine. We implemented the CDS in a 
quasi-experimental, stepped-wedge clinical trial design.(7) As we obtained stakeholder support for expansion into the 
relevant general pediatric/ subspecialty admission order set, we sequentially expanded in 3 major phases.  
 
We compared the proportion of eligible patients to which influenza vaccine was administered during our 2019-20 
intervention period (9/19/2019-05/28/2020) and the 2018-19 season (historical controls). To account for secular 
trends, we  compared the vaccine administration rates for our intervention group to those whose admission order sets 
did not incorporate the CDS at the time of their admission during the 2019-20 season (concurrent controls).  
 
Results 
Of 10,511 admissions during the intervention period, 9,467 patients were eligible for influenza vaccination. During 
the intervention period, influenza vaccine was administered to 2341/9467 (25%) of eligible patients, compared to 
1072/10428 (10%) among historical controls admitted during the same time period (χ2(1) =729,  p< 0.00001). Among 
the intervention group, vaccination rates were 29% compared to 15% for concurrent controls (χ2(1) =227,  p< 0.00001).  
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Figure 2: Proportion of patients receiving influenza vaccination in the intervention group for the 2019-2020 season 
compared with eligible patients not exposed to the intervention during the 2019-2020 season (concurrent controls) 
and eligible patients from the 2018-2019 season (historical controls) meeting the intervention group criteria.   
 
Conclusion 
A CDS intervention targeting influenza vaccine eligible patients incorporated into a pediatric admission order set, 
doubled seasonal influenza vaccine uptake during inpatient encounters in a metropolitan children’s healthcare system.  
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Introduction 
The continuing prevalence of Electronic Health Record (EHR) systems offers great promises for their secondary use 
in biomedical research. However, the utility of EHRs for research is hindered by legitimate and known data quality 
concerns. In its most recent publication, the Office of the National Coordinator (ONC) for Health IT has identified 
leveraging high-quality electronic health data for research as one of the two overarching goals.1 One of the more 
challenging aspect of assessing EHR data quality is quantifying the plausibility of diagnoses records. This is because 
EHR observations reflect a complex set of processes that may not be direct indicators of patients’ “true” health states 
at different time points, but rather reflect the clinical processes, the patients’ interactions with the system, and the 
recording processes.2 Therefore, the existence of an ICD code for a disease in a patient’s electronic records does not 
necessarily mean that the patient truly has the disease. Computational phenotyping aims to provide algorithms that 
use discriminative models to shed light on this problem for specific diseases, which is often costly and requires expert 
involvement to curate features and training sets. We present a computational approach that leverages the concept of 
transfer learning to measure the plausibility of diagnoses records in the EHRs for a wide range of diseases. To do so, 
we trained generative models using a small set of disease-agnostic features that represent healthcare dynamics. 

Methods 
Our goal is to estimate the likelihood of disease 𝑍 in a patient 𝑃 at time 𝑡!, given the diagnosis record 𝑅 for the disease 
at 𝑡" ≥ 𝑡!. Let’s assume 𝑅 represents a vector of records and 𝑌 is an outcome variable (e.g., 𝑌 = 1 means diagnosis 
record is true), obtained from EHR data. We model both the features 𝑅 and the target variable 𝑌 as random (i.e., 
stochastic) variables with a joint distribution 𝑝(𝑟, 𝑦). Discriminative models (such as logistic regression), aim to learn 
explicit hard/soft boundaries between different classes of 𝑌 in the data. These classifiers directly model the conditional 
probability 𝑝(𝑦|𝑟). Generative models, instead, make structural assumptions on the data that preclude overfitting. 
They aim to learn the distribution of different classes of 𝑌 in the data, by learning the joint probability  𝑝(𝑟, 𝑦) – i.e., 
generative models care about both 𝑝(𝑦|𝑟) and 𝑝(𝑦).3 Generative models can have a higher upside for the computing 
disease probabilities due to their ability to learn from small gold-standard labeled data.  
We use data on 19 diseases (𝑍!, … , 𝑍!#) from Mass General Brigham Biobank for which we have curated gold-standard 
labels through expert review of clinical narratives. This dataset includes 1,063 unique patients. For each of the 
diseases, a patient in the cohort has at least one record of the diagnosis code for the given disease and an outcome 
label.  
We extract a small set of healthcare dynamics features 𝑅 = {𝑅!, … , 𝑅$} that include, for example, the number of 
distinct dates in which the diagnosis code was recorded, the number of distinct providers who recorded the diagnosis 
code, age and gender of the patient, and the encounter type (inpatient, outpatient, …) for the diagnosis record.  
To minimize overfitting and redundancy between these features, we first run a filter-type feature extraction method 
using joint mutual information as scoring criteria. We apply three generative models, Linear and Quadratic 
Discriminant (LDA and QDA) analyses and Naïve Bayes classifiers to these data to model 𝑝(𝑟, 𝑦) and therefore 
𝑝(𝑦|𝑟). To ensure generalizability over a wide range of diseases, we test the transferability of a classifier trained on 
data from other diseases using the vector of healthcare dynamics features, 𝑅. To implement and test this concept, for 
each disease Z we compute 𝑝(𝑦%|𝑟) from training the classifier on data that do not include disease Z and testing its 
performance in predicting class labels for the disease Z. We performed 10 iterations of classifier training with 
bootstrap cross-validation. The most sensitive and most specific classifiers at operating point 0.5 is selected to compute 
probabilities. 
We then use the trained classifier to compute 𝑝(𝑌%& = 1|𝑟'&) : the probability that patient 𝑖 has disease 𝑍, given the 
vector of features computed from patient data up to time 𝑡 . This is computed for each time point on the patient’s 
medical record.  
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Results 
Classification performance metrics were computed on the validation set, which is the labeled data for each disease. 
The area under the receiver operating characteristic curve (AUC ROC) is reported for the top classifier performance 
on each disease in Table 1. In general, we found that the performance of the generative transfer learning is comparable 
with the performance of the computational phenotyping algorithms that were trained using knowledge-based features 
extracted from diagnosis, medication, and lab records as well as clinical notes.  
Table 1. The area under the receiver operating characteristic curve (AUC ROC) from generative transfer learning. 

phenotype Asthma UC BrCa CAD CD CHF COPD Depression AD 
AUC ROC 0.83 0.95 0.95 0.98 0.96 0.87 0.87 0.74 0.86 
phenotype Epilepsy Gout HTN RA SCZ Stroke T1DM T2DM AFIB 
AUC ROC 0.97 0.94 0.88 0.97 0.88 0.89 0.98 0.92 0.95 

* UC: Ulcerative colitis, BrCa: Breast Cancer, CAD: Coronary atherosclerosis, CD: Crohn's disease, CHF: Chronic heart failure, 
HTN: Hypertension, RA: Rheumatoid arthritis, SCZ: Schizophrenia, Ad: Alzheimer’s  
In computing probabilities, we selected 2 models for each phenotype: (1) the most specific model (best specificity), 
and (2) the most sensitive model (best sensitivity). Each of these models are conservative towards true 
positive/negative cases. In most cases, the two models accordingly predicted the true disease status. Figure 1 presents 
examples of plausibility estimates for Epilepsy (plot on the left) and Hypertension (plot on the right) for two individual 
patients. In the case of a true negative patient, the specific model does a better job of identifying who from the healthy 
group is not identified as having the disease. Naïve Bayes models had the best specificity, while LDA and QDA 
models had the best sensitivity. 

 
Figure 1. Probabilities of Epilepsy (left) and Hypertension (right) records over time. 

Discussion 
Quantifying plausibility of diagnosis records requires specialized computational or rule-based algorithms – both of 
which are known as phenotyping in clinical informatics – are expensive and thus do not scale over a wide range of 
diseases. We are developing a generative transfer learning approach using disease-agnostic features that represent 
healthcare dynamics. We showed that, with our proposed approach, the joint probabilities we learn from generative 
models about healthcare dynamics are transferable to other diseases. Because these models are inexpensive (i.e., 
features are generalizable and uniform, and algorithms are not computationally intensive), this approach is scalable to 
compute disease probabilities for a wide range of diseases. In cases where access to specialized phenotyping is not 
possible, probabilities computed from the generative transfer learning models can be used as silver-standards for 
further semi-supervised learning. We are working on incorporating additional healthcare dynamics features. 
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Introduction. Mental health concerns (e.g., anxiety disorders, post-traumatic stress disorder (PTSD), depression) 
are highly prevalent among US military Veterans. It is important to engage Veterans with mental health conditions 
in health care; however, this is often challenging. Online patient portals that are linked to a patient’s electronic 
health record offer a platform through which patients can interact with a healthcare system and access their health 
information, potentially reducing barriers to care. Our objectives were to assess extent of portal use and examine use 
of key portal features among Veterans with select mental health diagnoses. 
 
Methods. These data comprise a retrospective database analysis of use of VA’s My HealtheVet patient portal 
(MHV) among Veterans across the nation who receive VA health care. We identified Veterans (n=159,581) who 
had the following diagnoses in the year preceding their index date: depressive disorders, PTSD, substance use 
disorders, anxiety disorders, psychotic disorders, adjustment disorder, bipolar disorder, and documented history of 
military sexual trauma (MST). For MHV ‘users’, the index date was defined as the first time they used MHV in VA 
fiscal year (FY) 2013; for MHV ‘non-users’, the index date was set at October 1, 2012 (i.e., the first day of FY13). 
We collected information on Veteran demographics, registration for MHV, and use of key MHV features (i.e., portal 
registration, medication refill, appointment view, secure messaging, viewing/downloading content from their health 
record) in the year succeeding each Veteran’s index date. We used descriptive statistics to characterize the 
demographics and use of MHV features among Veterans from each mental health diagnosis group. We then 
calculated unadjusted and adjusted odds of portal feature use among each diagnostic group using logistic regression 
models; adjusted models controlled for: age, gender, race, ethnicity, VA enrollment group, income, region of 
residence, urbanicity of residence, distance to VA, Hierarchical Condition Category risk-adjustment score, and 
multimorbidity of mental health diagnoses (i.e., two or more of the included diagnoses). 
 
Results. The most prevalent diagnosis among our sample was depressive disorders (52.8%) and the least prevalent 
was documented history of MST (1.2%). Most of the Veterans in our sample were male (93.3%), between the ages 
of 60-69 (37.8%), white (73.8%), and urban-dwelling (63.5%). Overall, 13.7% had registered with MHV; the 
greatest proportion of registered users were among Veterans with a documented history of MST (41.7%) and the 
lowest proportion among Veterans with a psychotic disorder (7.1%). Results of adjusted analyses comparing odds of 
MHV registration and feature use for each diagnosis group (vs. other Veterans with mental health concerns who did 
not have that diagnosis) are displayed in Table 1. Results indicate that Veterans with a documented history of MST, 
adjustment disorders, anxiety disorders, PTSD and depressive disorders had increased odds of MHV registration, 
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whereas Veterans with bipolar, psychotic and substance use disorders had decreased odds. See Table 1 for additional 
results detailing use of MHV features, and corresponding odds ratios/confidence intervals.  
 
Discussion. Results suggest that among Veterans with mental health diagnoses, patient portals are most likely to be 
used by patients with diagnosed depression, anxiety and stress-related disorders, and particularly patients who have 
a documented history of MST. Conversely, portal use may be limited among Veterans with bipolar, substance use, 
and psychotic disorders. It is important that patients with mental health concerns feel empowered to (and go on to 
actually) engage with patient portal features. Research assessing the underlying reasons for low portal engagement 
among these patient groups is needed and may offer insights into how to bolster portal use. Our results highlight the 
potential utility of outreach efforts aimed at encouraging these patient groups to engage with patient portals. 
 

Tables 
Table 1. Adjusted Odds of MHV Adoption and Use by Mental Health Conditiona (n=159,581) 

OR (95% CI) Standard Error Registered Used 
Medication 

Refillb 

Appointment 
Viewb 

Sent or Read at 
Least One 

Secure Messageb 

Blue 
Button 

Downloadb 
Adjustment 
Disorders/Stress Reactions 

1.16*** 
(1.11-1.21) 

.03 

.86*** 
(.82-.90) 

.02 

.98 
(.93-1.02) 

.02 

1.00 
(.95-1.05) 

.03 

.97 
(.91-1.03) 

.03 
Anxiety Disordersc 1.15*** 

(1.11-1.18) 
.02 

1.05** 
(1.02-1.09) 

.02 

1.00 
(.97-1.03) 

.02 

1.05** 
(1.02-1.09) 

.02 

1.05* 
(1.01-1.10) 

.02 
PTSD 1.25*** 

(1.22-1.29) 
.02 

1.02 
(1.00-1.05) 

.02 

1.08*** 
(1.05-1.12) 

.02 

1.02 
(.98-1.05) 

.02 

1.14*** 
(1.09-1.19) 

.02 
Depressive Disorders 1.23*** 

(1.20-1.27) 
.02 

1.17*** 
(1.14-1.21) 

.02 

1.06*** 
(1.03-1.09) 

.02 

1.05** 
(1.02-1.09) 

.02 

1.00 
(.96-1.04) 

.02 
Bipolar Disorders .79*** 

(.75-.83) 
.02 

.87*** 
(.82-.92) 

.03 

.91** 
(.85-.97) 

.03 

.94 
(.88-1.00) 

.03 

.86*** 
(.79-.93) 

.04 
Psychotic Disordersd .47*** 

(.46-.49) 
.01 

.83*** 
(.78-.88) 

.02 

.74*** 
(.70-.79) 

.02 

.82*** 
(.77-.88) 

.03 

.68*** 
(.62-.75) 

.03 
Substance Use Disorders .71*** 

(.69-.73) 
.01 

.76*** 
(.73-.78) 

.01 

.88*** 
(.85-.91) 

.02 

.85*** 
(.81-.88) 

.02 

.94** 
(.89-.98) 

.02 
Military Sexual Trauma 2.52*** 

(2.27-2.80) 
.14 

1.23*** 
(1.15-1.32) 

.04 

1.42*** 
(1.32-1.52) 

.05 

1.29*** 
(1.20-1.40) 

.05 

1.39*** 
(1.27-1.53) 

.07 
a. Controlling for: gender, age, race, ethnicity, region and urbanicity of residence, VA enrollment group, income, 
distance to VA, community score, multimorbidity of mental health diagnoses; b. Values represent calculations for 
registered patients; c. Not including PTSD; d. Including schizophrenia; ***p<0.00; **p<0.01; *p<0.05 
 
Key Words. Health Services Research; Patient Engagement; Personal Health Informatics  
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Introduction 

While significant progress has been made in the adoption of health information exchange (HIE) technologies, use of 

these tools remains low.1-3 Low use of HIE tools is likely due to a set of technical and social barriers and facilitators, 

which include challenges integrating HIE into the clinical workflow, difficulty finding information in the HIE, and 

uncertainty about the value of the information. However, the dynamics shaping uptake of HIE tools by users over time 

are not well known.4-6 We used data from the electronic health record audit log to track the diffusion of use of Epic’s 

intra-vendor HIE tool, CareEverywhere (CE), since implementation of the EHR at a large academic medical center.7 

Our objectives were to assess whether use of the HIE increased over time; whether there were adaptions in the type 

of provider that used the tool and the type of information that was looked for; and whether changes in the rate of use 

varied by specialty and individual department, which would suggest social contagion in the use of the tool. 

 

Methods 

We conducted a retrospective analysis of the audit log data from the EHR at a large academic medical center. To do 

so, we identified each unique user that accessed the tool at least once since the EHR's implementation in November 

2018. We then calculated the frequency with which each user accessed the tool in each week between implementation 

and January 31, 2020. We then visualized change in use of the tool using a linear polynomial and scatter plot. 

To measure adaptation in the way the tool was used, we examined changes over time in the frequency with 

which users accessed different types of information and pieces of the tool. To measure adaptation in who used the 

tool, we tracked changes in the frequency of use by user role, divided into ten categories, using a linear regression 

model to predict rate of use by the interaction between the number of weeks since implementation and user role. 

Because large differences in average use across role obscured differences in change over time, we first divided the 

rate of use of the tool by the average rate of use within each role over the whole time period. Next, we identified each 

users’ departmental specialty and primary department from data in the EHR. As with user role, we centered each 

specialty’s weekly use at the grand mean for that specialty. We visualized the relationship between specialty and 

frequency of use for the 4 specialties with the 

highest number of users. We then estimated 

the proportion of variance in frequency of use 

explained by the interaction between weeks 

since implementation and specialty. 

Similarly, we estimated the proportion of 

variance in the rate of use explained by the 

interaction between time and individual 

department. 

 

Results 

126 weeks since implementation, the tool 

was used 611,293 times by 8,546 individuals 

in 520 individual departments. On average, 

each user used the tool 0.60 times per week. 

In the first ten weeks following 

implementation, the HIE tool was used 3,777 

times per week, while in the last 10 weeks of 

the study period, it was used 7,082 times per 

week, an increase of 88% of the baseline 

value (Figure 1).  

Over the study period, changes in 

the use of eight different components of the 

tool varied notably. Over the full time period, the rate at which users accessed documents from the HIE increased by 

Figure 1 Change in the Overall Weekly Use of the HIE Tool 

Since Implementation. 
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1.5% of the mean level per week, while the rate at which users accessed the outside records activity decreased by 

0.4% of the mean level per week. 

Changing rates of use by user role were also notably different. Of the ten user roles, nurses increased their 

relative rate of use the most, with an average increase in use of 1.1% of their overall mean use per week, while 

physicians increased their use by 0.85% per week, clinical support staff increased their use by 0.73% per week. The 

interaction between user role and time explained just 1% of the variation in use of the HIE tool. 

The rate of use of the four specialties with the highest total number of HIE users are displayed in Figure 2. 

Use of the tool increased in three of specialties (Cardiology, Emergency Medicine and Primary Care) and oscillated 

in the fourth (Obstetrics and Gynecology). The period of increased use in each specialty differed, with primary care 

increasing from weeks 25-75, cardiology increasing from weeks 35-90 and emergency medicine increasing 

primarily between weeks 40-125. In regression models, the interaction between 113 specialties and linear time 

explained 6.3% of the variation in use of the HIE tool. Finally, the interaction between users’ department, the most 

granular level of analysis, and time explained 14% of variation in each users’ use of the HIE tool. 

 

Discussion  

Over time, the use of the HIE tool in the 

health system increased substantially and 

gradually, indicating organic growth 

rather than a concerted or focused effort 

at dissemination. This overall increase in 

use obscures important differences in 

how that change occurred. The use of 

some components, most notably looking 

at documents, increased dramatically, 

while use of other components were 

relatively flat. Similarly, nurses 

increased their use of the HIE most 

relative to other roles, including 

physicians and clinical support providers 

The overall increase also masks 

differences in where change occurred 

and the timing of that change. Our data 

indicates that changing use was idiosyncratic across the medical center, and that context specific to each department 

may have influenced changing use of the tool, again implying an endogenous process or potential social contagion 

rather than targeted effort. While these data are provocative, there are many questions about this process that our 

data cannot address. Most directly, our analysis does not explain why use of the HIE tool increased at specific times. 

Similarly, it is unclear whether users or patients gained value from the tool. Our finding therefore points to the need 

for further evidence on the factors shaping use and value from HIE tool, and the potential for close observation of a 

health system’s use of the EHR through audit data. 
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Introduction 

The World Health Organisation (WHO) defines health intervention as: an act performed for, with or on behalf of a 
person or a population whose purpose is to assess, improve, maintain, promote or modify health, functioning or health 
conditions. 1 Documentation of the medical interventions for a patient, such as surgical procedures and imaging 
studies, is an important function of the electronic health record. Surgical procedures are generally the most costly and 
consequential among medical interventions and procedures. Encoding the interventions in standard terminologies 
facilitates data interoperability and re-use. Multiple terminologies exist for medical procedures and interventions. 
While many of these terminologies are regional or national, some are used internationally. In this study, we focus on 
three international terminologies for procedures and interventions: SNOMED CT, ICD-10-PCS and ICHI. We have 
previously worked on the alignment between SNOMED CT and ICD-10-PCS. 2-4 
SNOMED CT (Systematized Nomenclature of Medicine – Clinical Terms) is the most comprehensive clinical 
terminology in the world and is jointly owned by 39 member countries. SNOMED CT covers most domain areas 
relevant to clinical medicine, including medical procedures. ICD-10-PCS (ICD-10 Procedure Coding System) was 
created in the U.S. as a replacement for the procedure codes in ICD-9-CM, which was retired in 2015. Outside the 
U.S., some countries also use ICD-10-PCS e.g., Belgium, Spain and Portugal. ICHI (International Classification of 
Health Interventions) was released by WHO as a beta version in 2019. 1 ICHI has been in development since 2007. 
The aim of ICHI is to support use cases including international comparisons, a classification for countries that lack 
one, expanded content for countries that have a national classification focused on medical and surgical interventions 
as well as a base for redevelopment of national classifications. Currently, most developed countries maintain their 
own coding systems for procedures e.g., ACHI (Australian Classification of Health Interventions), CCI (Canadian 
Classification of Health Interventions) and CCAM (Classification Commune des Actes Médicaux) in France. This is 
potentially an impediment to international data sharing, which could be mitigated by the availability of international 
procedure terminology standards. Structurally, SNOMED CT uses description logic to define its concepts through 
attributes and values. SNOMED CT allows post-coordination - the combination of codes to refine existing codes or 
to express new meaning. Both ICD-10-PCS and ICHI are based on an axial structure. ICD-10-PCS has seven axes to 
capture features such as body location, root operation and device. ICD-10-PCS does not support refinement of codes 
by post-coordination. ICHI has three axes: target (the entity on which the action is carried out), action (the deed done 
by an actor to the target) and means (the processes and methods by which the action is carried out). ICHI has extension 
codes that can be post-coordinated with existing codes to refine meaning. 

In this study, we focus on the ability of the three terminologies to capture the essential meanings of clinical terms, 
with and without post-coordination, used by clinicians to describe surgical procedures. We also compare the models 
behind these terminologies to see how well they are aligned with each other. 

Methods 

We used a list of surgical procedure names and their aggregate counts from a large-scale healthcare provider that was 
made available to us from another project. The procedure names were the display names used for data entry by 
physicians in their electronic health record. The most commonly performed procedures were encoded in the three 
terminologies. For SNOMED CT and ICHI code look-up, we used the SNOMED CT browser from SNOMED 
International and the ICHI browser from WHO.  For ICD-10-PCS, we used the MAGPIE browser that we developed 
ourselves. 5, 6 To facilitate quantitative analysis, we downloaded the source files for SNOMED CT and ICD-10-PCS. 
Since ICHI files were not available for download, we extracted the content of the ICHI browser pages into files. To 
ensure coding consistency, each procedure was coded twice by two physician terminologists (JX and FA) 
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independently. The results were compared and the discrepancies were discussed by all authors until consensus was 
reached. For each procedure, we decided whether the pre-coordinated (existing) code(s) in a terminology was able to 
capture all the essential characteristics of that procedure, and if not, whether post-coordination was able to do so. We 
did not consider extraneous information in the procedure name that is generally not captured by procedure 
terminologies, such as age (e.g., Tonsillectomy and adenoidectomy up to age 12), indication (e.g., gastric bypass for 
morbid obesity, w short limb Roux-en-Y gastroenterostomy), and timing (e.g., rotator cuff repair, open, acute). 

Results 
The total numbers of pre-coordinated codes in SNOMED CT (Surgical Procedure sub-hierarchy, July 2019 
International release), ICD-10-PCS (Section 0 – Medical and Surgical, 2019 version) and ICHI (Interventions, Beta-
2 2019 version) were 20,055, 68,639 and 6,615 codes respectively. From the top 300 procedures, we obtained 229 
procedure names after de-duplication. The results of coding are: 

 SNOMED CT ICD-10-PCS ICHI 
Full representation by pre-coordinated 
codes 

216 (94.3%) 167 (72.9%) 119 (52.0%) 

Partial representation by pre-coordinated 
codes, full representation by post-
coordination 

12 (5.2%) NA 47 (20.5%) 

Partial representation by pre-coordinated 
codes, partial representation even with 
post-coordination 

1 (0.4%) 62 (27.1%) – no 
post-coordination 

63 (27.5%) 

Total 229 (100%) 229 (100%) 229 (100%) 
 

Discussion 

Given that SNOMED CT has only a third of the number of codes as ICD-10-PCS, it performs exceptionally well. This 
is probably because SNOMED CT is clinically oriented, and the SNOMED CT concepts align well with what 
clinicians want to capture. ICHI is only one-tenth the size of ICD-10-PCS but its performance is not much worse, and 
can actually match ICD-10-PCS with post-coordination. This shows the potential power of post-coordination – 
increase in expressivity without adding many codes. In both ICD-10-PCS and ICHI, in about a quarter of cases the 
full meaning cannot be captured, even with post-coordination in ICHI. The missing information mostly falls into two 
categories, missing body part (e.g., no code for ulnar nerve in ICHI) or missing method (e.g., no specific code for laser 
procedures in ICD-10-PCS). Generally, the models used to represent procedures in the three terminologies have a lot 
in common (e.g., body site, root operation, approach), but there are differences (e.g. devices are not captured in the 
pre-coordinated ICHI codes) which may affect terminology alignment or mapping. In our presentation, we’ll include 
analyses of the three terminologies in other use cases, such as national statistics and casemix. We’ll also present a 
more detailed analysis of the modeling differences and some suggestions for improved alignment. 
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Introduction 

Medical ontologies have become a critical part of modern-day clinical infrastructure. From enabling the extraction of 
medical terminologies from text, to informing real-time decisions of medical chatbots, it has become a necessity to 
keep the quality of ontologies as high as possible. However, this has proven to be quite challenging, since these 
ontologies can have relations ranging in the hundreds of thousands, making manual inspection of errors tedious1. In 
this work, we explore the possibility of automating this revision process with the help of graph neural networks 
(GNN)2 and by testing our approach on UMLS3 -- a large "meta" ontology of medical concepts. We attempt cross-
vocabulary verification where we train on an ontology which uses one medical vocabulary (e.g. MedDRA) and predict 
errors in an ontology which uses another medical vocabulary (e.g. ICD10CM).  

Related Work 

Ontology validation has been identified as one of five big challenges in ontology learning1. Also, transfer learning on 
graphs (ontologies, in this case) is being discussed as one of the next frontiers to explore in this area4. Our work tackles 
these challenges by building contextualized entity embeddings using R-GCN5, a state-of-the-art GNN for directed 
edge-labeled graphs. DistMult6 then takes these embeddings as input to predict links in our medical ontology. We also 
make use of BioBERT7 to create initial entity embeddings that encode their semantics. This language model is based 
on BERT8, a technique that leverages transformers to bidirectionally train on text data. 

Concept and Experimental Setup 

We use sub-graphs of the UMLS to create two ontologies and follow this general approach: 
1. Transform ontology entities to an embedding space, such that conceptually similar entities in the first and 

second ontology map to similar locations. 
2. Add this embedding as input to a chosen GNN architecture. 
3. Train the GNN on the first ontology and perform link prediction on the second ontology. 
4. Compare GNN predictions and ground truth of the second ontology to analyze model performance (in 

application, this step is substituted with forwarding the erroneous links to a reviewer). 

 
Figure 1. Model architecture. BioBERT embeddings are input directly to the R-GCN hidden layer. 

Transfer learning results are obtained using the Deep Graph Library (DGL)9 implementation of R-GCN with 300 
hidden neurons, two layers, and 500 epochs of training. We generate two subgraphs from UMLS vocabularies 
MedDRA and ICD10CM by only selecting “Disease or Syndrome” entities, PAR/CHD relations, and removing 
isolated (degree 0) entities.  This results in a MedDRA subgraph (7’213 entities, 18’878 links) and an ICD10CM 
subgraph (14’840 entities, 25’302 links) which share only 4.8% of their entities. We create entity and relation type 
embeddings with BioBERT which are used as initial features for the R-GCN (Figure 1). We reduce the dimension of 
the BioBERT embeddings (originally 1024-dimensional) with PCA to match the hidden layer size of 300. We use a 
75/25 train/test split for both subgraphs and report filtered metrics10 for mean reciprocal rank (MRR) and Hits@N. 
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Results 

We present four link prediction experiments where we always test on the same ICD10CM dataset. In the first two 
experiments, ICD10CM is used both for training and testing (no transfer learning) which allows us to quantify the 
effect of the BioBERT embedding in the standard case. In the final two experiments, MedDRA is used for training 
and ICD10CM is used for testing, which evaluates the effect of BioBERT embeddings in the transfer learning scenario.  
The results are shown in Table 1, where the following metrics are used to quantify the results: MRR, Hits@1, Hits@3 
and Hits@10.  

Table 1. Experimental results. The usage of the BioBERT embedding leads to a 30-fold improvement in MRR 
compared to the original R-GCN implementation. 

Train Graph Test Graph Initial Embedding MRR Hits@1 Hits@3 Hits@10 
ICD10CM ICD10CM Random 0.46 0.39 0.51 0.58 
ICD10CM ICD10CM BioBERT 0.43 0.24 0.56 0.81 
MedDRA ICD10CM Random 0.0083 0.0028 0.0077 0.017 
MedDRA ICD10CM BioBERT 0.25 0.15 0.3 0.46 

Our experiments suggest that using BioBERT embeddings for prediction on the same graph has no significant 
advantage – the embeddings learned by the original R-GCN model are sufficient. In the transfer learning case however, 
these original embeddings are proving to be an obstacle in the model’s attempt to generalize to a previously unseen 
graph. Modifying the model to use BioBERT embeddings for transfer learning resulted in a 30-fold performance 
improvement in MRR. The most significant improvement is seen in the Hits@1 metric: BioBERT R-GCN gives the 
highest score to the correct link 54 times more often than the original R-GCN model. 

Conclusion 

This work proves that it is possible to learn relations from a first medical ontology and transfer the learning to a second 
related ontology. This opens new opportunities in the field of ontology curation. Using the system described in this 
work, (semi-)automation of ontology revision can be achieved, where candidates for the removal or addition of links 
between entities in a target ontology can be automatically identified. 
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Introduction: People experiencing treatment for cancer experience a range of emotional response 
including distress, depression, and anxiety. Managing these symptoms in a key component of holistic 
cancer care. However, people living in rural areas face many challenges including limited availability of 
cancer support providers (social workers, mental healthcare providers, palliative care specialists, etc.), 
transportation barriers, and financial issues.1 This access gap contributes to increased rates of distress 
and decreased quality of life (QOL) in these patients.2 Personal informatics is a class of eHealth tools 
that help people collect personally relevant information for the purpose of self-reflection and self-
monitoring.3 These tools support both abstract goals such as “feeling better” and “getting through 
treatment” and more specific and actionable goals such as “controlling my pain”. Web and mobile-
based interventions are promising consumer health informatics tools in which patients with advanced 
cancer can attain emotional-focused care as part of comprehensive palliative care. In recent years, 
researchers have attempted to translate effective in-person interventions in apps as well as create 
novel apps to address the emotional needs of advanced cancer patients. Our objective was to 
systematically review and meta-analyze studies to summarize evidence on the efficacy of web or 
mobile-based interventions impacting emotional symptoms in patients with advanced stage cancer. 
 

Method(s): Titles and abstracts published from 2004-2019 were identified using PubMed, PsycINFO, 
CINAHL, and Scopus. Only prospectively delivered interventions involving adults with advanced cancer 
using a web or mobile-based intervention to manage emotional symptoms of their disease were 
included. Exclusion criteria included: patients under age 18, symptom tracking only (without a self-
management component), and telemedicine and/or telephonic interventions. All studies must have 
reported emotional symptom outcomes. Risk of bias was assessed using the ROBINS-I tool. Studies 
that reported mean scores for emotional symptoms were analyzed. These scores were pooled using a 
random effects model, and standardized mean difference (SMD) and 95% confidence intervals were 
reported. Heterogeneity was assessed using the I2 statistic. 
 

Results:  Twenty-two of the 1177 screened studies met the inclusion criteria. A total sample of 1974 
participants were included in this analysis. The sample was 59% female, 32% had advanced, 
metastatic cancers with mean age (SD) of 57.15 (12.46) years. Nine studies evaluated distress, 
fourteen studies evaluated depression, and ten studies evaluated anxiety. There was notable 
heterogeneity across the intervention is terms of the informatics and theory driven features of the apps. 
Intervention components included: general information, tracking, communication with healthcare 
provider, communication with patients, tailoring/feedback, self-management, self-monitoring. The forest 
plots in figures 1a, 1b, and 1c depict the standard mean differences for each study included as well as 
the overall effect for the pooled samples. Web or mobile-based interventions favored the intervention 
group there was not a significant effect on distress (SMD -0.20, -0.47 to 0.06, I2=60%), depression 
(SMD -0.34, -0.96 to 0.27, I2=78%), and anxiety (SMD -0.20, -0.45 to 0.05, I2=72%).  
 

Discussion: This meta-analysis demonstrated that web and mobile-based symptom management 
interventions can be effective modalities to alleviate emotional symptoms in adults living with advanced 
cancer. However, heterogeneity among the app features reveals that simply “making it into an app” 
may not be an adequate translation of in-person interventions. More research is needed to evaluate the 
effectiveness of individual components so interventions can be tailored to patient needs. 
Implementation studies are needed to evaluate the effectiveness of such interventions in real-world 
clinical environments. 
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Figure 1a. Distress 

 
Figure 1b. Depression 

 
Figure 1c. Anxiety 
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Introduction 
The clinical note is valuable to many stakeholders who use note content in service of varied clinical and 
administrative goals. An unintended consequence of this variation is that clinical notes have become long documents 
that often contain outdated and extraneous information1. Furthermore, the process of clinical documentation has 
been cited as a significant contributor to physician burnout2.  To inform and address documentation burden and 
improve documentation quality and efficiency, it is essential to understand when, why, and by whom clinical notes 
are used. In this study, we offer new insights into these questions by developing and reporting novel measures of 
clinical note writing and viewing across a broad set of users. 
 
Methods 
We used EHR metadata that includes clinical note creation and access events to measure writing and viewing 
actions from 10 weeks in 2018 (first two weeks of January, April, July, October, and last two weeks of June, to 
capture variation across seasons and the academic year) at UCSF Health, a large academic medical center. Our 
sample includes 1,553 inpatient encounters for 1,444 patients admitted through the emergency department. We 
captured note writing and viewing actions during the patient encounter and up to two weeks following discharge by 
all EHR users with clinical and non-clinical roles (excluding system actions, researchers, and IT users). To focus on 
the use of documentation related to the current encounter, we considered notes that were never deleted and that were 
written and signed during the encounter or within two weeks following discharge. We defined note writing using 
eight actions indicating creation or modification of note content: “create note”, “edit text”, “change author”, “sign”, 
“pend”, “cosign”, “addend”, and “remove signature”. Note authors included any user who performed a writing 
action for that note. We defined note viewing using the action “note view”. The resulting dataset included actions on 
52,315 notes by 8,018 users (median encounter length 4.2 days, 23 notes/encounter, 5.1 notes/encounter-day). 
Measuring time spent: We measured time spent writing and viewing each note by each user. Clinical metadata 
describing writing actions (“edit text”) define both a start and end time (when a user begins entering text to when the 
user pends or signs the note). Other actions occurring in the elapsed time while the editor is open are assumed to be 
relevant to the writing task (e.g., retrieving another note). Metadata describing note view actions are recorded with 
only a start time. To determine the duration of the note view, the end time was defined as the beginning of the next 
action by that user in that EHR session or as the end of the user’s EHR session. Overlapping views by the same user 
on the same note (i.e., when the same note is viewed by the same user in two EHR sessions) were reconciled to 
encompass the time elapsed from the start of the earliest view to the end of the latest view. Time spent was 
computed as time elapsed from the start time to the end time of the action by that user on that note. Outliers at the 
95th percentile (writing: 35.4 minutes, viewing: 3.5 minutes) were truncated to the 95th percentile. 
User categories: We grouped users based on their EHR user templates into broad clinical and non-clinical 
groupings. Clinical users (n=7,425, e.g., nurses, attending physicians) were involved in both writing and viewing of 
notes, whereas non-clinical users (n=593, e.g., front-desk schedulers, billing/health information management) did 
not produce notes. We additionally defined several function-based clinical roles from the user templates that were 
prevalent in our dataset: Intern/Resident (1,433 users), Attending Physician/Nurse Practitioner (1,489 users), Nurse 
(2,623 users), and Case Manager (96 users).  
Analyses: To characterize how much time clinical and non-clinical users spend on clinical note documentation, we 
first measured total time spent writing and viewing all notes by aggregating time spent measures at the user-note 
level across all users in each user group. Next, we aggregated total time spent writing and viewing all notes by 
function-based clinical role groupings. Finally, to characterize how different types of notes are useful to clinical and 
non-clinical user groups who may have different viewing goals, we measured the percent of notes in the eight most 
frequent note types that were ever viewed by a non-author clinical or non-clinical user. 
 
Results 
How much time is spent writing and viewing notes by clinical and non-clinical users? In total, 23,819 hours (2,977 
8-hour workdays) were spent: 12,182 hours writing and 11,637 hours viewing. Clinical users accounted for the vast 
majority of time spent viewing (95.4%). The four defined clinical user groups (Intern/Resident, Attending/Nurse 
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Practitioner, Nurse, and Case Manager) accounted for 80.9% of all edit time and 75.4% of all clinical view time. 
Figure 1 describes the aggregate time spent editing and viewing notes by these groups. Interns/residents spent most 
of their time on writing (6,894 hours, 67.0%) while nurses spent most of their time on viewing (2,294 hours, 83.3%). 

  
Figure 1. Time spent writing and viewing notes by function-based clinical user groups. 

Who views what types of clinical notes? Differences in the use of clinical notes by clinical and non-clinical users 
were reflected by the percent of notes that were viewed by a clinical non-author (95.0%) or non-clinical user 
(33.8%). Figure 2 describes clinical note views by clinical and non-clinical users for the eight most frequent note 
types. Almost all clinical notes in these categories were viewed by at least one clinical user while non-clinical users 
most often viewed discharge summaries, H&P notes, progress notes, and ED provider notes. 

 
Figure 2. Percent of clinical notes viewed by clinical and non-clinical non-author users for the top 8 note types. 

 
Limitations 
Our approach may underestimate time spent viewing because we consider the start of the next event as the end of a 
view event. However, our measures may overestimate time spent in other ways. First, our measure of writing time 
assumes all actions in the period between when a user starts writing a note and when they pend/sign a note are 
relevant to note writing, but this may depend on whether the intervening action has to do with the same patient or 
not. Second, our measures of time spent writing or viewing are constructed at the user-note level for each action and 
are then aggregated across users, across notes, and across action types. This method overestimates time spent by 
allowing double counting of time spent by a given user 1) writing multiple notes at the same time, 2) viewing 
multiple notes at the same time, and 3) writing and viewing notes at the same time. We estimate that at most 2.3% of 
total writing time is double-counted, 0.05% of total viewing time is double-counted, and 10.6% of overall 
documentation time is double-counted. 
 

Discussion 
Clinical notes are valuable sources of information for both clinical and non-clinical users. Our study demonstrates 
how EHR metadata can be used to gain a deeper understanding of the relationship between documentation effort and 
documentation use. We show that user groups interact differently with clinical notes; whereas some user groups are 
primarily producers (interns/residents), others are primarily consumers (nurses). Thus, strategies for mitigating 
burden and improving efficiency could target writing for interns (e.g., resources for learning to leverage EHR tools 
to efficiently pre-populate notes with relevant data) while targeting viewing for nurses (e.g., speeding up 
identification of relevant, new documentation). While non-clinical users account for a small fraction of viewing 
time, their use reveals the administrative value of notes. 
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Introduction 

Looking for solutions to improve interoperability, major sectors in the healthcare industry have embraced the FHIR® (Fast 

Healthcare Interoperability Resources) standard. Implemented by HL7® (Health Level Seven), FHIR has been used by 32% 

of the certified health IT developers and nearly 51% of health IT developers.1  

Current federal health IT policies are encouraging wider adoption of FHIR for data exchange in clinical care and healthcare 

research2. In a notice, NIH-funded investigators are encouraged to explore the use of FHIR in collecting and exchanging 

clinical data for research purposes. Also, the National Health IT Priorities for Research – Policy and Development Agenda 

report by ONC highlights the use of FHIR-based application programming interface (APIs) multiple times. The report 

recommends the use of health IT technologies including FHIR to improve data quality, increase harmonization of data to 

enable use in research, and improve access to interoperable electronic health data.3 In parallel, the Office of the Secretary 

Patient-Centered Outcomes Research (OS-PCORTF) portfolio has also funded projects that use FHIR components under its 

interoperability portfolio. However, many still believe that there is a need for a more coordinated research and development 

strategy from the federal government in using FHIR for research.4 This abstract discusses the implementations of OS-

PCORTF projects that utilize FHIR technologies and identify opportunities to further leverage the technology in expanding 

data capacity for patient-centered outcomes research.  

Study Design 

We conducted a review of past and existing projects funded by OS-PCORTF (through the Office of the Assistant Secretary 

for Planning and Evaluation under the U.S. Department of Health and Human Services (HHS)) to understand how the 

portfolio has integrated FHIR in projects. Projects in the portfolio are designed to expand data capacity for patient-centered 

outcomes research to generate new scientific evidence that informs the health care decisions of patients, families, or their 

health care providers. The review included the statement of work, project plans, quarterly reports, and deliverables from 44 

funded projects from 2015-2020. In addition, we reviewed data strategies and proposed policies of several HHS agencies that 

may impact PCOR and the use of interoperability standards like FHIR.  Based on the review, we identified potential areas 

where the use of FHIR could be expanded to support the development of PCOR data capacity. 

Principal Findings 

Table 1 summarizes six projects in the OS-PCORTF portfolio that use FHIR as the main or as one of the technology platforms. 

These projects are implemented solely or collaboratively by six different HHS agencies. The oldest project started in 2016 

from CMS and the rest commenced in 2019 and 2020. The projects with FHIR components can be characterized by work 

related to improving the sharing of claims records, electronic health information (EHR) data, and laboratory information for 

patient-centered outcomes research. These projects take advantage of the EHR certification requirements (e.g., APIs, use of 

common data set) to maximize FHIR’s potentials for sharing data from different organizations with different systems in place. 

Aside from exchanging data from EHR to clinical applications, research networks, and public health databases, projects also 

use FHIR in exchanging claims records and in making sure that accurate data is shared seamlessly from any diagnostic device 

to any clinical information system, which are also important resources in PCOR.  

 

Table 1. Summary of OS-PCORTF funded projects with FHIR component.  

Project name (year funded) Agency implementing FHIR application 

Improving Beneficiary Access to their 

Health Information through an 

Enhanced Blue Button Service (2016) 

Centers for Medicare & 

Medicaid Services (CMS) 

Using FHIR framework, the Blue Button on FHIR service allows 

beneficiaries to take control of downloading and connecting their 

Medicare claims data to trusted third-party applications and 

services.  

Developing a Strategically 

Coordinated Registry Network (CRN) 

to Support Research on Women’s 

Health 

Technologies (2019) 

Food and Drug Administration 

(FDA), National Institute of 

Health (NIH), and Office of 

the National Coordinator for 

Health IT (ONC) 

The main objective of the project is to align and link registries of 

women’s health technology to enhance infrastructure in 

evaluating medical devices in clinical areas unique to women. 

The project used HL7 FHIR standards for Structured Data 

Capture (SDC) to enhance how data are submitted to registries 

from the electronic health record system.  
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Project name (year funded) Agency implementing FHIR application 

Making Electronic Health Record 

(EHR) Data More Available for 

Research and Public Health (2019) 

Centers for Disease Control 

and Prevention (CDC) 

Developing resources that would allow researchers and public 

health officials to extract data from multiple clinical 

organizations with different EHR platforms using FHIR as the 

canonical data model.  

SHIELD - Standardization of Lab 

Data to Enhance Patient-Centered 

Outcomes and Value-based Care 

(2019) 

Food and Drug Administration 

(FDA) 

The project aims to improve the quality and interoperability of 

laboratory data by improving code mapping and implementing 

SHIELD (Systemic Harmonization and Interoperability 

Enhancement for Laboratory Data) collaborative-approved 

formats. FHIR profile will be used to standardize the mapping of 

test content from laboratory devices to EHR. 

Data Capacity for Patient-centered 

Outcomes Research through Creation 

of an electronic Care Plan for People 

with Multiple Chronic Conditions 

(2019) 

Agency for Healthcare 

Research and Quality (AHRQ) 

& the National Institute of 

Health (NIH) 

The project maximizes SMART on FHIR resources and other 

open specifications to facilitate the transfer of data for an 

electronic care plan as well as enable the integration of the 

patient- and provider-facing applications to different EHR 

systems.  

Childhood Obesity Data Initiative 

(CODI): Integrated Data for Patient-

Centered Outcomes Research Project 

(2020) 

Centers for Disease Control 

and Prevention (CDC) 

To reduce implementation requirements and end-user cost of 

populating common data models when organizations/facilities 

share data for research, the project will leverage the FHIR bulk 

data standard. 
 

The review also highlights areas where OS-PCORTF could potentially advance its portfolio to further support departmental 

and agency strategies. One of the areas is the use of FHIR Bulk Data Access (Flat FHIR) which is being pilot tested by CMS 

for its Beneficiary Claims Data API6. This standardized bulk data export offers a great opportunity to retrieve large volumes 

of information on a group of individuals to a research database. The CODI project was the first in the portfolio to propose the 

use of FHIR bulk in streamlining the process of converting data to a common model. Other areas to consider are on: 

developing standard research metadata with FHIR, use of FHIR to facilitate reporting and integration of patient-reported 

outcomes in EHRs, and exploring how common data models can be harmonized with FHIR which can be beneficial for the 

research networks (e.g., FDA’s Sentinel, PCORnet).  

Conclusion  

The review demonstrates the OS-PCORTF contribution in understanding the applications and in advancing the use of FHIR 

standards for patient-centered research. The increasing number of projects in the recent year and multi-agency 

implementations shows wide adoption of the standards at HHS. Potential areas for research and development identified should 

be considered for discussions as the portfolio plan for the next cycle of funding. The OS-PCORTF portfolio will also continue 

to engage with key agencies for more coordinated research and development on FHIR standard. 

Implications for Policy or Practice 

Having a more coordinated development in this area can speed-up access to high-quality health data for research. Since the 

projects cut across different agencies under HHS, the portfolio is in a good position to use resources to further expand 

interoperability research and development – including the use of FHIR. HHS agencies are also in the position to engage the 

research communities to develop tools and services that are responsive to their needs and scalable for other use cases. The 

result of the review will be shared and presented to the portfolio leadership council, technical expert panel, and will be used 

to inform discussions in expanding the portfolio work. Products generated by the projects will also be useful for the industry 

in exploring how they can integrate FHIR into their systems to improve data flow for clinical care and research.  
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Introduction
Retrospective analyses of electronic health records (EHRs) and other health data sources are increasingly common
as investigators seek to employ data collected during routine health care delivery to learn about health practices and
outcomes. The data analysis process typically includes cohort selection, in which a group of patients (and their
corresponding data) are identified from within a health organization’s overall population of patients. Such cohorts are
typically defined using sets of inclusion and/or exclusion criteria that are applied as filters within a data query; several
interactive tools (such as i2b2 [1] and our own Cadence cohort selection system [2]) have been developed to facilitate
this cohort definition process.

However, with such systems, the lack of randomization combined with the high level of expected interdependence
between variables can produce cohorts that are highly skewed in ways that are unexpected to the analyst. For example,
a cohort focused on a high-priced medication may inadvertently bias a cohort toward the privately insured. This in
turn may skew the prevalence of various interventions within the selected cohort such that it is no longer representative
of the population which the analyst intends to study. Moreover, these bias effects can be invisible to analysts who do
not have access to all of the data within a health system required to detect these shifts.

Methods
To make these selection bias effects more transparent to analysts, we are developing a selection bias report feature
as an extension to the Cadence cohort selection system. The existing Cadence system enables users to select and
explore cohorts using a combination of advanced visual analytics techniques that depend upon prevalence rates and
correlations between different types of medical events (e.g., ICD or CPT codes), providing for various data-driven
analysis capabilities [2, 3].

The selection bias report capability calculates prevalence rate statistics for all known variables in the current cohort.
In addition, baseline prevalence rates are computed from a representative baseline population. Our prototype includes
four broad condition-specific populations (Diabetes, Cancer, Cardiology, Obstetrics) computed from the full UNC
Health population over a two-year span. For each baseline population, we compute the prevalence rate of every unique
ICD10 code as well as parent codes (to enable aggregation). At runtime, users can request a selection bias report for
any cohort (see Fig. 1). We are developing ways to interactively and visually compare the focused cohort in Cadence
with a selected baseline population to estimate differences in representation. These differences are prioritized to
focus attention on the largest bias effects and communicated via a dynamically generated web page. While we do not

A

B

Figure 1: Cadence being used to analyze a cohort of heart failure patients with a pain diagnosis. (A) From the cohort
icons in the left sidebar, (B) a context menu enables users to request a baseline population comparison (see Fig. 2).
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Prevalence of
Heart Failure

Increased 31%

Prevalence of
Lipidemias

Decreased 20%

Figure 2: The selection bias report shows a ranked list of differences in prevalence of diagnoses (or families of
diagnoses) between the selected cohort and the population baseline. The gray line items represent constrained variables
with expected differences in prevalence. The white line items are “side effects” of the inclusion/exclusion criteria.

currently provide statistical significance estimates for the differences, we plan to incorporate bootstrap estimates of the
standard errors to account for multiple testing. The report also uses color coding to help analysts distinguish between
variables directly changed by the inclusion/exclusion criteria versus those that change as a side effect.

Results
Fig. 1 shows Cadence being used to analyze a cohort of cardiology patients with a pain diagnosis, with an analytical
goal of identifying risk factors for opiate abuse/addiction. The analyst has applied additional inclusion criteria to focus
on a smaller cohort of patients with ”Episodic and Paroxysmal Disorders” because they appear to have a higher rate of
opiate disorders. Right clicking on the corresponding cohort icon, the user selects ”Compare to global population...”
(Fig. 1B) to display the selection bias report (Fig. 2). The report shows that four of the top differences in prevalence
are, as expected, related to the inclusion criteria. However, several non-constrained diagnoses (e.g., a 31% higher rate
of heart failure) had a higher prevalence than the baseline. In contrast, other diagnoses, such as lipidemias (E78) had
a lower prevalence than in the baseline. Initial qualitative feedback from analysts has encouraged a continuing effort
to improve our approach.

Conclusion
Integrating baseline prevalence statistics into cohort selection tools enables the creation of selection bias reports that
can help contextualize user-defined cohorts and protect against unexpected shifts in distributions which can invalidate
findings. User studies and additional interactive reporting capabilities are planned to evaluate and improve these
capabilities in the future.1
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Introduction. The explosion of electronic health data exchange and mobility of patient populations has led to the 
fragmentation of data across siloed information systems[1]. Fragmentation of patient records risks patient safety, limits 
decision making, and leads to inefficiencies and delays in care[2]. As the last industrialized nation without a nationwide 
unique patient identification system, healthcare systems in the US rely on patient matching algorithms driven by patient 
identifiers and demographic information. However, matching algorithms yield optimal results only when paired with 
high-quality data. Lack of consistent data collection and standardization methods hinders data quality and limits linkage 
performance. Although we previously demonstrated that standardizing matching fields can improve record linkage 
performance[3], our results varied across datasets. Thus, predicting which matching fields will benefit from data 
standardization in specific matching scenarios remains elusive. To address this challenge, we extend our previous work 
by using a larger, more comprehensive dataset to evaluate data quality metrics that characterize matching field properties 
before and after data standardization, providing indicators for improved matching performance.  We hypothesize that 
data standardization methods will not produce a significant change in data quality metrics for all matching fields, and 
that such findings will guide future matching data standardization efforts. 

Materials and methods. We extracted a dataset from 47 million patient demographic records from source institutions 
participating in the Indiana Network for Patient Care (INPC), a statewide Health Information Exchange[4]. Each record 
consisted of a patient’s identifiers, names, address, and other demographic information (Figure 1). We replicated our 
prior methods to standardize these fields[3] in accordance with recommendations by the Office of the National 
Coordinator for Health Information Technology (ONC)[5].  We computed several patient matching field quality metrics 
(listed in figure 1) for each matching field and compared metric differences before and after data standardization using 
the standardized difference (SD)[6]. A negative SD indicated a decrease in the metric value after standardization, and a 
positive SD indicated an increase in the metric after standardization. Consistent with prior literature, SD values between 
-0.25 and +0.25 are not considered significant[7], while values outside this range are considered significant. 

Results.  Figure 1 lists SD values for each data quality metric and matching field.  Examining matching fields, we note 
the following: First, we noted few significant SD values – either positive or negative – for social security number (SSN), 
first name (FN), middle initial (MI), sex (SEX), telephone (TEL), state of residence (ST), and ZIP code (ZIP) fields. 
Second, we observe multiple significant SD values among quality metrics for last name (LN); birth day (DB), month 
(MB), and year (YB); residential address (ADR); city of residence (CITY), and email address (EMAIL) fields. Third, 
among these significant SD fields, DB and MB exhibited primarily positive SD values while the others revealed both 
positive and negative SD’s.  Examining quality metrics, we note the following: First, the Mean Group Size exhibited a 
tendency toward positive SD values across most fields. Second, the Distinct Value Ratio exhibited a tendency toward 
negative SD values. All other quality metrics exhibited both positive and negative SD values. 

Discussion. To our knowledge, this work represents the first study to apply data quality metrics to assess the impact of 
data standardization on matching field data quality. Data standardization methods producing little or no change in data 
quality metrics are less likely to improve match performance. Several matching fields (SSN, FN, MI, SEX, TEL, ST, 
and ZIP) exhibited little significant change in data quality metrics after standardization, which suggests that the 
standardization methods applied to these matching fields are less likely to improve patient matching performance. For 
the remaining matching fields, we observed significant SD values. We conclude that standardizing these fields is more 
likely to improve matching accuracy. Our ongoing research will evaluate these assumptions using a wider array of real-
world matching data sets. It is important to note that directionality of SD values (negative or positive change) is also 
important to consider. For example, is well known that matching fields with higher Shannon’s entropy have more 
discriminating power, and therefore are associated with improved matching accuracy. Therefore, fields that undergo an 
increase in Shannon’s entropy after standardization (e.g, DB, MB) are likely to be associated with improved match 
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accuracy, while fields that exhibit a significant decrease in Shannon’s entropy after standardization (eg, LN, ADR, 
EMAIL) require additional evaluation to assess the impact on match performance. 

 
Figure 1: Standardized difference (SD) for each listed data quality metric stratified by the matching field.  Colors represent different data 
quality metrics. The dotted lines demarcate the range from -0.25 to +0.25, which are considered non-significant differences. Note, for 
example, that the SD values for nearly all data quality metrics for telephone (TEL) fall within the non-significant range, suggesting 
standardizaion does not significantly change the data characteristics of the telephone matching field. 

Conclusion. Our results suggest that data quality metrics can be used to provide evidence-based guidance for applying 
data standardization methods to improve matching field data quality. Such information can be valuable because data 
quality varies widely among clinical matching data sets, and apriori guidance provided through methods such as these 
can help tailor matching data standardization to specific matching use cases and ultimately optimize match accuracy. 
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Introduction 

As the healthcare industry enters an era of patient-centered care, providers, researchers, and administrators have 

increasingly focused on collecting patient-reported outcomes (PROs). Federal initiatives in the United States (US) and 

other countries have strongly endorsed PRO collection and integration into electronic health records, prompting rapid 

adoption in clinical and research settings. Today, thousands of hospitals and research trials assess PROs using written 

questionnaires, such as the Patient-Reported Outcomes Measurement Information System (PROMIS). 

Although written questionnaires can be valid and reliable, many problems remain unsolved. The first problem is that 

patients with limited literacy struggle to read them. Only 48% of US adults read at the 6th grade level or above,1 and 

PROMIS is written at the 6th grade level. The second problem is that answering several dozen questions on a daily or 

weekly basis is a substantial time commitment, one that many patients have difficulty sustaining. The third problem 

is that communicating questionnaire results is frequently non-intuitive. Written questionnaires generate quantitative 

scores which may not meaningfully translate to patients' and providers' actual experiences.  

One potential solution is visual rating scales, which use a series of images to illustrate a spectrum of symptom severity. 

Visual rating scales enjoy widespread popularity for pain severity assessment, and research suggests that pediatric and 

non-literate populations prefer them for reporting pain.2 Unfortunately, visual rating scales do not exist for many 

symptoms (e.g., fatigue). For other symptoms (e.g., anxiety, anger, depression) visual rating scales do exist, but there 

is no robust or accepted standard. Developing and validating robust visual rating scales is critical to solve the problems 

described above. Patients who have difficulty reading can use visual rating scales (problem 1), visual rating scales can 

be completed quickly (problem 2), and the visuals can help contextualize the results (problem 3). 

In this study, we developed and validated new single-item visual rating scales for monitoring of five mental health 

symptoms in U.S. adults, specifically anxiety, anger, depression, brain fog, and fatigue. 

Methods 

We conducted and reported this development and validation in accordance with COSMIN. The methodological 

process for development included: (step 1) population identification, (step 2) scale generation, and (step 3) pretesting. 

In step 1, we identified our target population as U.S. adults, without restriction to a specific patient group at this time. 

In step 2, a research team of two PRO experts, two physician experts, two patient advocates, and a professional 

designer conducted a literature review. Based on the literature, the designer adapted the most common and effective 

visual concept for each symptom into an original visual rating scale (Figure 1a-e). For anxiety and anger, we used 

facial expression drawings inspired by Wong-Baker (Figure 1f), which is well-validated and widely used in over 50 

countries. For fatigue, depression, and brain fog, we used visual analogies, which our previous research indicates are 

highly effective for symptom reporting.3 In step 3, we assessed relevance, comprehensiveness, and comprehensibility 

of each visual rating scale in 100 U.S. adults, and revised the scales according to free-text commentary. 
 

a) 

 

c)  e) 

 

b) 

 

d)  f) 

 

Figure 1. Visual Rating Scales for (a) Anxiety, (b) Anger, (c) Fatigue, (d) Depression, (e) Brain Fog, (f) Pain [Control] 
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The methodological process for validation included assessment of: (step 4) content validity, (step 5) construct validity, 

and (step 6) reliability. The validation involved four separate studies using an online academic research platform. In 

study 1, a national sample of 300 U.S. adults representative on age, gender, and race was recruited to test strength-of-

association (content validity). In study 2, a second representative sample of 305 adults was recruited for validation 

against the visual analogue scale or VAS (construct validity). In study 3, a third representative sample of 1000 adults 

was recruited for validation against the PROMIS questionnaires (construct validity). In study 4, the third representative 

sample completed the third study again (test-retest reliability). We collected baseline demographic and socioeconomic 

characteristics from all participants, and assessed health literacy4 and self-reported colorblindness. We used 

counterbalancing and computer-randomization to control for potential order effects.  

Statistical Analysis: We computed all descriptive and inferential statistics in R Version 3.6.3. We used analysis of 

variance (ANOVA) to compare mean VAS and PROMIS raw scores across the six ordinal image categories of each 

visual rating scale, followed by pairwise comparisons using t-tests with Bonferroni-adjusted p-values for multiple 

comparison correction. We used correlation to measure agreement and assess reliability. 

Results 

A total of 1605 participants completed the validation studies. Participants were 45 years old on average, 135 (8%) did 

not speak English as their primary language, 735 (46%) did not have a Bachelor's degree or higher, 486 (30%) reported 

financial instability (i.e., insufficient income), 250 (16%) reported one or more disabilities (e.g., hearing-related, 

eyesight-related, etc.), and 468 (29%) screened positive for inadequate health literacy. 

For each visual rating scale, ANOVA demonstrated statistically significant differences in mean VAS and PROMIS 

raw scores for the six ordinal images (all p<0.001). Pairwise comparisons indicated the mean VAS and PROMIS raw 

score in each ordinal image category significantly differed from the mean in every other category (Figure 2, all 

p<0.003). We found high agreement with the VAS (all ρ>0.85, p<0.001), and moderate-to-high agreement with 

PROMIS (all ρ>0.74, p<0.001). Participants completed the visual rating scales 64% faster than the corresponding 

written PROMIS questionnaires (mean 7s vs. 20s, p<0.001). Test-retest reliability showed all correlations greater than 

0.70. Strength-of-association analysis is ongoing and results will be presented at AMIA.  
 

 
Figure 2. Distribution of VAS Scores by Ordinal Image Category for each Visual Rating Scale 

Conclusion 

Given that an estimated 52% of the U.S. adult population has difficulty completing written questionnaires due to 

limited literacy,1 limited English proficiency, or disability, the need for visual, single-item, rapid response PRO 

measures is acute. We developed and validated visual rating scales that assess anxiety, anger, depression, brain fog, 

and fatigue, similar to visual rating scales that assess pain. The scales demonstrated strong content validity, construct 

validity, and reliability, and therefore may support practitioners to conduct more accessible monitoring of mental 

health symptoms. This work was supported by NINR, NLM, and Weill Cornell Medicine.   
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Introduction and Background 
Immune checkpoint inhibitors (ICIs) have substantially transformed outcomes for patients with advanced 

malignancies1.  FDA approved ICIs boost the immune system to kill tumor cells.  However, by increasing the activity 

of the immune system, ICIs can induce a range of inflammatory side effects termed Immune-related Adverse Events 

(irAEs)2. With the widespread adoption of Electronic Health Records (EHRs), a significant amount of clinical data is 

recorded about patients, including their diagnosis, medications, and encounters. However, knowledge about adverse 

events and irAEs specifically is mostly buried in clinical narratives. Manually extracting information from patients’ 

charts is time-consuming and costly. Methodologies that could automate the recording of irAEs from clinical notes 

would be beneficial to accurately annotate datasets for secondary use of EHR data such as for adverse event registries. 

Additionally, it would benefit accurate cohort identification for clinical trials. In this work, we describe a supervised 

machine learning-based pipeline to classify patients treated with ICIs as having irAEs or not based on their longitudinal 

set of clinical notes.  We specifically compare the performance of different Machine Learning (ML) models (shallow 

and deep learning models) using different feature representations (frequency-based, distributed word embeddings). 

Methods and Materials 

We present an overall workflow of the study design and methodologies in Figure 1. 

 

Figure 1. System Workflow. 

Clinical Setting and Data Sources: We used the EHR system of MedStar Health as the data source for the study. 

MedStar Health is a non-profit healthcare organization of over 120 entities including 10 hospitals in the Baltimore-

Washington metropolitan area. Our team of clinicians built a centralized research repository for Immuno-Oncology 

that includes toxicity events information for about 758 patients treated with different ICIs from January 2011 to April 

2018 at 5 Hospital Systems. The mean age of the cohort is 66.51 (std=13.43) and the gender breakdown is 58.4% 

Male, 41.6% Female. The race breakdown of the patients is: White (469, 61.9%), African American (202, 26.6%), 

Asian (21, 2.8%), Not Specified/Unknown (32, 4.2%), Other (33, 4.4%). Our team of clinicians annotated irAEs by 

conducting a retrospective chart review of patients with advanced cancer treated with ICI agents. Since patients can 

be treated with multiple ICI therapies, we have 781 patient-ICI therapy pairs in the registry. irAEs occurred in 43.8% 

of patients (42.9% of therapies). We will refer to the 781 patient-ICI therapy pairs as patients henceforth for simplicity. 
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Text Processing and Feature Engineering: We extracted all clinical notes (9924) between the date of the first dose of 

the ICI and the last date of the follow-up or date of the start of another ICI. To reduce the number of clinical notes 

associated with each patient, we performed certain preprocessing steps such as filtering based on note titles (e.g.: 

“Medical Oncology Note”, “Progress Note” etc.), section headers (e.g.: “History of Present Illness (HPI)”, 

“Assessment and Plan” etc. ), and the presence of irAE keywords3. Finally, we combined all the sentences filtered 

from the notes for a patient in a longitudinal manner to yield a single text for each patient. Term frequency-inverse 

document frequency (tf-idf) weighting was used as features for classical ML models. For our deep learning models, 

we used the publicly available pre-trained word embeddings from NCBI: BioWordVec4.  

Classification Models: We employed several shallow classical ML and deep learning models to irAE classification. 

The different shallow ML models that we tried are Logistic Regression (LR), Support Vector Machine (SVM), and 

Random Forest (RF). Two deep learning architectures, Convolutional Neural Network (CNN) and Bi-directional Long 

Short-Term Memory (bi-LSTM) were built and tested. The CNN architecture had a one-dimensional convolutional 

layer (window size: 5 and 400 filters) with a rectified linear unit (ReLU) activation. The biLSTM architecture 

consisted of a 64-cell bidirectional LSTM layer followed by two pooling layers (maximum and average).  

Results 
We evaluated the performance of the binary classifiers using 10-fold cross-validation. 335 patients had an irAE 

(positive instances) and 446 patients did not had any irAE (negative instances). Average precision, recall, F1-score, 

and area under the receiver operating characteristic curve (ROC-AUC) with standard deviations (in parenthesis) across 

the folds are depicted in Table 1. Deep learning models had better performance for classifying irAEs than shallow ML 

models. An analysis of the errors made by the deep learning models indicated cases where multiple toxicities were 

mentioned in the set of notes for a positive patient, but only one toxicity is asserted, while the others mentioned in a 

negative, speculative, resolved, or cautionary context. 

Table 1. Evaluation results  

Model Precision Recall F1-score ROC-AUC 

LR 81.1 (10.0) 57.3 (7.1) 66.9 (6.9) 73.4 (5.1) 

SVM 76.8 (10.3) 64.1 (6.2) 69.7 (7.0) 74.4 (6.0) 

RF 79.8 (7.4) 57.3 (8.2) 66.4 (7.2) 72.9 (5.3) 

CNN 81.5 (7.6) 69.8 (11.0) 75.2 (8.0) 78.2 (6.0) 

biLSTM 76.0 (8.7) 69.5 (7.7) 71.9 (6.3) 75.8 (5.8) 

Conclusion 

In the real world setting, the evidence of irAEs is buried in clinical narratives and rarely captured in the structured 

portion of a patient’s EHR. A review of the MedStar EHR system for our cohort indicated that only 16.7 % of patients 

who developed an irAEs had an adverse event (not necessarily due to ICI) recorded in their EHR. In this work, we 

present an ML approach for classifying patients treated with immunotherapy as developing adverse events or not 

based on their clinical notes. Our results indicate that deep learning models, particularly CNN (F1-score: 75.2%) with 

embeddings outperform shallow ML. In the future, we plan to extend this work to detect outcomes (e.g. “no response”, 

“partial response”, “full response”), thereby building a comprehensive deep phenotyping detection system.  
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Introduction 

Challenges related to Social Determinants of Health (SDOH) and characteristics of neighborhoods disproportionately 

impact minority populations such as African Americans with low income. Such challenges are critical factors in 

explaining many health-related disparities, leading ultimately to higher mortality among minority populations and 

those with low income.1 Thus, linking and analyzing available information on neighborhood socioeconomic 

characteristics along with patient-level data from a healthcare system is an essential approach for addressing health 

equity at the healthcare system. We assessed how the socioeconomic characteristics of the patient’s neighborhood of 

residence impacted the healthcare utilization at the Johns Hopkins Health System (JHHS). 

Methods 

We extracted JHHS claims data from 2017 for individuals aged 1 to 63 with 6+ months enrollment in either the 

employer health plan (EHP) or Medicaid plan (i.e., Priority Partners or PP). We included demographic variables (i.e., 

age, sex, and race groups), the Diagnostic/Medication Predictive Models (DxRx-PM) score (a comprehensive 
diagnosis-based predictive score constructed from various Johns Hopkins Adjusted Clinical Groups® (ACG) 

morbidity metrics presenting the disease burden and morbidity based on age, sex, diagnosis codes, and medications), 

and 5 categories of utilization markers (i.e., top 5% users, hospitalization, any Emergency Department (ED) visit, any 

avoidable ED visit, and any readmission within 30-day of discharge) as are defined in the ACG System. We chose 

Area Deprivation Index (ADI) as a composite measure of neighborhood socioeconomic characteristics using data from 

U.S. Census American Community Survey (ACS) 2017 5-year estimates on census tract level.2 The higher the ADI 

index represented the more disadvantaged neighborhood. We performed descriptive analysis for PP and EHP 

populations and applied logistic regression using generalized estimating equations (GEE) modeling to assess the 

impact of neighborhood characteristics on the utilization of healthcare services while adjusting for patient-level 

characteristics. We also presented the distribution of ADI and selected binary utilization markers across different 

neighborhoods in Baltimore City. 

Results  

The dataset included 207,184 enrollees with non-missing ADI information; 177,915 (85.87%) patients had any 

enrollment in PP while 29,269 (14.13%) had enrollment in EHP only. 44.2% were male with a mean age of 22.6 years; 

29.0% were white, 31.8% were black while 39.8% were other races. Higher healthcare utilization was observed for 

all 5 categories of utilization markers by the PP population compared to the EHP population (e.g., any ED utilization 

of 31.56% vs. 13.43% respectively). Among PP and EHP patients after adjusting for other factors, living in a more 

disadvantaged neighborhood resulted in higher healthcare utilization comparing to living in a more advantaged 

neighborhood (e.g., the odds ratio of 0.45 for any ED visit among PP patients comparing patients in more affluent 

neighborhoods to those in disadvantaged ones). Table 1 presents the results of GEE modeling assessing factors 

affecting any ED visits among PP and EHP patients at JHHS in 2017.  

Table 1. Analysis of Factors Affecting ED Visits Among PP and EHP Patients at JHHS in 2017 

Variables 
PP EHP 

OR 95% CI p-value OR 95% CI p-value 

Age (0-17 as reference)    

18-34  1.19 1.16 – 1.21 <0.0001 0.83 0.76 – 0.91 <0.0001 

35-49 0.91 0.88 – 0.94 <0.0001 0.75 0.68 – 0.82 <0.0001 

50-64 0.46 0.44 – 0.48 <0.0001 0.62 0.56 – 0.69 <0.0001 

Sex (female as reference)    
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Male 0.92 0.91 – 0.94 <0.0001 0.89 0.83-0.95 0.0010 

Race (white as reference) *    

Black 1.35 1.32 – 1.38 <0.0001 NA NA NA 

Others 0.991 0.97 – 1.02 0.4665 NA NA NA 

ADI National Rank (>=90th as reference)    

<=10th 0.45 0.43 – 0.48 <0.0001 0.38 0.32-0.45 <0.0001 

11th - 89th 0.70 0.67 – 0.72 <0.0001 0.52 0.45-0.6 <0.0001 

Comorbidity Score    

 1.87 1.85 – 1.89 <0.0001 1.43 1.41-1.46 <0.0001 

*EHP dataset did not include information on the race. OR: Odds Ratio, CI: Confidence Interval 

Mapping of the utilization markers across Baltimore city showed more disadvantaged neighborhoods with higher 

healthcare utilization. As a proof of concept Figure 1 presents ADI national rank (left) and ED visits for PP 

beneficiaries (right) in Baltimore City in 2017. A few neighborhoods with high ADI national rank in East Baltimore 

(neighborhoods at the 90th percentile of ADI) presented a higher rate of ED visits as well. 

 

 

 
 

 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

Figure 1. ADI and ED Visits Among PP Beneficiaries in Baltimore City in 2017 
(left: socioeconomic ADI national rank; right: ED utilization) 

Discussion 

Our results presented higher healthcare utilization among PP (Medicaid) beneficiaries comparing to EHP (employee) 

beneficiaries. Moreover, Beneficiaries living in neighborhoods with high ADI (low SES) had higher healthcare 

utilization compared to those in more affluent neighborhoods (low ADI). Mapping of the utilization markers helped 

us to identify pockets of need among PP and EHP beneficiaries with higher utilization outcomes. Using this 
information in conjunction with the ADI maps would help to identify patients in disadvantaged neighborhoods with 

high healthcare utilization and to target those neighborhoods for population health interventions. 
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Introduction 
  The National Institutes of Health’s (NIH) All of Us Research Program (AoURP) aims to enroll at least one million 
US participants from diverse backgrounds; collect electronic health record (EHR) data, survey data, physical 
measurements, biospecimens for genomics and other assays, and digital health data; and create a researcher database 
and tools to enable precision medicine research (1). Since inception, digital health technologies (DHT) have been 
envisioned as integral to achieving the goals of the program (2). A “bring your own device” (BYOD) pilot for 
collecting Fitbit data from participants’ devices was developed with integration of additional DHTs planned in the 
future (3). Here we describe 1) the initial process to assess, curate, and include Fitbit BYOD data in the Researcher 
Workbench, 2) the diversity and assessment of under-represented in biomedical research (UBR) in Fitbit BYOD 
participants compared with overall AoU participant population, and 3) future DHT studies planned for AoURP. 
Methods 
  Beginning in January 2019, participants have been offered a choice to authorize sharing personal Fitbit data during 
the AoURP digital consent process (3). For those participants who have already completed the primay consent for the 
program, a Fitbit consent describes the types of data collected by the program, and the participant then authorizes the 
program to retrieve data directly from Fitbit using web services. Fitbit data elements are collected by the program in 
an ongoing manner, and shared with the Data and Research Center (DRC) monthly or quarterly. Data can be collected 
from any Fitbit device, and data elements that are collected include: 1) device-derived parameters (intraday steps, 
daily activity summary, intraday heart rate, heart rate summary statistics, sleep parameters); 2) user-supplied data 
(daily weight, body fat, food and water intake); and 3) device metadata (model, software version, time zone). Data 
analysis for this exploratory work was performed using R and Python in Jupyter notebooks. Participant demographics 
data were derived from participant-reported survey data. The analysis described herein is operational work performed 
by the consortium, and exempt from requiring IRB approval.  
Results 
  As of July 17, 2020, AoU includes over 350K consented participants, of which 9,255 have authorized sharing of  
Fitbit data. Of those consenting for data Fitbit sharing, 8,535 also consented for EHR sharing, completed initial AoU 
survey requests, had physician measurements recorded, and provided a biospecimen. An initial exploratory analysis 
the assess the missingness across data types and within participants was performed on data from 9,255. 
  The total amount of data over time for all the participants shows that of all of the data elements, device-supplied 
intraday steps and activity summary have the most data, heart rate and daily sleep summary are about 40% less, with 
much less of the user-supplied elements of daily weight, daily fat, food and water intake (>90% less than intraday 
steps). To assess the completeness of each data element within a participant, a theoretical maximum number of 
available data objects was derived for each participant based on the start and end time of Fitbit donation. For example, 
if there are 100 days between start and end date of a participant’s donated data, the theoretical maximum number of 
objects would be 100 for daily elements (e.g. daily activity summary, sleep), and 100 x 1440 (the number of minutes 
in a day) for minute-level elements (intraday steps and heart rate). This theoretical maximum number of objects was 
compared to the number of actual objects retrieved for the participant. The range of number of days of data per 
participant for intraday steps are from 1 to 3,598 days, and for heart rate are 1 to 1,950 days. Percent completeness 
was assessed for participants across all data elements, and intraday steps, daily activity summary and heart rate were 
the most complete overall. For intraday steps, 78.5% of participants had > 60% of the possible data, and 64.5% had 
>80% available; for daily activity summary, 78% of participants had > 60% of the possible data, and 64.1% had >80% 
available; and for heart rate, 77.1% of participants had > 60% of the possible data, and 61.7% had >80% of possible 
data available. Interestingly, participants with data available for only one year or less had the lowest percentage of 
completeness, and completeness of participant data increased as duration of Fitbit BYOD data donation increases. 
This could indicate that users who wear devices for longer tend to wear the device for more time each day.  
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Demographics of AoU Fitbit BYOD Participants 
  The majority of participants (N = 8,535) contributing Fitbit data are White (78.43%) followed by Black or African 
American (5.41%) and Hispanic or Latino (4.41%). Most participants received higher education: Advanced Degree 
(Master’s, Doctorate, etc.) (36.18%), College graduate (4 or more years) (32.82%), and 1 to 3 years of college, 
Associate’s degree, or technical school (23.20%). The age of participants was well distributed between the age of 26 
to 75. The highest proportion of participants were in the age group 56 to 65 (21.87%) followed by 26-35 (18.14%) 
and 46-55 (17.79%). A majority of the people earned more than $25,000 (85.34%) and lived in urban areas (90.38%). 
There were more female at birth (70.10%) than male at birth (29.01%).  
 Overall, the patterns of age, sex and gender of the AoU Fitbit BYOD participants are similar to all AoU participants. 
However, deviation in the demographic categories for race, education, and income were noted. A higher proportion 
of white (78.43% for Fitbit, 47.8% for all AoU) vs. other races (black or African American (5.41% for Fitbit, 20.69% 
for all AoU) and Hispanic or Latino (4.41% for Fitbit, 16.08% for all AoU) were noted in the Fitbit subgroup. Similar 
proportion of Asian race were noted in Fitbit (3.04%) and all AoU (2.94%). A higher proportion of Fitbit BYOD 
participants earn >$25K/year (85.34%) compared to all AoU (49.97%), and a higher proportion of Fitbit BYOD 
participants have college or advanced degrees (69%) compared to all AoU (38.96%), while a smaller proportion of 
Fitbit BYOD participants have completed high school as the highest level of educational attainment (6.34%) compared 
to all AoU (20.92%). 
Discussion 
  AoURP has a unique opportunity to address some of the current challenges in DHT research due to the following 
core values of the program: 1) the size and diversity of the cohort (currently >350K and growing to one million or 
more), 2) the importance of capturing data from those in UBR groups, and 3) the goal to develop an open-access, rich, 
and complete biomedical data set and make it available to the research community. The current Fitbit BYOD data set 
includes data from 9,255 participants and is growing every day. The data curation team is assessing the missingness 
of the data across data elements and within participants, and has noted that the activity data elements, followed by the 
heart rate data elements, have the most data in total size and completeness across data elements and within participants. 
Further, participants with the most theoretical data, those that have been wearing (and donating) Fitbit for the longest 
time, tend to have the most complete data, which could indicate a more consistent pattern of wearing the device for 
users >1 year. 
  The analysis also highlighted a diversity gap in Fitbit BYOD participants as compared with the diversity of all of 
AoU, particularly for race, income and education. This is not surprising, especially given a recent pew report and other 
research studies reporting that regular wearers of smart watches and fitness trackers are majority white race and from 
higher income and education groups. In large private-sector studies using smart watches, there is a notable bias in 
tracking healthy individuals, which may result in algorithmic bias. Because diversity of participants and data is of 
critical importance to the AoURP, this information will be used to plan future DHT efforts to try to mitigate gaps in 
traditionally under-represented in biomedical research (UBR) participants.  
Future DHT Plans for AoURP 
  The AoU Fitbit BYOD data is guiding development of scientific research use cases and a data curation plan for the 
inclusion of Fitbit data in the AoU Researcher Workbench. The program is also considering these data in the context 
of the current and planned DHT portfolio. In the near term, AoU is considering a wearables pilot program to distribute 
10,000 Fitbits to program participants. The assessment of the current Fitbit BYOD participant data, as well as other 
programmatic priorities, is critical to guiding this effort. The program is also adding additional devices to the BYOD 
program in the near future, developing apps and other DHT offerings.  
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There is significant concern over physician time spent in EHRs causing stress and burnout, 
especially time spent outside of normal work hours (“outside of scheduled hours”). This may be 
especially true for resident physicians, who work long hours to meet educational requirements. 
This longitudinal study followed resident physicians EHR usage and efficiency using metadata 
audit logs. Over the first year of residency, resident physicians improved their time per patient in 
the EHR and the number of patients seen per day, but did not decrease the proportion of EHR 
time spent outside of scheduled hours. These results suggest resident physicians are vulnerable 
to “outside of scheduled hours” EHR-driven burnout. 
 
Introduction: Medical residents work long hours, often exceeding 80 hours per week to meet 
their educational requirements. Placing limits on resident hours remains a controversial topic, 
though the American College of Graduate Medical Education has recommended limits on hours 
worked by residents and fines programs for routinely exceeding the guidelines. At the same time, 
there is significant concern over EHR-driven physician burnout.1 Time in the EHR and EHR 
time outside of scheduled hours have been associated with clinician burnout, and resident 
physicians may be especially vulnerable as they are learning clinical and technical skills at the 
same time. Given the high demands on resident time, they are likely to spend large amounts of 
time documenting, which may lead to burnout.2 We examined resident physician EHR usage to 
understand where they spend time, what proportion of time is outside of scheduled hours, and at 
what rate they become more facile with the EHR as they gain experience. 
 
Methods: We collected EHR audit log data on all resident physicians across post-graduate years 
at a large academic health system for a full year. We limited our analysis to residents in 
ambulatory settings to accurately evaluate outside of scheduled hours EHR use time. Outside of 
scheduled hours was defined as EHR use outside of scheduled clinic hours. We calculated 
descriptive statistics on how physician time in the EHR by task. We calculated the percentage of 
EHR time spent outside of scheduled hours. We tracked those as residents gained experience. 
We ran multi-variate OLS models predicting the relationship between experience and EHR time 
per patient, patients per day, and outside of scheduled hours EHR time, controlling for specialty 
and including month fixed effects, individual-level random effects, and robust standard errors 
clustered at the resident physician level. Our analytic sample consisted of 622 resident physicians 
at a United States teaching hospital from July 2017 to June 2018.  
 
Results: Residents spent an average of 45.6 minutes in the EHR per patient. Most time was spent 
on documentation (20.3 minutes), chart review (12.1), and entering orders (5.4,) with the 
remaining time distributed between tasks such as patient discharge, medication reconciliation, 
and messaging with patients. Residents spent 13.54% of their EHR time outside of scheduled 
hours. When evaluating how residents learn as they gain experience, we found EHR time per 
patient fell from 48.2 minutes in their first month to 40.9 minutes in their 12th, patients seen per 
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day increased from 2.69 to 3.39, and percentage of EHR time after hours increased from 15.67% 
to 16.51%. 
 

 
In our OLS models, we found that each month of experience was correlated with significant 
reductions in hours of EHR time per patient (β=-0.024, p=0.01) and increases in number of 
patients seen per day (β=0.10, p<0.001). The relationship between experience and proportion of 
outside of scheduled hours time was not significant. 
 
Discussion: Resident physician EHR use is primarily concentrated in documenting, charting, and 
ordering. A significant portion of EHR use time is outside of scheduled hours, requiring residents 
to stay late or work at home. As residents gain experience, they spend less time per patient in the 
EHR and see more patients per day, but their proportion of EHR time outside of scheduled hours 
does not decrease. While residents do not decrease the proportion of time spent working outside 
of scheduled hours, the absolute amount of time decreases as overall levels of EHR work 
decrease. Our results suggest that while physicians in training become more efficient and treat 
more patients per day as they gain experience, the amount of time they spend working in the 
EHR outside of scheduled hours remains constant. Medical education programs should be aware 
of the outside of scheduled hours burdens of EHRs on residents and how it may contribute to 
physician burnout.   
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Introduction: Transportation barriers often delay or limit individuals to access health care. In the U.S., 

about 3.6 million people fail to access healthcare because of transportation barriers each year [1]. For 

seniors across the country, transportation barriers pose the third leading cause of missing a medical 

appointment. Consequently, transportation barriers lead to overall poorer health outcomes and higher 

health expenditures [2]. Patient portals have been widely used by patients to timely communicate with 

their providers via secure messaging for the various issues including transportation barriers. The large 

volume of portal messages offers an invaluable opportunity for studying transportation barriers reported 
by patients. Also blessed by modern technology, artificial intelligent (AI) now enables us to automatically 

screen the deep semantics of vast text documents with minimum feature engineering. In this study, we 

prototyped an AI-enhanced pipeline to identify transportation issues mentioned in patient-provider 

messages. The identified transportation issues such as impaired driving ability and financial hardship will 

greatly inform the pertinent stakeholders to develop corresponding solutions.  

Methods: For obtaining the seed dataset, we applied simple keyword match with “transport%” over the 

portal messages at Mayo Clinic – Rochester between 2010 and 2017 as a pilot study (We will extend the 

keywords and seed dataset in the future work). Over 2 million portal messages were screened, 1,117 of 

which were hit by the transportation keyword, and 1,883 sentences were extracted by using the NLTK† 

sentence chunker. We applied the Siamese BERT network [3] to generate deep semantic embeddings of 

the sentences. On top of the embeddings, agglomerative hierarchical clustering was performed with the 

optimal number of clusters (n=8) determined by the silhouette analysis [4] (See Figure 1). Stratified 

sampling was then used to select about 12 sentences from each of the 8 clusters (hence 100 in totals), 

which were independently annotated by both authors into the following three classes: 

0) The sentence was irrelevant to transportation. 

1) The sentence mentioned a neutral transportation issue that did not cause a problem. 

2) The sentence mentioned a transportation issue that did impede access to health care.  

For analyzing the contents of the clusters, we plotted the 3-class distribution within each cluster, 

visualized the 2D proximity of the cluster points using t-SNE [5], and qualitatively appraised the topics 

covered by each cluster.  

Results and Discussion: The inter-annotator agreement in the class assignment was 0.37, indicating the 

task was challenging even for humans. The left panel of Figure 2 shows the 3-class distributions in each 

cluster, notably: the cluster 5 has about 55.6% sentences mentioning direct transportation issues such as 

impaired ability to drive and financial hardship to afford transportation; clusters 3, 4, 6, and 8 have 64.3-

66.7% of sentences describing a transportation concern that has been resolved or can be resolved; clusters 

1, 2, and 7 had higher percentage of sentences completely irrelevant to transportation, i.e., 71.4%, 61.5%, 

and 100.0%, respectively. The t-SNE scatter plot in the right panel of Figure 2 illustrates the spread and 

adjacency of the clusters. The upper-left clusters involve denser topics relevant to transportation barriers, 

and the relevance fades away toward the other quadrants. For example, the cluster 2 covers general 

transportation arrangement and logistics; cluster 1 contains considerable irrelevant sentences about 

“biomolecular transport”, which was a common false positive by the initial keyword match. Future work 

will focus on extending the seed dataset through deep semantic search and reducing the false positive. We 

expect our system to serve as a critical tool in revealing transportation issues and informing the 

development of process/policy solutions. 

 
† Natural Language Toolkit: www.nltk.org  
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Figure 1. Determining the optimal number of clusters. Mean of silhouette scores of all the data points 

(left) and standard deviation of silhouette thickness of each cluster (right). The silhouette score (-1,1) is a 

measure of how similar a data point is to its own cluster (cohesion) compared to other clusters 

(separation).  

 

 
Figure 2. Left: distribution of sentence class annotations in each cluster. Right: t-SNE scatter plot of the 

sentences and their cluster assignments.  
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Introduction 

Family caregivers are increasingly responsible for supporting their relatives in tasks ranging from activities of daily 
living (ADLs, e.g. dressing, bathing) to medical assistance, communicating with providers, and assisting with doctor 
visits1. Caregiver observations can also supplement information given to clinical providers leading to an increasing 
interest and demand for caregivers to be more involved in communication and decision-making with providers with, 
or on behalf of, their relative2. Caregivers may communicate with health care providers by accessing their relative’s 
medical record using an online patient portal3. Adults aged 50 and over are more likely than younger adults to have 
reported never using a patient portal4 and may benefit from allowing family caregivers to use patient portals. However, 
little is known about the extent to which caregivers use technologies for their care recipients.  

We used nationally representative data from 2018 to (1) describe the characteristics and responsibilities of family 
caregivers and (2) determine the relationship between caregiver characteristics and responsibilities, and likelihood of 
communicating with recipients’ providers, and likelihood of accessing recipients’ online records. This study is an 
effort to learn about the current landscape of family caregivers’ use of recipients’ medical records via online tools. 
Enabling family caregivers to access their relative’s medical records has implications not only for communication 
with providers and other aspects of care, but also for patient privacy and autonomy. 

Methods  

We performed a secondary data analysis of data from the 2018 Health Information National Trends Survey (HINTS) 
5 Cycle 2, administered to 3,504 US adults by the National Cancer Institute to study health information seeking 
behaviors and health communication channels used by the American public5. We estimated multivariable logistic 
regression models to investigate the relationship between care recipient type (parent, spouse, other family member) 
and: (1) responsibility for communicating with providers and (2) accessing online medical records, adjusting for age, 
race/ethnicity, sex, education, ADL support, cognitive condition support, and hours spent caregiving. 

Results 

The majority of family caregivers of adults (74-89%) report responsibility for communicating with care recipients’ 
healthcare providers. However, only 11-27% of caregivers accessed their care recipients’ online medical record in the 
previous 12 months, with caregivers of spouses most likely to access care recipient’s online record. In multivariable 
analysis, caregivers of a parent were significantly more likely than caregivers of spouses to report being responsible 
for communicating with providers (OR=4.09, 95% CI [1.54, 10.83], p=0.005). Similarly, caregivers supporting a 
parent were significantly less likely than those supporting a spouse/partner to report using the online medical record 
(OR=0.28, 95% CI [0.11, 0.74], p=0.01). Caregivers supporting a relative with a cognitive and a physical condition 
were more likely to report being responsible for communicating with providers than caregivers supporting only a 
physical condition (OR=2.86, 95% CL [1.21, 6.77], p=0.017).  

Discussion 

The information family caregivers have about their relative’s health ideally positions them to communicate with 
providers, advocate for their relative’s needs and preferences, and further, to provide effective support6. Given that 
accessing the online medical record may facilitate communication by giving caregivers access to useful and actionable 
information, their low use of the online medical record is striking and points to opportunities for practice and policy. 

Family caregiver access to their relative’s medical record may facilitate information sharing between caregivers and 
healthcare teams with bidirectional benefits7. Caregivers’ access to information about care recipient’s diagnosis, test 
results, and prognosis may enable them to provide better support over time. With access to the online medical record, 
caregivers may be able to provide helpful contextualizing detail about care recipients symptoms or behaviors that 
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could assist providers7. Facilitating caregivers’ ability to support communication and coordination tasks for care 
recipients via patient portals may produce benefits for both caregivers and care recipients. Providers should discuss 
with their patients about family caregiver’s use of their online medical record, including concerns about privacy and 
confidentiality, and clarify procedures for obtaining permission if required and for changing preferences if needed8. 
Providers should also discuss proxy access by a caregiver who is legally responsible for treatment decisions to the 
online medical record. 

Current policies for family caregiver access of medical records lack standardization and transparency. There is a need 
for increasing transparency about (a) who can access another individual’s health record (e.g. multiple family members 
or one designated family caregiver), (b) the conditions or circumstances under which a caregiver can access a family 
care recipient’s record, (c) the procedures required to obtain access to the record (e.g. permission from provider and/or 
consent from care recipient), and (d) steps to maximize patient’s privacy upon granting record access to caregivers. In 
addition, while some family caregivers may support a care recipient in the same household , others may provide long-
distance support.  

Finally, there is a need to ensure that design of online medical record systems are conducive to use by caregivers. For 
example, patient portals should be designed with information representations and visualizations that reduce the 
cognitive burden of understanding a care recipient’s medical record, allowing caregivers to quickly and easily 
ascertain the most relevant information necessary for communications with providers and for shared decision-making9. 
Healthcare systems should offer concise education and training for family caregivers to use the care recipient’s 
medical record effectively. Caregivers already experience tremendous physical and psychological stress resulting from 
their responsibilities, and designers should ensure that use of the patient portal can augment caregiving without 
creating new time-intensive tasks10. 

Conclusion 

Family caregivers have low rates of using care recipients’ patient portals, despite often being responsible for 
communicating with care recipients’ healthcare providers. Caregivers may experience greater agency in participating 
as a member of the care recipient’s care team if policies and the interface design of patient portals reflect the need to 
incorporate caregiver users of patients’ electronic health records. By more fully engaging caregivers at the practice, 
policy, and health IT design levels, caregivers may have greater access to important health information about their 
care recipients, allowing them to be more informed and engaged in the care of family members.  
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Introduction 

As the performance of claims-based risk adjustment models reaches its limit, additional sources of data have been 

proposed to improve its performances. Place-based determinant of health is one of the mostly commonly proposed 

sources for such consideration. Place-based determinant of health can be derived from various geographic levels, such 
as zip code, census tract, or census block group. We aimed to compare the impact of information derived from three 

geographic levels on the performance of the risk adjustment models and determine the largest level necessary to 

observe its impact on risk adjustment models. 

Methods 

This was a retrospective cohort study using 2016 and 2017 claims data from the Johns Hopkins Healthcare. From 

537,496 enrollees in the dataset, we applied the following inclusion criteria: (1) 6+ month medical and pharmacy 

enrollment in both 2016 and 2017; and, (2) living in areas with place-based determinant of health information available 

across all three geographic levels. The final study population included 207,187 eligible enrollees. An individual’s 

residential information (zip code, census tract, or census block group) was assigned based on his/her latest address on 

record. The Area Deprivation Index (ADI) was adopted in the study to represent place-based determinant of health, 

which is a validated measure of community disadvantage calculated at multiple geographical levels1. ADI allows for 
rankings of neighborhoods by the socioeconomic disadvantage in a region of interest. ADI includes factors for the 

domains of income, education, employment, and housing condition. ADI can be used to inform health delivery and 

policy, especially for patients in the most disadvantaged neighborhoods. A percentile based on the national ADI 

ranking was assigned to every geographic level and then attached to an individual through the geographic linkage. We 

generated three types of costs and five utilization markers in the concurrent (2016) and prospective (2017) calendar 

year at the individual level to distinguish the temporal impact of ADI. Three types of costs were total costs, medical 

costs (non-pharmacy costs) and pharmacy costs. All costs were truncated at the top .5% of all positive costs. Five 

utilization markers included being in the 5% top users, having any hospitalization, having any emergency department 

(ER) visit, having any avoidable ER visit, and having any readmission within 30-day of discharge. Control variables 

included three demographic variables (i.e., age and sex) and one morbidity measure. Age was divided into the 

following five categories: 1-9, 10-17, 18-24, 25-34, 35-44, 45-54 and 55-63 years old. Age was restricted to 63 in 

2016 since people aged 64 in 2016 would enter Medicare in 2017 and we would not have their claims information. 
Race were classified into white, black and others. The morbidity measure was the DxRx-PM score, derived from the 

Johns Hopkins Adjusted Clinical Group (ACG) system2. The DxRx-PM score is a comprehensive diagnosis-based 

predicted score constructed from various ICD and NDC-based indicators. The DxRx-PM score has been demonstrated 

to be a valid measure of morbidity. We applied linear regression for costs and logistic regression for binary utilization 

markers. We constructed two base models: one with demographics only and another with demographics and DxRx-

PM score. For each base model, we constructed three ADI-enhanced models at each geographic level: zip code, census 

tract, or census block group. The performance measures included R2 from linear regression and C-statistic from 

logistic regression, and we compared the model performance between the base model and ADI-enhanced models. 

Results 

Among 207,184 enrollees, 44.2% were male with mean age of 22.6 years; 29.0% were white, 31.8% were black while 

39.8% were other races. Between two base models, adding DxRx-PM score greatly increased the performance of 
demographics-only models across all types of costs and time periods (Table 1). For example, the R2 of prospective 

total costs increased from .0716 (demographics-only) to .2730 (demographics with DxRx-PM). Across three 

geographic levels, ADI at census tract or block group had similar impact on all types of costs while ADI at zip had 

the lowest or no impact on R2. Across three types of costs, ADI at census block or block group had higher impact on 
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medical costs while negligible impact on pharmacy costs. For example, adding ADI at census block or block group to 

the demographics plus DxRx-PM score increased the R2 of prospective medical costs by .0015, while had no impact 

on R2 of prospective pharmacy costs. On the contrary, adding ADI at zip did not have impact on R2. As for five binary 

utilization markers, we only observed the impact of ADI on two ED-related outcomes while no impact on three other 

outcomes (Table 2). In addition, the findings showed that only the ADI at census block or block group had impact but 
not ADI at zip code level. For example, adding ADI at census block or block group to the demographics plus DxRx-

PM score increased the C-statistic of having any ED prospectively by 0.013, while had negligible or no impact on 

other prospective markers. 

Table 1. Impact of adding ADI across three levels on risk adjustment models in predicting healthcare costs: linear regression R2 

Year 2016 (Concurrent) 2017 (Prospective) 

Outcome 
Total 

Cost 

Medica

l Cost 

Pharmacy 

Cost 

Total 

Cost 

Medical 

Cost 

Pharmacy 

Cost 

Demographics .0656 .0557 .0481 .0716 .0591 .0499 

Demographics + ADI at zip .0657 .0558 .0482 .0717 .0591 .0500 

Demographics + ADI at tract .0679 .0590 .0481 .0741 .0624 .0499 

Demographics + ADI at block group .0678 .0590 .0482 .0740 .0623 .0499 

Demographics + ACG PM Score .5869 .4972 .2069 .2730 .2046 .1665 

Demographics + ACG PM Score + ADI at zip .5869 .4972 .2070 .2730 .2046 .1665 

Demographics + ACG PM Score + ADI at tract .5871 .4979 .2077 .2738 .2061 .1666 

Demographics + ACG PM Score + ADI at block group .5871 .4980 .2078 .2737 .2061 .1667 

Table 2. Impact of adding ADI across three levels on risk adjustment models in predicting healthcare utilization: logistic regression C stat 

Year 2016 (Concurrent) 2017 (Prospective) 

Outcome 
Any 

Readmission 
Any ED 

Any 

Avoidable 

ED 

Any 

Readmission 
Any ED 

Any 

Avoidable ED 

Demographics .757 .615 .629 .781 .613 .623 

Demographics + ADI at zip .757 .615 .629 .781 .613 .623 

Demographics + ADI at tract .761 .634 .648 .787 .631 .643 

Demographics + ADI at block group .762 .634 .648 .788 .631 .644 

Demographics + ACG PM Score .956 .731 .695 .865 .650 .654 

Demographics + ACG PM Score + ADI at zip .956 .731 .695 .866 .650 .654 

Demographics + ACG PM Score + ADI at tract .956 .735 .703 .868 .663 .667 

Demographics + ACG PM Score + ADI at block group .956 .735 .703 .868 .663 .667 

 

Conclusion 

Our results present the advantage of including information on placed-based social determinants of health to claims-

based risk adjustment models. While more work is needed, our findings help to identify the most representative social 

determinates of health variables (e.g., ADI ranking), the most sensitive utilization markers, and the most informative 
geographic level of data for inclusion in the development of predictive models. ADI at census tract and block group 

level performed similarly, and much better than ADI at zip level in predicting healthcare costs and utilization within 

the specific study population.  
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Introduction 

Each year 1 in 20 adults experiences a diagnostic error in outpatient care.1 The 2015 report, Improving Diagnosis for 

Health Care, advocated for collaboration and digital tools to reduce errors. Previous studies focused on increasing 

collaboration have had several limitations: reliance on clinical vignettes with a clear diagnosis that do not reflect the 

uncertainty in real clinical care; little representation of diagnostic questions in general outpatient medicine; and few 

real-time collaborations despite increasing feasibility. In this pragmatic clinical trial, we assessed if digitally-acquired 

peer diagnostic input on real-life outpatient cases impacted clinical decision-making and diagnostic outcomes. 

Methods 

Design and setting: This pragmatic randomized trial of a peer diagnostic input intervention2 was conducted among 28 

primary care providers (PCPs) in two health systems in San Francisco. Randomization was at a case level but stratified 

by clinician to help ensure similar number of cases for each clinician in each intervention arm.  

Procedure and intervention: Study physicians reviewed PCPs’ clinical encounters to identify cases with 

new/unresolved complaints and entered case information (one-line summary and history, exam, and tests) into a digital 

tool that collected input from other clinicians. After 5+ clinicians provided input, the digital tool collated feedback 

into a collective opinion about the diagnosis and plan. The collective opinion was collected for all cases but provided 

to PCPs for intervention cases only after PCPs provided perceptions about case difficulty and uncertainty (co-variates). 

Outcomes: Primary outcome was high vs low diagnostic confidence. This was chosen because of its known impact on 

clinical decision-making3 and likelihood of changing in response to the intervention. Confidence was collected via a 

survey completed after clinicians provided baseline case perceptions about difficulty/uncertainty (co-variates). 

Secondary outcomes, collected through medical record review, were related to diagnostic outcomes: definitive 

diagnosis at one year, time to diagnosis, and probability of diagnosis. Two clinicians independently reviewed medical 

records to determine whether a definitive diagnosis was reached and the time to diagnosis. Exploratory outcomes 

included diagnostic accuracy of collective opinion and reasons for no definitive diagnosis. Cases in which two 

clinicians could not reach agreement were adjudicated by a third clinician.  

Co-variates: Clinician characteristics (professional degree–NP vs MD/DO, years in practice, gender) and case 

perceptions (low vs high difficulty; low vs high diagnostic uncertainty) were self-reported. Case perceptions were 

collected after clinicians viewed the case information entered into the digital tool. Patient characteristics (gender, 

race/ethnicity, age) were collected by medical record review.   

Analytic approach: We assessed for differences in the primary outcome (rates of high confidence) and secondary 

outcomes (rate of definitive diagnosis at one year and median time to diagnosis) between the control and intervention 

groups. We used Kaplan Meier estimates to compare the probability of reaching a definitive diagnosis during the study 

period between intervention and control cases. For all analyses, we included only cases with complete data required 

for each analysis; we a priori planned a stratified analysis by baseline uncertainty. 

Results 

We reviewed 2800 encounters from August to December 2018 and identified 509 with new/unresolved complaints 

(255 control; 254 intervention). PCPs perceived that only one quarter of these cases (65 control, 62 intervention) had 

high diagnostic uncertainty. The rate of high diagnostic confidence was not different between control (117/255, 46%) 

and intervention cases (136/254, 54%) (OR: 1.46; p=0.0504, Figure 1). In analyses stratified by baseline uncertainty, 

the intervention was associated with higher odds of high confidence in cases with high uncertainty (9% control vs 

23% intervention, p=0.048) but not low uncertainty (58% control vs 64% intervention, p=0.22). 

Figure 1. Odds of intervention increasing confidence for all cases and stratified by baseline diagnostic uncertainty  
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At 365 days after clinical encounters, only 40% (196/492) of cases with complete data had reached a definitive 

diagnosis, with no difference between control (100/248, 40%) and intervention cases (96/244, 39%) (p=0.75). When 

stratified by uncertainty, there was also no significant difference. Among cases with a diagnosis, the median time to 

diagnosis was similar for control vs intervention cases: 7 days (IQR=0-51 days) vs 3 days (IQR=0-39 days) (p=0.82), 

with no significant difference when stratified by uncertainty. The probability of reaching a diagnosis was not different 

between control and intervention cases (p=0.85; Figure 2) or when stratified by diagnostic uncertainty.  

Figure 2. Kaplan Meier curve of proportion of cases without diagnosis, stratified by experimental group. 

 

Discussion 

This pragmatic randomized trial of 500+ cases found that digitally-acquired diagnostic input from peers in real-life 

outpatient cases increased diagnostic confidence for cases perceived to have high uncertainty but had no impact on 

time to diagnosis or rate of diagnosis at one year. A potential implication of these findings is related to resource 

allocation. Since low diagnostic confidence is associated with increased use of resources, increasing confidence in 

high uncertainty cases may reduce inappropriate testing and resource use. Although we did not find an impact on time 

to diagnosis or likelihood of reaching a definitive diagnosis, we were not powered to detect differences in this outcome.  

Our study also advances the literature on diagnostic errors in outpatient medicine by describing that although clinicians 

perceived 75% of new/unresolved complaints in outpatient general medicine to have low uncertainty, only 40% of 

cases with new/unresolved complaints had a definitive diagnosis at one year. Estimates of uncertainty and diagnostic 

rate are necessary for designing future studies to improve diagnosis in outpatient medicine. The diagnosis rate at one-

year highlights challenges of measuring outpatient diagnostic excellence, which impedes both quality improvement 

efforts and research on improving diagnostic outcomes in ambulatory care.  

Although this study has  limitations (single city, use of single digital tool), the strength of our randomized pragmatic 

trial design supports findings from prior non-randomized studies that peer diagnostic input impacts clinicians’ 

cognitive processes and expands this impact to real outpatient general medicine cases. Next steps include research that 

evaluates the impact of digitally-acquired peer input when implemented in real-time or across different clinical settings 

as well designing studies with adequate power to assess impact on clinical and process outcomes, including resource 

use which was not measured in this study.  
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Introduction 

Clinicians need support to plan care for multimorbidity patients [1]. When developing care-plans for the patient, 

physicians may consult Clinical Practice Guidelines (CPGs), a process for which Computer-Interpretable Guidelines 

(CIGs) may provide decision-making support [2]. However, both CPGs and CIGs typically focus on a single medical 

condition, which burdens the physicians with the task of resolving on their own complex interactions among the 

different morbidities and among the morbidities and the medications, as well as adverse effects of medications. As a 

result, patients might receive treatments that are suited for one morbidity but may not be suitable for other 

comorbidities. We developed GoCom, a Goal-oriented methodology for providing decision support for the 

management of Comorbidities. GoCom detects and mitigates interactions among guideline recommendations for 

patients whose problems evolves over time, while consulting standard medical ontologies and terminologies and 

relying on patient information standards. Here we report for the first time the conceptual model of GoCom and the 

pilot evaluation of its impact on clinical decision-making of medical students. 

 

Methods 

The methodology leverages existing health standards and specifies CIGs as goal-oriented modular plans, allowing the 

detection of goals that are not met, conflicting goals, and finding alternative actions that meet these goals. This makes 

the approach flexible (rather than having rigid action flowcharts), enables reuse, and supports reasoning at different 

levels of abstraction.  

GoCom follows the Model-View-Controller- architecture [3]. Its Model, previously described in [3], includes the 

Patient Model in the format of HL7 Fast Healthcare Interoperability Resources (FHIR)[4], the knowledge base of 

CIGs encoded in PROforma[5], and the NDF-RT drug ontology [6]. NDF-RT provides information about medications, 

their physiological effects and their relationships with Diseases/Findings (problems), as well as drug hierarchies. In 

[7], we developed a Guide for modeling PROforma CIGs in a goal-oriented way. PROforma tasks metaproperties are 

annotated with goals for diagnosis, treatment or prevention of a disease. The aim of the metadata is to facilitate the 

mapping of CIG decision criteria to patient data and to support the goal-based reasoning process for detecting and 

mitigating interactions. We focused in [7] on specifying physiological-effect goals that leverage information, taken 

from NDF-RT, about the physiological effects of medications (e.g., decreased platelet aggregation). Here we report 

our extension of the approach, providing definitions for a conceptual model of goals and goal inconsistency as well 

as integrating modeling ideas from an ontology of goals by Fox et al. [8], FHIR’s Goal resource, and relationships 

found in the NDF-RT ontology. Following the ontological specification of goals [8], we chose to distinguish among 

five subclasses of goals: Diagnosis Goal, three State-achievement goals (Treatment Goal, Prevention Goal, 

Physiological-effect Goal), and Action-enactment Goal. The hierarchical task network of goal-oriented PROforma 

CIGs starts with more abstract goals of diagnosis, treatment, or prevention. Treatment or prevention goals are then 

specialized by focusing on the desired physiological effect (e.g., achieve decreased platelet aggregation) and finally 

on the selection of an appropriate action-enactment goal (e.g., starting clopidogrel vs. aspirin) 

The Controller enacts a CIG associated with each of the patient’s active problems, retrieves the resulting patient-

specific goals, and represents them as a hierarchical goal tree. The results of enacting CIGs for all comorbidities are 

represented as a goal forest [3]. The Controller implements an algorithm that embodies behavioral patterns that (A) 

respond to events (new medical problem, medication request, procedure request), (B) check consistency between goals 

while (C) resolving subsumption relationships between medications based on the NDF-RT ontology, (D) mitigate 

inconsistencies by (E) delivering sets of recommendations that are aggregated from several CIGs and are presented as 

medically-correct therapy option sets, where each option set contains non-conflicting recommendations, and (F) 

generate automatic explanations of the Controller’s recommendations (Figure 1). Patterns C-F have not been reported 

before. 
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Results 

GoCom’s usefulness was evaluated in a pilot study with ten 6th year medical students who solved two cases of 

multimorbidity patients with and without decision-support.  

Completeness is defined as the percentage of clinical diagnoses and actions, specified by a participant out of the total 

set of diagnoses and actions indicated by the clinical guidelines and specified in the gold standard. 

Correctness is defined as the percentage of correct clinical diagnoses and actions, out of the entire set of diagnoses 

and actions specified by a participant.  

The completeness and correctness of their solutions were compared against a gold standard. The cases involve 

stroke+duodenal ulcer and hypertension+hereditary angioedema respectively. Use of GoCom’s decision support 

increased completeness of the patient management plans produced by the medical students from 0.44 to 0.71 on a 

zero-to-one scale with decision support (P-value of 0.0005). Correctness was very high with (0.98) or without the 

system (0.91), with non-significant difference (P-value ≥0.17).   

 

 

 

 

 

 

 

 

 

 

Figure 1. GoCom’s aggregation and explanation of non-conflicting option-sets for a multimorbidity patient 

who had stroke, developed duodenal ulcer and later osteoporosis. The therapies are aligned with their goals.  
 

Discussion 

While much work has been done to address multimorbidity and CIGs, this is the first research to combine standard-

based general medical knowledge, CIGs, and hierarchical goal modelling with a novel algorithm that implements 

aggregation and explanation strategies for mitigation of inconsistencies that occur while the patient’s multiple 

conditions evolve over time. Goal-oriented modelling combined with the use of metaproperties to integrate CIGs and 

the Patient Model, allows a non-rigid structure of the system that facilitates easier detection and mitigation of 

interactions. The treatment solutions provided by the Mitigation pattern, as a result of reasoning combined with the 

patient’s goal forest are meant to guide the patient towards completion of goals rather than merely execution of tasks. 

The algorithm developed in this work is generic, scalable, and reusable for multiple CIGs, as has been demonstrated 

by the case studies. We plan to extend the functionality of the Controller to detect adverse events, address temporal 

constraints in medications, procedures and recommendations, and to address goal prioritization and patient preferences 

in shared decision making.  
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Abstract 
A hospital’s comparative quality measures can be biased as a result of differences in patient mix, hospital 
structure, and geographic location with comparative peer facilities. The approach put forth in this study uses a 
data-driven method to better-identify peer facilities across three criterion domains (patient-mix, structure and 
geography).  The results show that an objective data-driven peer approach minimizes overall peer bias related 
to total inpatient cost and inpatient mortality 

Introduction 
A health system’s evaluation of quality performance, cost, and resource consumption relies heavily on the 
identification of a comparative peer group. A poorly-defined peer group can produce misleading comparative results 
due to fundamental differences in patient-mix, structural characteristics (e.g. teaching facilities), and geographic 
factors. Risk-adjusted quality measures are designed to mitigate bias by adjusting for a population’s patient mix 
through the use of an “expected” value; however, structural biases may still exist as a result of explanatory factors 
excluded from the risk-models themselves.1 The prevailing approach for peer-group definition is manual curation or 
the use of an “internal peer” where hospitals are benchmarked against all other hospitals within the same health-
system. Prior research supports the use of data-driven peer selection methods2, but such methods have not gained 
traction in the healthcare industry, likely due to the lack of data and analytic capabilities within many organizations. 
Herein, we present an automated data-driven method for peer selection that will generate peers based on clinical, 
structural, and geographic factors that minimize bias and are meaningful to performance improvement. 

 Methods 
We grouped feature sets into three distinct data domains 
(Clinical, Structural, and Geographic) such that the aggregate 
similarity of the three data domains are employed within a K-
Nearest Neighbor (KNN) algorithm to identify the overall 
similarity (i.e., Euclidean distance) between the evaluated 
facility and its peer candidates (Figure 1). The Clinical data 
domain is a normalized Chi^2 metric measuring the 
similarity between the proportion of patients within each 
Medical Severity Diagnosis-Related Grouping (MS-DRG) 
business line between two facilities. The Geographic domain 
is the normalized relative distance between facilities. The 
Structural domain is comprised of a variety of features 
including: bed count, Case Mix Index (CMI), cost type, 
urban/rural status, teaching status, academic indicator, 
emergency indicator, trauma certified, Council of Teaching 
Hospitals (COTH) indicator, and bed counts by type (ICU, 
neonatal, etc.). In the Structural domain, similarity between 
binary indictors are calculated as the difference in their inverse 
probabilities, such that less-frequent indicators are assigned greater weight in the similarity score. All features are 
normalized between 0 and 1 and further aggregated into the domain-level mean similarity scores, subsequently used 
as inputs for the K-Nearest Neighbor algorithm.  Data used for the Structural and Geographic domains data was 
sourced from the American Hospital Association (AHA), while the distributions of MS-DRG business lines for the 
clinical domain were sourced from the Premier Healthcare Database (PHD).3 
 
To measure the effectiveness of our algorithm, a pair of mixed-effect models, evaluating both total inpatient cost and 
mortality, was developed for each facility, using patient age and gender as fixed effects and MS-DRG and the 

Figure 1. Proximity of facility peers showing 
Euclidean distance across the Clinical, Structural, 
and Geographic domains. 
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facility unique identifier as random effects. For each facility, the first model was trained using a random selection of 
peers while the second model was trained using peers generated from the KNN method. For demonstration 
purposes, the data was limited to patients with a principal diagnosis related to Acute Myocardial Infarction (AMI), 
Heart Failure (HF), Pneumonia (PN), Chronic Obstructive Pulmonary Disease (COPD), Coronary Artery Bypass 
Graft (CABG), and Total Hip or Knee Arthroplasty (THA/TKA), with a discharge data between January 1st, 2020 
and June 30th, 2020. For consistency, the number of peers in both peer selection methods was limited to 25. We 
hypothesized that the KNN-based peer algorithm would reduce variation resulting from structural, geographic, and 
clinical differences, seen through a lower standard deviation of the random effect for each facility peer group model. 

Results 
The mean standard deviation of the facility random effect across facilities was reduced from .267 to .191 in the cost 
outcome model with an analogous mean reduction from .403 to .344 in the mortality outcome model. Additionally, 
the KNN method resulted in a lower standard deviation of the peer facility random effect for 311 of the 400 the 
evaluated facilities (78%) in the cost model and 247 of the 400 (62%) in the mortality model, indicating a reduction 
of variation resulting from structural, geographic, and clinical differences across peer facilities.   
 
Table 1. Mean Standard Deviations of Facility Random Effects for KNN and Peer-based Peers Methods 

Outcome 
KNN Selection 

Mean 
Random Selection 

Mean 
KNN Selection 

Median 
Random Selection 

Median 
Total Inpatient Cost 0.191 0.267 0.181 0.253 
Inpatient Mortality 0.344 0.403 0.329 0.385 

Conclusion 
Our findings indicate that the use of an improved peer-
grouping method benefits healthcare providers by providing a 
consistent method for peer selection across facilities and helps 
overcome potential biases in measure results not accounted 
for in the measure methodologies themselves. As shown in 
our analysis, the data-driven method for peer selection 
reduces unwanted variation resulting from Structural, 
Geographic, and Clinical differences between facilities, and 
helps isolate outcome variation resulting from quality of care 
itself.   
 
Additional research is underway to identify an optimal 
number of peers by identifying the cluster of facilities in 
closest Euclidean proximity, rather than the current default of 
25.  Consideration is also being given to a Socio-Economic 
Status (SES) domain that would consider factors such as 
average income, population mobility, and percent uninsured. 
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Introduction 

Many transgender persons in the United States experience gender dysphoria (or incongruence) due to misalignment 

with their assigned and experienced genders, or euphoria associated with positive feelings following realignment of 

those genders. These people, including transgender men (TM), transgender women (TW), and nonbinary (NB) 

people, often seek hormonal and/or surgical interventions to reduce dysphoria or increase euphoria. In the United 

States, risk data involving suicide, physical assault, and homicide have been collected but not integrated into 

estimates of cost-effectiveness and quality of life. 

 

Methods 

We explored three strategies: 1) no intervention, 2) hormone replacement therapy (HRT), and 3) hormone 

replacement therapy follow by gender confirmation surgery (HRT and GCS). Population information was derived 

from literature and online databases including the 2015 United States Transgender Survey (USTS). Values for 

mortality, physical assault, homicide, suicide attempt, and HIV rates varied significantly based on gender identity 

(male, female, nonbinary) and race. These data were transformed from incidence or prevalence values into rates 

from available primary literature, as were utility values, excepting those from earlier quality-of-life reports (1). We 

considered the racial categories white, Black, and Latinx as those were widely available in the analyzed sources. For 

transgender women and nonbinary persons, we considered additional theoretical risks of venous thromboembolism 

(VTE) and ischemic stroke (IS) described in literature as being due to usage of estrogen-based hormonal therapy. 

Costs associated with these events were adjusted to 2015 U.S. dollars because most data were collected in that 

period. Our final decision model was created using the program Windows Decision Maker®. Patients enter health 

states described at the Markov node. During each one-year cycle, patients face the chance of being physically 

assaulted, attempting suicide, experiencing IS, suffering a VTE, being infected with HIV, or dying. Events are not 

mutually exclusive, so Markov states were created to include health states following possible compound events. 

Patients entering the well state may remain in that state, develop a chronic disorder such as HIV infection or 

neurological sequelae following an IS, or die. A simplified representation of the model is shown in Figure 1. 

Figure. 1. Simplified version of the model showing different subpopulations, treatments, Markov (health) states, and 

chance events. 

 

All persons were assumed to want to undergo both hormonal and surgical interventions. Transgender persons over 

the age of 18 were included, as most sources lacked data for individuals under that age. We did not consider 

detransition or desistance for any cases. In the surgical strategy, hormonal therapy was provided for 2 years prior to 

surgery. Shorter term outcomes for survivors of ischemic stroke and venous thromboembolism were modeled using 
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two-year and one-year tunnel states, respectively. Upon exiting the tunnel, patients faced a fixed long-term 

decrement in quality of life that is applied for their remaining lifetime (assuming another such event did not occur). 

 

Results and Discussion 

Baseline results across multiple scenarios resulted in HRT and GCS being less costly and more effective than either 

HRT alone or no intervention. HRT and GCS cost between $121,900 and $170,900 less than no intervention and 

result in a gain of between 2.37 and 2.69 quality-adjusted life years (QALYs). While HRT alone cost less and was 

more effective than no intervention, it was more expensive and less effective than HRT and GCS. Thus, HRT and 

GCS dominated both HRT alone and no intervention strategies. For a given treatment strategy, white transgender 

persons and Latinx transgender persons achieved longer quality-adjusted life expectancy than Black transgender 

persons (by an average of 5.1 QALYs). However, Latinx transgender men and nonbinary persons had higher 

quality-adjusted life expectancies (1.1 QALYs greater than white transgender men and nonbinary persons) and white 

transgender women lived 1.6 QALYs longer than Latina transgender women. Further, transgender men tended to 

live longer than nonbinary persons who in turn lived longer than transgender women. In sensitivity analyses of 

multiple model parameters across clinically plausible ranges, HRT and GCS were less costly and more effective 

than no intervention (Figure 2 showcases this result for Black transgender women). The only significant exception 

was the utility of the no intervention strategy. However, this still did not cause cost per QALY to exceed $150,000. 

 
Figure 2. Tornado diagram of results of sensitivity analyses comparing the no intervention and HRT and GCS 

strategies for Black transgender women. Parameter type is indicated by color (green = probability, red = cost, blue = 

utility). Solid black line at the center of the tornado represents base case values for all parameters. Note the cost of 

VTE treatment and cost of HIV generic therapy varied little from baseline for clinically expected values. 

Deterministic sensitivity analyses demonstrated that HRT and GCS is both cost saving and more effective than no 

intervention across clinically plausible ranges for most model parameters.  

 

In general, our results echoed those of Padula et al (2016) and displayed the importance of intersectionality in such 

analyses. Future work with this model will include integration of additional social determinant of health (SDOH)-

related group parameters such as community acceptance and social stigma, alongside probabilistic sensitivity 

analyses results. Additionally, this work has shown that separating transmasculine and transfeminine nonbinary 

persons may be necessary for more granular results. Further, we hope to adapt it to more individualistic scenarios 

including factors like income and homelessness. 
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Introduction 
In the era of electronic health records (EHRs), medical information is more accessible than ever. While some                 
information in EHRs is well-structured and ready-to-use, an estimated 80%1 of the information is stored as                
unstructured narrative text. To extract useful information from the raw text, information extraction (IE) techniques,               
in particular, named entity recognition (NER) have been developed and have achieved great success. The goal of                 
NER is to identify text spans of concept mentions in a document. However, the same concept can be expressed in                    1

many different ways. For example, mentions such as ‘MI’, ‘Myocardial Infarcts’, and ‘heart attack’ all refer to the                  
same concept specified by the ID 10028596 and description ‘Myocardial Infarction’ in MedDRA. The process of                
linking a medical concept mention to a target vocabulary is called medical concept normalization is essential for                 
medical information processing.  
Although rule-based systems have traditionally been used for this task, machine learning (ML)-based systems              
performed better than rule-based systems in recent shared tasks2,3. ML systems learn by training over mention:ID                
pairs (e.g., hepatic enzyme elevation:10060795) which consist of the textual concept mention and the ID of the                 
concept in the vocabulary. To increase the number of available training samples and to generalize beyond concept                 
mentions in the training data, many ML systems augment the training set with description:ID pairs (e.g., hepatic                 
enzyme increased:10060795) using descriptions of each ID in the UMLS. This approach is inefficient and needs lots                 
of training samples; and even then, the performance of the ML models on concepts outside of the training set remain                    
poor. This was shown by Tsujimura et al.3 who trained their ML classifier to predict all 434,056 concepts in the                    
SNOMED CT and RxNorm vocabulary. Despite augmenting the 6,684 training data with 11,583,994 unique              
descriptions in the UMLS, they found that prediction performance on the concepts outside the training set remained                 
poor. This failure to generalize outside of the training set is a common problem for most ML-based normalization                  
methods. In this abstract, we propose a novel ML-based method to solve this problem. We formulate the                 
normalization task as a neural machine translation (NMT) task and translate input mentions into predicted               
descriptions (e.g., hepatic enzyme elevation:hepatic enzyme increased). Our assumption is that if the mentions in the                
task corpus and descriptions in vocabulary are consistent, then the difference between mentions and descriptions can                
be learned via NMT. Therefore, we train a model to predict the description rather than the ID and then retrieve the                     
ID using exact string match and information retrieval (IR) function based on the predicted description. For example,                 
a given mention of ‘lipase elevation’ can be translated into ‘lipase increased’ even when ‘10024574 lipase increased’                 
does not exist in the training set if NMT learns that MedDRA prefers to use ‘increased’ rather than ‘elevation’ from                    
other instances. Then the ID 10024574 can be retrieved using the predicted description. Thanks to this                
generalizability of the NMT model, we only need to train using samples in the training set, greatly reducing training                   
time and memory requirements. This novel architecture is more efficient to train and achieves competitive results                
with current state-of-the-art (SOTA) normalization systems on two standard shared task evaluation datasets.  
Methods 
We tune parameters of our approach via 5 fold cross validation with the training set and generate results using the                    
test set of two different shared-task datasets: NCBI normalization track (NCBI, henceforth) and Text Analysis               
Conference (TAC) 2017 adverse drug reaction (ADR) track (TAC2017, henceforth). NCBI aims to link disease               
mentions in PubMed abstracts to the MErged DIsease voCabulary (MEDIC). TAC2017 aims to link ADR-related               
mentions in drug labels to MedDRA preferred terms. We evaluate the performance of our system using accuracy                 
(the number of correctly normalized mentions over the number of total mentions) on the test set of each shared task,                    
and compare against the performance of other SOTA systems. Thanks to the unique architecture of our approach,                 
specifically using mention-description pairs rather than description-ID pairs, we greatly reduce the number of              
training samples required. For TAC2017, we reduce from 241,096 to 6,991 pairs, and for NCBI we reduce from                  

1 We use the term ‘(concept) mention’ as an instance of actual usage of a medical concept in the text. A ‘(concept) description’ is                        
used to express representative narration for an individual medical concept which corresponds to a unique ID in a certain                   
vocabulary. Multiple descriptions exist for a single CUI in UMLS because UMLS is a collection of different vocabularies. 
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81,031 to 5,921 pairs. Our approach starts with a preprocessing step, followed by a series of four matching steps.                   
Once a match is achieved, the system accepts the match and no further steps are performed.  
(1) Preprocessing: We expanded all abbreviations using Ab3p toolkit4 and removed all stopwords as well as special                 
characters except for angle brackets (‘<’ and ‘ >’) from both mentions and descriptions. Angle brackets provide                 
critical clues when deciding ‘high or low’ and ‘increased or decreased’. 
(2) Exact string match: We searched for exact matches between the mention and the description in target vocabulary                  
and the UMLS. When matching, we used a bag-of-words approach, meaning we ignored word order (e.g.,                
[‘pneumonitis’, ‘immune’, ‘mediated’] and [‘immune’, ‘mediated’, ‘pneumonitis’] are counted as an exact match).             
To handle trivial variations and misspellings we used Levenshtein distance6 which measures the distance between a                
mention and a description as sum of a minimum number of single character edits. We counted as an exact match if                     
the mention and the description are within Levenshtein distance of 1. For example, the distance between ‘diarrhea’                 
and ‘diarrhoea’ is 1, accounting for the single character ‘o’ insertion.  
(3) Machine translation match: For the mentions not exactly matched with any of the descriptions, we use NMT to                   
translate them into descriptions. We used Bahdanau et al.’s NMT model5 which is based on encoder-decoder                
architecture with an attention mechanism. In this phase, we directly predict a description in target terminology. We                 
exclude descriptions from other vocabularies and use the only description in the target vocabulary. This means we                 
provide only one description as an answer for each mention. We leave predictions not matched with any descriptions                  
in the target vocabulary for the next step. 
(4) Character overlap using original description: For mentions not matched in step 3, we apply a customized string                  
match. We developed a customized IR function which measures morphological similarities between a mention and a                
description as a score based on the number of consecutively matched characters: 

q. 1 score e :  =  max [number of  tokens in A, number of  tokens in B]
Σ max[# of  cons. matched chars (token a, token b ) / max[len(a),len(b )], ... , # of  cons. matched chars (token a, token b ) / max[len(a),len(b )]]1 1 n n  

We allow one mismatch for the shorter token when counting matched characters. If multiple concepts have the same                  
matching score, we select a concept with the shortest description. 
Results 
To the best of our knowledge, the best performances for NCBI and TAC2017 was achieved by Ji et al.7 using IR and                      
Rank method with accuracies of 89.06 and 93.22 respectively. Our system achieved new SOTA performance on                
NCBI at 89.31, but slightly lower performance than SOTA on TAC2017 at 92.33. 
Discussion 
In this paper, we presented a novel method of medical concept normalization via description prediction based on                 
NMT techniques. This method addresses problems with generalizability beyond samples seen in the training set               
common in ML models. For example, our approach could correctly normalize the given mention ‘corneal               
abnormalities’ into ‘10061453 Corneal disorder’ of which ID has never been observed in the training set. In terms of                   
the amount of required training data, it is more efficient than traditional ML approaches and has a similar                  
effectiveness. We showed that using remarkably smaller training sample sizes than the traditional ML approach, we                
achieved performance competitive with the SOTA. In future work, we plan to investigate the effectiveness of this                 
approach on bigger datasets such as n2c2 2019 track 3.  
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Introduction

Patients with multiple comorbidities often have long and complex medical histories, making chart review especially
difficult and time consuming for clinicians. In this work we describe a novel approach to patient record summariza-
tion utilizing unsupervised, probabilistic high-throughput phenotyping and interactive visualization. The summary
tool conveys a given patient’s main problems inferred by the phenotyping, how they relate to each other, and how
their salience change over time. We report on a formative evaluation study with clinicians at New York-Presbyterian
Hospital to assess the tool ability to support their information needs when reviewing patient charts for the purpose of
clinical care. As a working example of complex comorbid patients, our study focuses on summarization of records of
HIV-positive patients. Previous longitudinal summarization of patient data have largely depended on manual curation
of data and knowledge based rules1, 2 and supervised methods for problem list identification3.

Our summarization tool utilizes unsupervised computational phenotyping4 to generate a problem-centered summary of
patient data through time. The summarizer identifies the patient’s most probable problems as inferred from the patient’s
medications, laboratory tests, diagnosis codes, and clinical notes. The tool provides additional data provenance by
displaying which individual data point was assigned to which problem. The generated patient summary is provided to
users in an interactive web-based visualization (Figure 1).

Diagnosis
codes

Medications

Laboratory
Test

Clinical 
Notes

20192018201720162015

Part A. Part B. 

Part C. 

Figure 1: Example of patient summary over five years. Top-7 most salient problems between 2015 and 2019 are visu-
alized and shown how their documentation evolved through time (Part A). Patient data associated with each problem
are presented (Part C). This is done in 1 year intervals by binning the patient’s documentation in that time resolution.
The patient has HIV-specific problems, as well as comorbidities, including asthma, depression, and substance abuse.
(Relations among the inferred problems are not shown. Dates are changed to maintain patient privacy.)
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Methods

The interactive web-based visualization is composed of a visual summary of patient top problems over time represented
in the color-coded sankey diagram (Figure 1(B)) and scrollable lists showcasing the patient raw data and their mapping
to each problem (Figure 1(C)). The problem proportion in each time period reflects how much data was assigned to
that problem in the period. System interactivity includes selection of the number of periods to include, number of top
problems to view (Figure 1(A)), filtering patient data by problem, and viewing related problems.

Experimental Setup. The evaluation study included 16 clinicians and 8 patient cases and was approved by the Columbia
University Institutional Review Board. Each clinician was randomly assigned to review 4 patient cases, with 10 min-
utes dedicated to each patient case. Clinicians reviewed 2 cases with the baseline electronic health record (EHR
condition) and 2 cases with the aid of the summarization tool (Viz condition), in alternating order. Participants gen-
erated a patient problem list, answered 2 patient specific questions, and provided a short summary of the case. After
generating the patient problem list under the Viz condition, clinicians were asked to use the patient record to con-
firm their findings and make changes if they wished, results are referred to as Viz+EHR condition. Participants also
completed a standard usability questionnaire and provided their feedback regarding the summary.

Results

Overall, the summary was well received by participants. Inferred problems were found correct by the users, even in the
presence of incorrect data point assignments to problems (e.g., hypertension medication mapped to an HIV problem).
Problem list and question accuracy was assessed by comparing to expert-generated gold-standard. Problem lists had
the highest precision using Viz at 0.66, compared 0.65 and 0.61 under the EHR and Viz+EHR conditions respectively.
The highest recall was obtained with Viz+EHR at 0.9, compared to 0.84 and 0.75 under the EHR and Viz conditions.
Question accuracy was higher with the Viz at 0.91 than with EHR at 0.85. However, differences in problem list and
question accuracy were not found to be statistically significant. Problem lists were found to take longer to create for
participants using Viz+EHR than with the EHR (at 4.58 and 3.2 minutes on average). However, participants answered
question statistically significantly faster using Viz than EHR (at 1.8 and 3.1 minutes on average). The system was
largely found easy to use with well integrated features. Clinicians emphasized the utility of the temporal overview of
patient data highlighting changes in the patient state, information that may be hard to find in the current EHR.

Discussion

Unsupervised probabilistic phenotyping coupled with interactive visualization can generate clinically meaningful,
robust patient summaries for complex patients. The summary-aided clinicians construct more complete problem
lists and answer clinical questions more efficiently. Integration of the summarization system with the EHR system,
allowing for seamless navigation from the summarization components to the patient notes and laboratory results could
improve tool utility tool in both accuracy and efficiency during chart review. Presenting patient data mapping to
problems helped with interpretability and fostered trust according to some clinicians, however others found that even
few mapping inconsistencies reduced their confidence in the system.

Acknowledgments: We acknowledge NLM award T15 LM007079 (GL) and NSF award #1344668 (NE).

References

[1] C Plaisant, B Milash, A Rose, et al. LifeLines: visualizing personal histories. In Human factors in computing
systems common ground, pages 221–ff., New York, New York, USA, 1996. ACM Press.

[2] A Goldstein, Y Shahar. An automated knowledge-based textual summarization system for longitudinal, multivari-
ate clinical data. Journal of Biomedical Informatics, 61:159–175, 2016.

[3] M V Devarakonda, N Mehta, C Tsou, et al. Automated problem list generation and physicians perspective from a
pilot study. International Journal of Medical Informatics, 105:121–129, 2017.

[4] G Levy-Fix, J Zucker, K Stojanovic, et al. Towards patient record summarization through joint phenotype learning
in hiv patients. Preprint available at http://gallevyfix.com/publications/.

1556



  

Comparing Clinical Characteristics of Influenza and Common Coronavirus 

Infections using Electronic Health Records 
 

Dadong Li, PhD1, Michael N. Cantor, MD MA1 
1Regeneron Genetics Center, Tarrytown, NY

Abstract 

As the COVID-19 infection becomes a more urgent public health issue, understanding clinical experiences with more 

common coronavirus species may be informative. To test this hypothesis, we performed bivariate analysis between 

influenza and common coronavirus infections and multivariate logistic regression on three important clinical 

outcomes. After controlling for all other covariates, coronavirus infection was related to more death within 30 days 

of diagnosis, infectious pneumonia and ICU service.  

Introduction 

Millions of people in the world each year are infected by influenza and coronavirus. In the absence of widespread 

infections like the current situation involving COVID-19(1),  the treatment of most people with flu like symptoms is 

mainly based on clinical diagnosis and not based on lab results. Considering the similar clinical presentations of these 

two diseases, it is often hard to distinguish them clinically(2). The increased use of polymerase chain reaction (PCR) 

as a gold standard for diagnosing influenza and coronavirus, and the availability of electronic health records (EHRs) 

make it possible to compare the clinical characteristics of these two virus infections in a large number of patients. 

Though common coronavirus species (229E, HKU1, NL64, OC43) do not behave exactly like the new coronavirus 

COVID-19, comparing coronavirus and influenza is timely given the increased attention and public health 

consequences of both current outbreaks(3).  

Methods 

This is a retrospective study. We obtained deidentified patient data of positive influenza PCR (Influenza A and B) and 

positive coronavirus PCR (CORONAVIRUS 229E, CORONAVIRUS HKU1, CORONAVIRUS NL63, 

CORONAVIRUS OC43) from our local instance of Geisinger’s EHR database with time range of 2013 to early 2019. 

Basic patient demographics such as gender, race, age up to the indexed visits, diagnosis quarters, death within thirty 

days of diagnosis,  and common chronic diseases such as Type 2 diabetes (T2D, ICD10: E11*), chronic ischemic heart 

disease(CHD, ICD10: I25*), essential hypertension (HPT, ICD10: I10*), chronic lung disease (CLD, ICD10: J40*-

J47*), chronic kidney disease(CKD, ICD10: N18*) were collected. ICU services and infectious pneumonia (ICD10: 

J12*-J18*) were also collected. Bivariate analysis between virus infection and all other variables, and multivariate 

logistic regression between death within 30 days of diagnosis, ICU service (ICU), infectious pneumonia and other 

covariates were performed using the Stata software, version 14.0. In bivariate analysis, continuous variables were 

compared with Mann-Whitney U (Wilcoxon Rank Sum) Test; categorical variables were compared by chi-square 

tests. P <0.05 was considered statistically significant. The Regeneron-Geisinger collaboration is approved by 

Geisinger’s Institutional Review Board. 

Results 

There were a total 16934 influenza visits and 2925 visits of coronavirus infections confirmed by PCR in the database 

from 2013 to early 2019. 159 visits with both positive influenza and coronavirus infections were excluded for this 

study. Bivariate analysis showed that there was no difference on gender and race between these two virus infections. 

Patients with coronavirus infection were significantly younger than those with influenza (median 27.3 vs 28.1, 

p<0.001), which might not be clinically important. Compared with influenza, coronavirus preferentially infected 

children under 5 (37.1% vs 15.5%) and people older than 65 (23.1% vs 19.6%, p<0.001). Although most cases of both 

diseases happened in each year’s first quarter (67.1% coronavirus vs 78.2 % influenza), more coronavirus infections 

happened early in each year’s fourth quarter (27.5% coronavirus vs 12.6% influenza, p<0.001). Patients with 

coronavirus tended to have more CHD (6.9% vs 3.6%, p<0.001), CKD (7.0% vs 3.1%, p<0.001), CLD (19.5% vs 

11.6%, p<0.001), T2D (8.0% vs 5.2%, p<0.001), hypertension (8.3% vs 6.6%, p<0.001), infectious pneumonia (9.4% 

vs 2.8%, p<0.001). Rate of using ICU services from coronavirus patients are significantly higher than from influenza 

patients (4.5% vs 1.6%, p<0.001). Coronavirus patients have significantly higher death rate within 30 days of 

diagnosis (2.6% vs 1.0%, p<0.001). Multivariate logistic regression (Figure 1) showed that virus infection, age, CLD, 

infectious pneumonia and ICU service were independent predictors of death within 30 days of diagnosis. After 
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controlling for all other covariates, coronavirus infection was related to more death than influenza (odds ratio 1.90, 

p<0.001). Virus infection, age, gender, CKD, CLD, T2D were independent predictors of pneumonia, and coronavirus 

infection was related to more infectious pneumonia than influenza (odds ratio 3.37, p<0.001). Virus infection, age, 

gender, CKD, CLD were independent predictors of ICU service, coronavirus infection was related to more ICU service 

than influenza (odds ratio 2.69, p<0.001). 

 

 

Figure 1. Multivariate logistic regression for three important clinical outcomes. 

Discussion 

Geisinger’s EHR database allowed us to access to enough diagnostic, lab and outcome data to patients with influenza 

and coronavirus detected by PCR. A surprising result was the significantly poor outcomes in patients with coronavirus 

infections. Initially we thought this might be due to the age groups affected, but the results were consistent even with 

correction for age. One limitation of this study is the patient population may be a selected population with severe 

influenza or coronavirus infection since these were patients who had contact with the medical system and were tested 

for viruses.  

Conclusion 

Although both coronavirus infection and influenza mainly occur in winter and have similar clinical presentations, 

patients with coronavirus tended to have more chronic comorbidities and worse prognosis than influenza, even when 

corrected for age. These findings may help identify a subset of patients who are more susceptible to poor outcomes 

from common coronavirus infections. A better understanding of outcomes related to common coronaviruses vs. 

influenza may be helpful in understanding the biology and planning for clinical interventions for patients with 

suspected infection.   
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Introduction 

With the rapidly declining cost of genotyping (e.g., whole exome or whole genome sequencing), the bottleneck of 

precision medicine has become electronic phenotyping. Phenotyping is the task of identifying a cohort of patients with 

the condition of interest and characterize observable traits of this cohort. For example, an electronic phenotype 

algorithm for Type 2 diabetes mellitus created by the eMERGE network [1] specifies rules of “random glucose > 200 

mg/dl, fasting glucose >= 125 mg/dl, or Hemoglobin A1c >= 6.5%” to identify patients. Currently, domain experts 

invest a lot of effort to manually curate rules for phenotyping, which is laborious, unscalable, and sometimes 

unrepresentative [2]. One potential solution to facilitate knowledge-based electronic phenotyping is to identify suitable 

knowledge resources and leverage knowledge reuse for this task. We hypothesize that clinical trial eligibility criteria 

can potentially offer reusable knowledge suitable to phenotyping.  

Randomized Clinical Trials (RCTs) require a clearly defined target cohort to allow for efficient patient recruitment. 

In RCTs, eligibility rules are used for this cohort definition, typically referred to as inclusion and exclusion criteria, 

i.e., eligibility criteria. These criteria, often written in free text, are rules specifying which individuals qualify to 

participate in a given RCT and share similarities with the relevant disease definition. The success of RCTs relies on 

clear and accurate eligibility criteria. For any given disease, the “insight” enabled by reviewing a centralized eligibility 

criteria library would potentially align with the human annotated phenotypes, as well as offer insights that may be 

overlooked by human-based algorithms.  

Previously established repositories designed for the sharing and reuse of eligibility criteria, such as Trial Bank [3] and  

Epoch [4], faced difficulties with scaling as the data were generated through manual review and curation or ontology-

based concept/criteria mapping and were often limited to a small number of disease types. Another challenge in 

creating such a repository is the lack of a widely accepted representation for eligibility criteria. Multiple proposals for 

such standards have been made by informatics leaders such as Musen [5], Tu [6], Weng [7], Sim [8], and others since 

the 1980s, but none of these standards achieved high acceptable scale. 

We developed a centralized and open-sourced Clinical Trial Knowledge Base (CTKB). It includes structured clinical 

trial eligibility criteria extracted from 314,056 clinical trials registered on ClinicalTrials.gov and standardized using 

the expressive OMOP Common Data Model (CDM) for optimal knowledge reuse. To test our hypothesis that clinical 

trial eligibility criteria can serve as a valuable and reusable source of phenotype knowledge, ten validated eMERGE 

phenotyping algorithms (Type 2 Diabetes Mellitus, Colorectal Cancer, Chronic Obstructive Lung Disease, 

Rheumatoid Arthritis, Chronic Kidney Disease, Bipolar Disorder, Benign Prostatic Hyperplasia, Venous 

Thromboembolism, Diverticulosis and Diverticulitis, Hypothyroidism) were selected and compared to CTKB’s top 

criteria used for the same phenotypes. The agreement rates between the two sources are reported in this study. 

Methods 

CTKB leveraged a powerful Natural Language Processing (NLP) tool called Criteria2Query [9] which semi-

autonomously parses and classifies eligibility criteria into computable entities and attributes. In addition, we employed 

the Observational Health Data Sciences and Informatics (OHDSI) Observational Medical Outcomes Partnership 

(OMOP) Common Data Model (CDM) v6.0 to standardize parsed eligibility criteria into consistent and highly 

shareable concept representations using controlled terminologies. This CDM is designed to hold all observational 

health data elements that are relevant for observational analyses in a person-centric schema and it has been adopted 

by institutions in multiple countries with a highly active research community.  

To test our hypothesis that CTKB can serve as a source of valuable and reusable phenotype knowledge, we compared 

the top eligibility criteria extracted from CTKB with manually annotated criteria used for phenotyping by the 

eMERGE community. Ten phenotypes were randomly selected. To ensure reasonable comparison, all variables 

without eligibility value (e.g., Has visit or Note count) were excluded from this analysis. For each variable from each 

eMERGE phenotype, we verified if this variable exists in the top 25 inclusion or exclusion criteria for the appropriate 

phenotype that are automatically extracted from CTKB. This is denoted as Hit@25, i.e., if a variable is found among 

the top 25 criteria, otherwise, it is not hit. The agreement rate is then calculated as the percentage of all variables 

found in the top 25 criteria, highlighting the overlap between automatically extracted criteria in CTKB and human 

generated concepts from eMERGE. 

Results 

The ten selected phenotypes for analysis are shown in Table 1 along with number of trials in the CTKB, number of 
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eMERGE variables, the Hit@25 count, and the agreement rate for each phenotype. Three phenotypes have agreement 

rate of 100% and the lowest agreement rate found in Colorectal Cancer is 42.9%. On average, out of 156 eMERGE 

variables, 121 are identified in CTKB, result in an 77.56% agreement rate. The Hit@25 scores were also generated 

according to eMERGE variable domains (Table 2). Three domains had agreement rates of 100% and the lowest 

agreement rate was found in half of the Note variables. Averaged all variable domains, the agreement rate was 82.48%. 

Discussion 

The average agreement rate between 

automatically generated CTKB eligibility 

concepts and manually curated eMERGE 

variables is 77.56% with a median of 

90.6%. The lower average score is largely 

due to the low agreement rates in Colorectal 

Cancer (CRC) and Chronic Kidney Disease 

(CKD) trials with one possible explanation 

being the large number of laboratory tests in 

each of these disease phenotypes (CKD: 10, 

CRC: 7). A limitation of our proposed 

method is the relatively low agreement rate 

for laboratory tests, as shown in Table 2. 

This is likely for two reasons. The first 

reason is that measurements can be highly specific and often cross 

multiple domains, such as “Fecal occult blood negative” which 

makes automated concept mapping difficult and error-prone. The 

other reason lies in the complexity of the OHDSI OMOP Common 

Data Model. As OMOP CDM integrates multiple disparate 

vocabularies into one, mapping a measurement to the correct 

concept can be challenging without additional context. Another 

common reason for non-agreement is the absence of race or ethnicity 

data in the CTKB. These criteria are often intentionally excluded to 

avoid participant discrimination, though they remain important 

variables to consider in a clinical trial. Overall, this analysis shows 

a high level of agreement between automatically identified 

eligibility concepts and manually curated variables from the 

eMERGE community and underscores the utility of reusing criteria 

knowledge from CTKB for future phenotyping research. Our study 

shows the promising potential of reusing clinical trial eligibility criteria in phenotyping.  
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Table 1. Target disease, CTKB trial count, eMERGE variable count, Hit@25 

count, and agreement rate. 

Phenotype 
Trial 

Count 

Variable 

Count 
Hit@25 

Agreement 

Rate 

Type 2 Diabetes Mellitus 5,643 20 20 100.00% 

Rheumatoid Arthritis 2,021 6 6 100.00% 

Diverticulosis and Diverticulitis 145 8 8 100.00% 

Benign Prostatic Hyperplasia 436 15 14 93.33% 

Chronic Obstructive Lung Disease 2,618 13 12 92.31% 

Bipolar Disorder 1,148 9 8 88.89% 

Hypothyroidism 133 17 15 88.24% 

Venous Thromboembolism 422 12 10 83.33% 

Chronic Kidney Disease 1,436 28 16 57.14% 

Colorectal Cancer 3,033 28 12 42.86% 

Total  156 121 77.56% 

Table 2. eMERGE variable domains with variable 

count, Hit@25 count and agreement rate. 

Variable 

Domain 

Variable 

Count 
Hit@25 

Agreement 

Rate 

Report 3 3 100% 

Family History 1 1 100% 

Problem List 1 1 100% 

Medication 17 16 94.12% 

Procedure 9 8 88.89% 

Demographic 26 23 88.46% 

Disease 48 40 83.33% 

Observation 6 5 83.33% 

Phenotype 3 2 66.67% 

Lab Tests 40 21 52.50% 

Note 2 1 50% 

Average   82.48% 
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Introduction 

Clinical decision support (CDS) can enhance patient health and healthcare quality1. However, after two decades of 

research and experimentation, computerized CDS is still not fully realizing its expectations and can have unintended 

consequences2. In addition, publication bias is likely prevalent due to authors withholding studies with negative 

outcomes3. Taken together, the literature indicates a need for more research to better understand why certain CDS 

systems succeed, while others fail. While previous literature reviews do provide insight regarding particular features 

that may help CDS adoption and success, generalizable knowledge is limited because an understanding of the 

mechanisms (the how) is lacking. Results from studies grounded in theory could guide future CDS design and 

implementation. Moreover, theoretical models can be used to generate future hypotheses and guide the selection of 

predictors and mediators regarding specific assessments of CDS features. Our objective was to develop a taxonomy 

based on the UTAUT model and derived from published literature to characterize the CDS features that are present in 

published studies.  

Methods 

The Unified Theory of Acceptance and Use of Technology (UTAUT) model was used to characterize success factors 

derived from randomized controlled trials evaluating CDS interventions. The UTAUT model is one of the widely used 

theoretical models for explaining user behavior regarding information technology tools. It includes four constructs: 1) 

performance expectancy, 2) effort expectancy, 3) social influence, and 4) facilitating conditions4. Level of 

performance expectancy (or perceived usefulness) is determined by using direct evidence from interviews, usability 

surveys, or user-centered design processes. Effort expectancy is mainly determined by the time burden involved. Social 

influence consists of two parts, leadership and peer social influence5. Facilitating conditions include four parts: 1) 

information technology infrastructure; 2) support for users; 3) training; and 4) other facilitating factors, such as 

incentives to decrease cost. We anticipated the need to include an additional construct that is also highly predictive of 

human motivation, i.e. user control or autonomy.  The UTAUT model creators were sensitive to the power of this 

construct and actually validated their model separately for information technology interventions that were voluntary 

versus those that were mandated5. In mandated systems, compliance is the behavioral outcome. Alternatively, with 

voluntary use systems, intention to use the system is the outcome. Because CDS is now mandated for certification and 

integrated into electronic health record (EHR) systems, motivational control was added to the UTAUT model to 

address the variation in controllability of CDS interventions. 

We used an iterative process to develop the taxonomy. First, we selected a representative set of studies from multiple 

literature reviews related to CDS success features published after 20006–9. Our inclusion criteria were: 1) randomized 

controlled trials that compared two forms of a CDS; 2) providers received the CDS intervention; 3) examined CDS 

delivered on screen and integrated into EHR; 4) automatic extraction of at least some data from the EHR; and 5) CDS 

that was used in inpatient acute care hospitals and in outpatient primary and sub-specialty care clinics. Two authors 

(SL and TR) participated in the study selection with a third author (CW) that resolved discrepancies. We extracted 

characteristics of included studies and collected detailed information about each CDS intervention.  

The coding protocol was generated deductively, based on CDS features extracted from studies and through group-

based discussions. The iterative process started with two reviewers (SL and TR) independently coding 2-3 studies. 

CDS features were mapped to three levels (High, Medium, and Low) within constructs except for facilitating 

conditions, as they were usually listed as implementation strategies. Additionally, we compared the CDS intervention 

coding between study arms. Three study authors (SL, TR, and CW) discussed coding discrepancies and revised the 

taxonomy. We repeated the process until two sets of subsequent studies did not result in taxonomy changes. An expert 

in social psychology theory (CW) discussed and adjudicated differences to help ensure the coding quality. To validate 

the taxonomy, a new set of studies was independently coded by two authors. We measured the agreement between 

reviewers using Cohen’s Kappa.  
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Results 

We identified 25 studies meeting the inclusion criteria. Within the included studies, 48 comparison arms were coded. 

Most studies used a cluster randomized controlled trial design (88%). The mean number of sites, number of subjects, 

and study time (months) were 15.2, 16150, and 14.7, respectively. Twenty-three studies (92%) were conducted in an 

outpatient setting and two in an inpatient setting.  

After four iterations and 10 studies, we reached an acceptable agreement in the taxonomy. The taxonomy was validated 

by coding an additional 15 studies.  values were performance expectancy: 0.79, effort expectancy: 0.85, social 

influence: 0.71, and motivational control: 0.87.  

Discussion 

Our approach differs from other studies in two aspects. First, we operationalized the UTAUT constructs, specifically 

for the CDS context, using a formal approach of developing a reliable taxonomy based on published empirical 

research. Second, we used a modified model that aligns with CDS. Limitations of this study should be noted. The 

accuracy of coding results is influenced by the reporting quality of the selected randomized controlled trials. Also, the 

UTAUT+ model has not been empirically validated in its ability to predict adoption behavior and patient outcomes. 

Our next step is to conduct meta-regression to explore how constructs in UTAUT+ relate to the effectiveness of CDS 

interventions. 

This study demonstrated the feasibility of characterizing CDS interventions in terms of a behavioral theory. We 

successfully developed a reliable coding schema using a validated behavioral theory model for health information 

technology. The provided taxonomy can be used to create generalizable knowledge from the primary literature and 

guide future CDS development, implementation, and evaluation to maximize the chance of user acceptance and CDS 

adoption.  
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Introduction 

Renal transplantation (RTx) is considered the best treatment option for most patients with end stage renal disease 
(ESRD) as it has shown advantage in improving patient survival and quality of life, and lowering medical expenditure 
compared to dialytic therapy.1 However, due to the shortage of organ donation, only 2.9% of ESRD patients in the 
United States had the opportunity to receive preemptive RTx.2 To best use of the limited supply of donor kidneys and 
preserve transplanted kidney function, it is critical but also challenging to provide careful and comprehensive post-
RTx care. Currently, most of our understanding for RTx care has been derived from structured data analyses with 
hypothesis-driven approaches. No previous study has evaluated clinical notes as a data source to characterize the 
temporal impact of RTx. Topic modeling, an unsupervised machine learning method, can identify abstract topics 
presented in a properly prepared collection of documents3 and has been used to study the natural history of diseases 
and their trajectories.4 The aim of this study is to leverage clinical notes and topic modeling to identify clinically 
relevant topics and characterize the temporal patterns of these topics with respect to RTx. This method could help 
discover potentially important but less-known needs and issues related to RTx care and promote better quality of care.  

Methods 

For this retrospective analysis, we identified a cohort of 
patients who received their RTx operation within Mass 
General Brigham (MGB, formerly, Partners HealthCare) 
between September 1, 2007 and December 31, 2019. We 
then collected their clinical data and notes (e.g., 
ambulatory, inpatient, progress, visiting, and history and 
physical notes) documented between January 1, 2000 and 
December 1, 2019 from MGB’s Research Patient Data 
Registry (RPDR). For repeated RTx episodes, only the first 
one was included for the analysis. In the data preparation, 
we first removed non-alphabetic symbols, commonly used 
and high frequency words, and human names. Then, we  
converted the clinical notes into bag of words. In the 
generation of topics, we conducted automatic topic 
modeling by using Mallet, an implementation of latent 
Dirichlet allocation (LDA)-based topic modeling, to 
generate three topic models with each model of 100 topics. 
This step was followed by topics stabilization that 
identified stable topics that were consistently occurred over 
the three topic models.4 Thereafter, we conducted temporal 
trend analyses of the stable topics over four year (48 
months) prior to and six years (72 months) after the RTx 
operation by calculating the proportion of notes of each 
topic in the corpus grouped by month. All of the topics and 
their trends were carefully reviewed by two clinical 
experts, a board-certified nephrologist (YCL) and a 
palliative care physician (JL) for identifying clinical 
implications. In the present study, we used Python 3.5 for 
text preprocessing, topic stabilization, trend analysis, and data visualization. 

Table 1.  Characteristics of the Study Cohort 

Characteristic 
Study cohort  

(N=2,070) 
Age, mean (SD), years 52 (15) 
Sex, male, n (%) 1,261 (60.9) 
Race  

White 1,458 (70.4) 
Black 288 (13.9) 
Asian 115 (5.6) 
Other 21 (1.4) 
Unknown 181 (8.7) 

Ethnicity, n (%)  
Non-Hispanic 1,821 (88.0) 
Hispanic 224 (10.8) 
Unknown 25 (1.2) 

Comorbidity, n (%)  
Diabetes mellitus 763 (36.9) 
Hypertension 2,019 (97.5) 
Hyperlipidemia 1,266 (61.2) 
Hyperuricemia/gout 456 (22.0) 

Duration of follow-up, median 
(IQR), months 

138 (90-195) 

Prior to the initial treatment 48 (22-86) 
After the initial treatment 77 (31-126) 

Clinical notes, n (%)  
Prior to the initial treatment 334,419 (41.5) 
After the initial treatment 470,849 (58.5) 

Abbreviations: SD, standard deviation; IQR, 
interquartile range 
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Results 

This retrospective cohort study included 2,070 patients who received RTx, with mean (SD) age of 52 (15) years and 
1,261 (60.9%) male (Table 1). The median follow-up duration of the study cohort was 48 months (IQR: 22-86) before 
the transplantation and 77 months (IQR: 31-126) after the transplantation. We generated 85 stable topics from a total 
of 805,268 notes. We studied temporal patterns of RTx, discovering topics that included cardiovascular disease, 
diabetes care, pre-RTx evaluation, rejection and Cytomegalovirus (CMV) infection, diet control, skin cancer, mental 
disorders, and topics related to RTx complications (e.g., infection). The temporal trends of selected topics are shown 
in Figure 1.  

Discussion 

In this study, topic modeling uncovered several 
interesting findings from longitudinal clinical notes. 
Some findings were consistent with current domain 
knowledge and others were novel. Figure 1a shows 
that the topic diet control was frequently mentioned 
in the year preceding RTx, but less discussion after 
RTx. This finding is consistent with current clinical 
practice because diet restrictions mostly for chronic 
kidney disease and ESRD are no longer needed after 
RTx. Figure 1b shows another expected trend related 
to immediate complications post RTx (i.e., graft 
rejection and CMV infection). On the other hand, 
Figure 1c reveals progressive escalation of the 
discussion related to the topic skin cancer. It is worth 
mentioning that skin cancer was the most 
predominant cancer type being discussed among this 
study cohort and the related discussion in clinical 
notes increased notably within the first two years 
post RTx. As all RTx patients should have received 
routine cancer screening before transplantation, 
whether this finding implies the need of more 
thoroughly pre-transplant screening for skin cancer 
is worthy of further investigation. Furthermore, we 
found the topic mental disorders was less prominently mentioned in the perioperative period (Figure 1d) and the 
discussion of this topic was more significant in the pre-RTx than the post-RTx period. Further investigation is needed 
to better understand the potential impact of kidney transplantation on mental health.  

Conclusion 

Using longitudinal clinical notes of a large RTx cohort, we identified several topics related to the care of ESRD, pre-
RTx evaluation, post-RTx complication/management and other incidental findings. The patterns and trends of these 
topics support the notion that RTx can significantly improve patient care but may lead to certain undesired outcomes 
(e.g., skin cancer). This study can therefore provide unique insights regarding temporal patterns that are often not 
documented in EHR structured data fields. Future studies might evaluate some of these findings using structured data 
or detailed phenotyping using clinical notes. 

References 

1. Wolfe RA, Ashby VB, Milford EL, et al. Comparison of mortality in all patients on dialysis, patients on dialysis 
awaiting transplantation, and recipients of a first cadaveric transplant. N Engl J Med. 1999;341:1725-30. 

2. United States Renal Data System. 2019 USRDS annual data report: Epidemiology of kidney disease in the 
United States. National Institutes of Health, National Institute of Diabetes and Digestive and Kidney Diseases, 
Bethesda, MD, 2019. 

3. Blei DM, Ng AY, and Jordan MI. Latent dirichlet allocation. Journal Of Machine Learning Research. 
2003;3:993-1022. 

4. Wang L, Lakin J, Riley C, et al. Disease Trajectories and End-of-Life Care for Dementias: Latent Topic 
Modeling and Trend Analysis Using Clinical Notes. AMIA Annu Symp Proc. 2018;2018:1056-1065. 

 
Figure 1. Temporal pattern of topic change in respect to renal 
transplantation date (by month). CMV: cytomegalovirus 
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Abstract 

This presentation discusses development of a common vocabulary for a variety of immunization registration community 

guidelines that have been developed since 2005. The consensus-building collaborative approach used to develop the common 

vocabulary, includes use of concept models and other instruments from the business rules methodology, as well as a 

specialized tool for terminology management. It provides a reasonable solution for the commonplace challenge of 

inconsistent terminology and can be successfully applied in other settings. 

 

Introduction 

Immunization tracking and registration programs, a.k.a. immunization information systems1 (IIS), are vital parts of state and 

local health departments. IIS are independently run and operated within immunization programs in all states, five cities, and 

eight island territories. Inconsistency among IIS represents a major challenge, as it negatively affects usefulness of information 

and operational cost.  

To address this challenge, American Immunization Registry Association2 (AIRA), in collaboration with the Centers for Disease 

Control and Prevention (CDC), since 2005, developed several best practice community recommendations2 for various 

operational aspects of IIS. However, terminology used in these guides had some variations, as these guides were developed 

independently from each other. Also, over the years, use of some terms evolved and new terms were introduced. Variation in 

terminology has a negative impact on consistent and accurate interpretation of best practice recommendations.  In addition, the 

introduction of a new guide is very labor intensive as the vocabulary used in the guide must be researched and approved each 

time. 

 To mitigate that negative impact, a common vocabulary for all guidelines was developed, with the aim to promote uniform 

and correct interpretation and implementation of community best practices. This presentation discusses:  

• How consistent terminology was developed for operational guides in the immunization registration domain and how that 

approach can be used in other settings. 

• Lessons learned including some of the challenges faced. 

• The beneficial impact collaboratively developed common terminology can have on informatics projects. 

Methods 

A multi-disciplinary team included four subject matter experts and two business analysts. Work was conducted in a combination 

of virtual and in-person settings, with additional inputs from individual contributions and community feedback. The team 

utilized a consensus-building collaborative approach. Also utilized concept models and other instruments from business 

analysis and business rules methodology3, which included pattern questions as well as specifications and guidelines for 

definitions.  A specialized tool has been utilized for terminology management. 

261 immunization registry terms across nine operational guides have been identified. The initial focus was on a core set of 

terms, i.e., 34 terms that appeared in three or more Modeling of Immunization Registry Operations Workgroup (MIROW) 

guides. That focus was later extended to an additional 81 terms present in two or more MIROW guides. The work was organized 

along IIS operational areas. As a result, some additional terms that appeared in only a single guide are now included in the 

analysis.  
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Special attention was paid to harmonize common vocabulary terms with CDC endorsed data elements that support IIS 

functional standards, as well as with some other set of terms used in the IIS community of practice. A categorization scheme 

was developed that allowed indication of an exact match of a term to a CDC-endorsed data element, no match, or a “fuzzy” 

match between these two sets. 

Results 

107 terms were included into the first release of the common vocabulary, 32 terms have been retired, and 14 terms were 

excluded as duplicate. The discovery of the duplicate terms was significant because it highlighted gaps in communication due 

to different groups using different terms. The terms were subject to an extensive review and have been endorsed by the IIS 

community of practice. The common vocabulary package of materials includes various reports aimed to satisfy needs of 

different audiences: ranging from a simple report that has just the term and definition, to some reports of an intermediate 

informational complexity, to an advanced report, containing term, definition, comments, cross-walk to CDC-endorsed data 

elements, a list of guides the term appeared in, as well as examples of use and term alias, plus concept (domain) diagrams. 

Additionally, a report that supports back-referencing from matched CDC endorsed data elements to common vocabulary terms 

was developed. Also, a contents design document for the community web page hosting the common vocabulary was developed.  

The benefits from the first release of a common vocabulary include: 

• Improved clarity in communication, helping to address misunderstandings when the same term has different meaning in 

different guides, as well as when different terms have the same meaning across guides. 

• Significant savings in time and effort, as future guidelines will not need to re-invent the wheel with terms and definitions 

for every operational topic. For example, the common vocabulary was used extensively during the re-issuance of updated 

guidelines around patient status.  

• Providing a valuable resource for other projects in the IIS community, allowing them to leverage the common terminology 

for projects’ glossaries and data dictionaries. This should, eventually, help to improve uniformity of terms and clarity of 

communication across the IIS community. In particular the common vocabulary was cross-referenced with the HL7 data 

exchange specification used by the IISs. 

• Help with uniformity when developing all forms of models used in informatic projects, such as interaction models, process 

models, and decision models. 

• Enhanced quality in all forms of communication, including electronic transmissions. 

The challenges experienced include: 

• Identification and management of synonyms and homonyms.   
• A consensus driven approach can be time consuming and challenging at times, however for something like a common 

vocabulary it is important to have the community buy-in. 
 
Conclusion 

The need for creation, management, and utilization of a standard terminology, such as SNOMED CT and LOINC, is well 

established to support electronic data exchange and other areas of medical and public health informatics. However, the need 

for a common-ground terminology for medical and public health guidelines is not always understood and is often undervalued. 

Our experience indicates that a consensus-building collaborative approach that includes use of concept models and other 

instruments from business rules methodology, as well as a specialized tool for terminology management, provide a reasonable 

solution for the commonplace challenge of inconsistent terminology and can be successfully applied in other settings. 

Limitations of this approach are related to ongoing needs for resources to develop and sustain the common vocabulary as time 

goes by. Significant time and efforts are required to review existing terms and their use in various guides, reach a consensus 

among participating subject matter experts, and then get approval on a common vocabulary from community stakeholders. 

Also, governance of the common vocabulary terms and reports will be required in order to accommodate for additional terms, 

updates to existing terms, and to address requests for additional reports.  
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Introduction 

The US Veterans Administration (VA) is developing a graphical user interface to overlay legacy pharmacy processing 
applications within the VistA electronic health record (EHR). Consistent with VA’s commitment toward clinical best 
practices and interoperability across the enterprise, HL7 Fast Healthcare Interoperability Resources (FHIR) was 
selected for the application programming interface (API). The core FHIR specification is designed for maximum 
interoperability among VA facilities and other partners participating in the Veterans Data Integration and Federation 
program, and AMPL will provide greater breadth and quality of clinical data to pharmacists and other stakeholders.   

Background  

Interoperability standards promise to support clinical care coordination across organizational boundaries, to enable 
reuse of clinical data for research and other management purposes, and to facilitate the consistent application of best 
practices in clinical decision support. We illustrate some of the challenges the VA Pharmacy project faced in realizing 
this promise. We expected domains that expose high level data to be well-supported by the standard, and domains that 
expose local process details to require more specialized “extensions.” We also identified areas where extensions were 
necessary due to the low maturity of parts of the specification and of tooling available in the market. 

Materials and Methods 

We used HL7 FHIR to expose a new graphical interface for Pharmacy operations. The Pharmacy application is 
centered around medication orders, but it also exposes summary patient record data including demographics, 
progress notes, problem lists, allergies, and labs.  

We divided the data into two groups: elements supported by the SMART-on-FHIR restful implementation paradigm 
and those that could not be supported due to framework limitations. A key limitation is that the paradigm is patient-
centered, so there is no way to generate a set of orders specific to a location. 52% of fields fell into this unsupported 
category, though once these framework-level issues are sorted out, their distribution will be almost identical to that 
of the 48% of elements that we have mapped, shown below. 

We mapped fields to the core DSTU2 specification where possible, then to ancillary classes, to extensions based on 
later versions of FHIR, and finally to new VA extensions, in that order. We recorded cases where the core specification 
supports native requirements, cases where ancillary resources (such as Observation and Provenance) were required, 
and cases where the standard required an extension. We classified the extension cases to provide insight into the causes 
of these issues and into potential criteria for defining system boundaries in interoperability architectures. 

Results  

    
Figure 1. Counts of required data elements supported by Core FHIR resources, ancillary resources, and extensions. 
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We found that 63% of summary data elements are supported by the core FHIR specification: 14% required 
extensions, though 23% required ancillary resources (Observations or Provenance). For pharmacy orders, however, 
only 49% are supported by the core and 10% by Provenance: 40% require extensions (figure 1).  

We also characterize maps by navigational complexity (figure 2). FHIR resources support references to other 
resources: for instance, an order may refer to the encounter in which it was placed, which may in turn refer to the 
location where it occurred. FHIR provides multiple patterns to support those relationships, and we need criteria for 
choosing which pattern should support a business process (by requiring three separate queries or by implementing 
messaging or custom operations) or how to represent the payload (containment, graph, or one of several options for 
bundling). Many of these elements were also implemented using VA extensions. 

     
Figure 2. Counts of data element maps by the length of the resource chain 

 
Discussion  
The implementation of the pharmacy process took advantage of FHIR patterns where support was clear, but the 
program adopted many extensions. There were three primary reasons for this. First, as expected, there are many 
elements that are specific to VA processing and therefore not represented in the core standard. Second, several 
elements depend on complex multi-resource structures, but the specification supports multiple patterns to represent 
these structures, and guidance on criteria for pattern selection is still being developed. Third, even for elements that 
are specified in the standard, the tools available to support implementation are also maturing, and they do not 
support all recommended map patterns or resources (e.g., ValueSet & Provenance FHIR resources).  

The elements requiring custom extensions fell into 3 primary categories. Local processing requirements supporting 
such tasks as eligibility determination and IV preparation make up just over half of VA-specific requirements. 
Information about data sources, changes, and approvals – which may in the future be supported with the Provenance 
resource – make up almost a third of extensions. The legacy system also has several versions of comments and notes 
for specific audiences. These are mapped to an extended version of the annotation data type.  

Conclusion 
The publication of standard representations for healthcare data elements promises to support interoperability for all 
the reasons listed above. We fully expect that this strategic direction will improve care access and quality for 
Veterans, beginning with better remote pharmacist access to patient summary clinical data from across the VA. 

However, business processes vary across organizations, so before this promise can be realized, efforts to support 
intelligent automated processing will have to delve into more granular analysis among smaller sets of stakeholders. 
In addition, greater consensus will be needed around practices for representing complex interactions, as will more 
mature tooling, before the standard will support complex process coordination.  
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Introduction 

Consumer digital health has the potential to assist in the prevention and management of communicable viruses. In 

particular, smartphone supported home-based diagnostic testing (Smart-HT) can be a valuable tool for individual 

diagnosis, education to promote self-care and prevent spread as well as public health surveillance. To be 

implemented effectively, health consumers must engage and enroll with clinically efficacious Smart-HT.  Health 

consumer engagement (the extent to and manner in which people actively use a resource) is required for the Smart-

HT to reach its potential impact to benefit individual and public health. Indeed, feasibility is not truly achieved until 

patients have the intention and capabilities to use smartphone supported home-based diagnostic testing. The goal of 

our study was to explore barriers and facilitators to engagement of Smart-HT use.  The Digital Health Engagement 

Model (DIEGO) model, developed from applying a framework approach to systematic literature review, reveals four 

major themes and several subthemes related to barriers and facilitators to engagement and enrollment in digital 

health intervention:  1) personal agency and motivation; 2) personal life and values; 3) engagement and recruitment 

approach; and 4) the quality of the digital health intervention1.  DIEGO leverages Normalization Process Theory as 

an underpinning to interpret these four key themes as processes that people individually and collectively work 

through in deciding and operationalizing whether to engage with digital health interventions in routine use in their 

lives.  We use qualitative methods to adapt key processes in the DIEGO Model to explore factors affecting health 

consumers’ potential for Smart-HT for communicable viruses. We contextualize our exploration in the study of 

flu@home (a smartphone assisted point of care self-test for influenza). The Seattle Flu Study researchers piloted 

“flu@home” to determine the feasibility of smartphone supported home-based diagnostic testing as a tool for 

individual diagnosis and public health surveillance of influenza. Pilot study results point toward the potential for 

actionable diagnostic results, consumer capabilities to perform the test, and smartphone app usability. In this 

presentation, we address the following research question: What factors impact health consumers in decision making 

(i.e., making sense of Smart-HT and considering the quality of Smart-HT) and operationalizing (i.e., gaining support 

to try a Smart-HT and registering to try Smart-HT) a Smart-HT (particularly, flu@home)?   

 

Methods 

Confidential, semi-structured interviews were conducted over 

4 months with 31 consumers who completed all steps in the 

flu@home pilot.  The interviews canvassed the consumers’ 

attitudes and beliefs related to health, health IT, their 

experience in the study, as well as their future intentions for 

use and thoughts about expanding the functionality of 

flu@home. The key themes and subthemes from the DIEGO 

model were used as a starting, deductive coding schema for 

analysis with the potential to add and adapt subthemes to the 

purposes of Smart-HT contextualization. Constant comparison 

validation techniques to identify and stabilize key themes from 

the interviews.2 Dedoose© Version 7.0.23 software was used 

for qualitative data management and analysis. 

 

Results  

 

We distill our findings into an adaptation of the DIEGO model specified for 

Smart-HT, specifically flu@home (see Figure 1). The model depicts key 

subthemes associated with four contextualized processes for decision making and operationalizing: making sense of 

a Smart-HT, considering the quality of a Smart-HT, gaining support for using a Smart-HT, and assessing personal 

Figure 1:  DIEGO for Smart-HT 
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capacity to use a Smart-HT.  Figure 1 also provides key identified subthemes associated with the four contextualized 

processes depicted on the model. We highlight insights from each of these subthemes in Table 1.  

 

Table 1: Key Findings from DIEGO for Smart-HT 

Process Key Insights for Identified Subthemes Associated with each Process Area 

Making sense 

of a Smart-

HT 

• Health attitude and behaviors – Smart-HT appealed to participants who proactively manage 

their health as well as individuals who self-identified as having poor health behaviors. 

• Motivation to try – Participants frequently referred to convenience as motivation to try 

flu@home, noting that it removes the hurdles of scheduling an appointment with a provider 

and/or transport to a clinic. 

• Awareness and understanding of influenza – Participant beliefs regarding the severity of flu 

varied greatly. Those who believed influenza was a minor illness (frequently with association 

to a “cold”) were less motivated to complete a self-test than those who perceived influenza as 

a serious health concern. 

• Personal Agency – Participants perceived flu@home as something that would provide them 

with valued choice and control over when and where to conduct diagnostic testing. 

Considering 

the quality of 

a Smart-HT 

Consumers looked to the following features to assess the quality of a Smart-HT for influenza: 

• Quality of Smart-HT interaction – Participants indicated they valued built-in timers and step-

by-step instructions with illustrations and videos in the Smartphone app. 

• Quality of Smart-HT health information – Participants seemed to understand and retain content 

that contrasted “cold” and influenza symptoms and information on when to consult a provider.  

• Usabilility – Participants rated the flu@home system as easy-to-use, particularly attributable to 

clearly labeled kit contents and simple nasal swabbing procedures. 

Gaining 

support for 

enrolling in a 

Smart-HT 

• Clinical endorsement/Provider support  – Many participants indicated that they would want a 

recommendation from their doctor (or other form of clinic endorsement) to use flu@home. 

• Personal advice – Participants indicated referral from friends/ family would influence them to 

complete a self-test based on referral. Some further indicated that they would refer others.  

• Certifications –Participants valued FDA approval as a means to enhance trust and were 

skeptical of non-certified tests. 

Assessing 

personal 

capacity to 

use  Smart-

HT 

• Personal lifestyle – Participants were willing to use Smart-HT even if they didn’t regularly use 

other health apps. 

• Skills and equipment – A range of ages and health levels were involved in the study. All 

indicated that they had the digital literacy to download app, order kit, and complete testing 

without clinician oversight.  

• Cost of Smart-HT – Test cost was a concern; participants suggested a range from  $5 to $50. 

• Security and Privacy –Participants were most concerned that their health data may be sold or 

shared without their consent if tests were provided via on-line sources. 

Conclusion 

Results highlight the complexity of digital health engagement, promising aspects of consumer readiness, as well as 

issues within each process area of the model that need to be addressed before patients commit to Smart-HT. This work 

provides a foundation from which to create successful engagement strategies to align with consumer digital health 

opportunities to promote prevention, self-care, and spread control of communicable virus, like influenza.   

Acknowledgment: The Seattle Flu Study is funded through the Brotman Baty Institute. The funder was not involved 

in the design of the study, does not have any ownership over the management and conduct of the study, the data, or 

the rights to publish. 
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Introduction 
Patient fall prevention is a current challenge for healthcare organizations. Falls with or without injury are nurse-
sensitive measures1. Clinicians primarily use electronic health record (EHR) flowsheets to document fall related 
assessments and prevention interventions, including for the periodic and repeated documentation of specific patient 
data during the course of care. While flowsheets are a rich source of clinical data for quality improvement and 
research, the content is rarely standardized limiting comparison within and across organizations. One standardization 
approach is the use of information models (IMs) that include concepts, definitions, relationships, and value sets2. 
The use of IMs aids normalization of flowsheet data and improves data interoperability for clinical action. The 
Patient-Centered Outcomes Research Institute (PCORI https://pcornet.org/) uses a common data model; however, it 
lacks the depth of nursing data contained in flowsheets. While other common data models exist, few contain nurse-
sensitive data. Westra et al.3 developed 10 reference IMs, including a Falls Clinical IM, using flowsheet data from 
one organization representing over 2.4 million patients. This study utilized flowsheet metadata extracted from the 
EHRs of large health systems to validate and refine the original Falls Clinical IM (reference IM) to develop the Fall 
Prevention IM (validated IM). The study goal was to validate the Falls Prevention IM to advance the ability to share 
and compare nursing data for falls prevention and improve patient outcomes in the future. 
Methods 
The team conducted a retrospective observational study using an iterative consensus-based approach to map, 
analyze, and evaluate metadata contributed by eight health systems.  Nursing informatics researchers participating in 
this project represent a convenience sample of Nursing Knowledge Big Data Science (NKBDS) Initiative 
conference participants4. The flowsheet metadata for this study represented Allina Health, Aurora Health Care, 
Cedars Sinai, Duke University Health System, Fairview Health Services, Kaiser Permanente, North Memorial 
Medical Center and UCLA Health. Each organization obtained local permission, including IRB if necessary, for 
metadata extraction and sharing with the University of Minnesota. 

Metadata extracted for each flowsheet row included a unique identifier, description, and name representing the 
concepts for each organization. Also included were the names of flowsheet groups and templates used by nurses and 
other clinicians for data entry within the EHR along with pick lists (value sets) and date of first and last use. The 
metadata included the number of observations, encounters, and patients. The metadata represented flowsheet 
documentation used in care, and did not contain any protected health information. Secure data transfer to the 
University of Minnesota resulted in import into a secure server. The team used FloMap software to complete data 
mapping to aggregate and compare the reference IM across organizations5. FloMap uses Boolean logic searching to 
find data that matches standardized concepts and allowed the team to identify similarities and differences to inform 
changes in the Falls Prevention IM. The team used a consensus-based approach to keep, combine, remove, or add 
concepts and associated value sets to the reference IM6. The group utilized literature/evidence, current data 
standards, Magnet nursing standards, and informal use cases to support the analysis.  
Results  
The aggregated EHR metadata from eight large health care organizations represented flowsheet data from 6.6 
million patients, 27 million encounters, and 683 million observations6. Figure 1 shows the Fall Prevention IM with 
classes, concepts, and relationships. The validation focused on generalizability of the reference IM. Compared to the 
reference model, the validated Fall Prevention IM expanded from four to seven classes, reduced concepts from 57 to 
42, and added 157 value set items. The final IM (Figure 1) was more robust with the inclusion of nine additional 
age/condition specific fall risk screening tools, and fall event details with 14 concepts. The IM includes a detailed 
spreadsheet outlining the classes (panels) and concepts with definitions and value sets. Table 1 displays an example 
of the spreadsheet detail.  
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Figure 1: Fall Prevention Information Model: Classes, Concepts and Relationships 
Table 1: Fall Risk Screening Panel: Concepts, Concept Definitions and Value Sets 

Fall in Past 6 Months
Definition: Patient reports of falls in the past 6 months.

Fall Injury Risk Factors
Definition: Factors that put the patient at higher risk for 
injury in the event of a fall.

yes age over 85
no bone disease (osteoporosis/metastatic bone disease)
unknown coagulation issues (bleeding, anticoagulant use, abnormal 
Falls 
Definition: The number of falls the patient reports in the 
last 6 months. surgery (thoracic, abdominal or lower limb amputation)
numeric none
Falls with Injury
Definition: patient reports of fall resulting in injury, 
whether minor, moderate, or major.
yes
no
unknown

Fall Risk Screening Panel
Definition: The assessments and screenings completed related to the patient's fall risk completed once per encounter or 
admission.

 
The validated IM focuses on the most important concepts currently captured in flowsheet documentation for falls 
prevention. 
Discussion 
Validation and refinement of the Fall Prevention IM used EHR metadata from actual documentation from multiple 
health systems. The IM helps advance the ability to exchange and compare falls prevention data across 
organizations.  The next step is for the Falls Prevention IM classes, concepts, and value sets to be encoded using 
LOINC and SNOMED CT to facilitate data interoperability by the NKBDS Encoding & Modeling Work Group. 
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Introduction 

Digital technologies are now key to a wide range of social interactions, including those related to the receipt of health 

and social services. But the lack of affordable internet connectivity and the underlying “digital divide” has led to 

significant disparities across the U.S. in terms of access to digital technology.1 Recently, within the U.S. medical care 

context, there is increased appreciation that Social Determinants of Health (SDOH) represent key factors that must be 

considered when assessing and addressing the health of patients and populations. Some suggest that the lack of 

adequacy of digital access should be considered as a new SDOH.2 However before this approach could be widely 

adopted, we need to gain empirical evidence regarding the interplay between the availability of internet services, 
standard SDOH measures, and social service agency availability and access. In this study, we measured the degree to 

which there is a digital divide in terms of access to internet services at the community-level within the State of 

Maryland and the City of Baltimore and assessed the association of this divide with community-level SDOH risk 

factors, community-based social service agency locations, and web-mediated support service seeking behaviors.   

Methods 

To assess the socio-economic characteristics of the neighborhoods across the state, we calculated the Area Deprivation 

Index (ADI) using the U.S. Census, American Community Survey (5-year estimates) of 2017. ADI is a composite 

measure providing a ranking of neighborhoods by the socioeconomic disadvantage in a region of interest. It included 

variables for the domains of income, education, employment, and housing quality. A higher percentile of ADI 

represented a more disadvantaged neighborhood. We defined three levels of neighborhood disadvantage; ADI <= 10th 

percentile, 11th to 89th percentile, >= 90th percentile. To assess the digital divide, at the community-level, we used the 

Federal Communications Commission (FCC) data on the number of residential fixed Internet access service 
connections per 1000 households in each census tract and categorized the access to 5 groups including category 1 (0-

200 households with internet access), category 2 (201-400 households), category 3 (401-600 households), category 4 

(601-800 households), and category 5 (801-1000 households). We assessed the availability of and web-based access 

to community-based social service agencies using data provided by the “Aunt Bertha” information platform. We 

assessed access to community-based social services based on the social services density (i.e., number of social services 

facilities in the community using unique facility address) and social services diversity (i.e., number of different social 

services such as housing, food, transportation provided by all unique facilities in each geographic area of interest). 

We defined seekers of each service as the number of individuals searching for social services and workers as the 

number of healthcare workers searching for social services in each zip code. We performed community- and regional-

level descriptive and GIS analyses for ADI social risk factors, connectivity, and both the availability of and web-based 

searches for community-based social services. To help assess how internet access, number of facilities, and 
socioeconomic characteristic of the neighborhoods (presented by ADI) would impact rates of web-based social 

services searches by individuals in need, we applied logistic regression using generalized estimating equation (GEE) 

modeling adjusting for the population size of a neighborhood. 

Results  

In Baltimore City, 20.3% of census block groups were disadvantaged with ADI at the 90th percentile while only 6.6% 

of block groups across Maryland were in this category. Across the State, 52.1% of census tracts had 801-1000 

households (per 1000 households) with internet access. In contrast, in Baltimore City, 45% of census tracts had only 
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401-600 of the households (per 1000 households) with internet access. We detected a negative correlation between 

ADI and residential fixed internet access service connection (correlation coefficients: -0.7535 in Maryland and -0.6529 

in Baltimore City, p < 0.001). 61% of block groups at the 90th percentile of disadvantage in Maryland and 61.3% of 

block groups at the 90th percentile of disadvantage in Baltimore City lacked access to social services facilities. We 

assessed the number of online searches for community-based social services by consumer seekers and workers in each 
zip code. Only 7.1% of ZIP codes in Maryland had 20+ individuals searching for social services while in Baltimore 

City 19.4% of ZIP codes had 20+ individuals searching for those services. After adjusting for the population size of a 

neighborhood an increase in the number of facilities and higher ADI (more disadvantaged neighborhoods) were 

associated with a statistically significant increase in the number of searches for social services (Table 1).   

Table 1. GEE Modeling Assessing Factors Affecting Seeking for Social Services in Maryland 

Variables Coefficient 95% Confidence Interval p-value 

Population Size (10^3) 8.2 6.4, 9.9 <0.001 

Residential Fixed Internet Access Service Connection -5.7 -47.9, 36.4 0.789 

Number of Facilities (social services density) 8.9 4.7, 13.2 <0.001 

ADI (national rank) 1.7 0.3, 3.0 0.015 

The distribution of connectivity in Baltimore City followed a similar pattern as ADI with neighborhoods in east and 
west Baltimore (neighborhoods at the 90th percentile) experiencing less connectivity and those in the downtown area 

and north Baltimore (neighborhoods at the 10th percentile) expressing more connectivity (Figure 1). 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Residential Fixed Internet Access Service Connections per 1000 Households by Census Tract in Baltimore City 

Conclusion 

Our findings revealed place-based disparities in access to the internet and digital divide in disadvantaged 

neighborhoods. Most disadvantaged neighborhoods in Maryland and Baltimore City lacked access to social services 

facilities. Our logistic regression revealed a higher demand for social services in disadvantaged neighborhoods. Our 
study had some limitations. We did not have access to individual-level data on health outcomes or utilization of 

eHealth technology. We only had access to data on available social services and search history through Aunt Bertha's 

platform. We used data on fixed internet access and did not include data on mobile connectivity. While more work is 

needed, our findings support the premise that the digital divide is closely associated with other SDOH factors, as well 

as the need and use of community-based social support.  
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Introduction 

Healthcare providers need a complete understanding of a patient’s medication history to provide appropriate treatment 
recommendations. Although providers usually rely on structured medication orders for this due to easier access, many 
medication events are documented only in unstructured clinical notes1, which contain richer information but are 
difficult to search through, especially at the point-of-care where time is limited. Previous research has explored using 
rule-based and machine learning-based methods to identify medication changes from clinical text2. However, due to 
the complexity of clinical documentation, which captures the longitudinal history of a patient, extraction of medication 
change alone without the necessary clinical context is insufficient for use in real-world applications, such as 
medication timeline generation or medication reconciliation. Here we propose a novel system for extracting multi-
dimensional context for every medication change event in a clinical note. We define various orthogonal contextual 
aspects of a clinical event, present our findings on an expert annotated dataset, and discuss the usability and versatility 
of this multi-dimensional approach.  

Methods 

We define a medication event as any discussion about a medication dosage change for a given patient. We structure 
this task as a two-step process. First, to determine whether a medication mention indicates the presence of a medication 
event (Disposition) or not (No-Disposition). Second, to extract the multi-dimensional context for identified medication 
events, explained as follows. We define four orthogonal dimensions to capture the clinical context for such events: 1. 
Action - What is the dosage change discussed? (Start, Stop, Increase, Decrease, Unclear); 2. Temporality - When is 
this change intended to occur? (Past, Current/Future, Unclear); 3. Certainty - How likely is this action to have 
occurred? (Certain, Hypothetical, Conditional, Unclear); 4. Actor - Who initiated the change? (Physician, Patient, 
Unclear). Note that Current and Future have been combined into one label due to confusion arising from the 
sometimes ambiguous language in clinical documentation, e.g. “Will increase lasix to 40 mg daily” when found in the 
assessment/plan section of a note indicates a current action, but based on grammatical tense appears to be intended for 
the future. A single medication mention can have zero (No-Disposition), one, or more associated events depending on 
the surrounding context. For example, amlodipine in “May try amlodipine if develops cough” has one associated event 
(Start|Current/Future|Conditional|Physician), while metformin in “Was started on metformin at last visit but pt 
stopped after one week because of GI upset” has two events (Start|Past|Certain|Physician, Stop|Past|Certain|Patient). 
These dimensions were designed to extract the relevant clinical context for documented medication events, allowing 
us to capture a wide variety of events, such as references to past events (Temporality: Past), treatments being 
considered but not yet decided upon (Certainty: Hypothetical), or episodes of patient nonadherence (Actor: Patient). 
To demonstrate the importance of context in understanding medication events, a few examples are shown in Table 1. 

Table 1. Examples of how labels change depending on the surrounding context. 

Sentence Class Action Temporality Certainty Actor 
Patient is currently on lisinopril No-Disp - - - - 
Plan: incr losartan from 1 tab qd to bid. Disposition Increase Certain Current/Future Physician 
Pt c/o waking up multiple times in the 
middle of night to go to the bathroom 
after increasing furosemide as instructed 

Disposition Increase Certain Past Physician 

If SBP<100 hold off on taking hctz Disposition Stop Conditional Current/Future Physician 
Pt asks about switching from Crestor to 
another med because it’s too expensive Disposition Stop Hypothetical Current/Future Patient 

She was experiencing a bad episode of 
dry cough so stopped taking lisinopril Disposition Stop Certain Past Patient 
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We randomly selected 250 de-identified notes from a large multidisciplinary medical group for this study. The notes 
were independently annotated by five physicians in a double annotation process, and then adjudicated to resolve any 
disagreements. To assist physicians with the task, notes were pre-annotated with medications using an off-the-shelf 
medication extraction model (MedEx3). Inter-annotator agreement was calculated using Cohen's kappa. 

Results and Discussion 

Inter-annotator agreement (IAA) on the first step of the process (Disposition vs No-Disposition) was 0.84, with 2,428 
instances of agreed No-Disposition, 326 instances of agreed Disposition, and 109 instances of disagreements. For the 
326 instances of agreed Disposition, Action and Temporality had the highest IAA at 0.87 and 0.83, respectively, while 
Certainty and Actor had lower IAA at 0.68 and 0.59, respectively. The lower IAA in Certainty was due to ambiguous 
language in physician documentation, for example: “This was discussed by her neurologist who suggested starting 
with cholesterol medication and aspirin. She is here to discuss this further.”, “It might be worthwhile to reduce his 
atenolol from 75 to 50mg once daily to see if this helps his Sx.” Disagreements along the Actor dimension were mostly 
due to references to past events, e.g. “Improved breathing with spiriva, mistakenly stopped Advair”, where the subject 
who initiated the action is unclear. Another interesting kind of disagreement was due to shared decision-making in 
clinical care, where both the patient and physician contribute to medical decisions and treatments, e.g. “Discussed 
changing from Avapro to losartan for cost issues but he is uninterested and does not want to rock the boat.” 

The final adjudicated dataset consists of 379 Disposition events, with distribution among the various labels as follows: 

• Action: Start (50.8%), Stop (20.9%), Increase (12%), Decrease (8%), Unclear (8.3%) 
• Temporality: Past (40.3%), Current/Future (51.4%), Unclear (8.3%) 
• Certainty: Certain (82.8%), Hypothetical (3.1%), Conditional (4.9%), Unclear (9.2%) 
• Actor: Physician (78.5%), Patient (9.2%), Unclear (12.3%) 

Using the adjudicated ground truth, we trained an initial baseline and developed an end-to-end system. Figure 1 shows 
how extracted multi-dimensional medication events may be used at the point-of-care for two scenarios. The system 
enables the user to control the information flow depending on the user's needs and specific use case. Such a 
visualization could potentially be used in clinical practice for physicians to reconcile medication events between 
structured and unstructured data, or to highlight patient-initiated actions that may indicate a pattern of nonadherence. 

 
Figure 1. System output for the history of a target medication (left), and summary of all patient-initiated events (right). 

To summarize, our proposed methodology to extract multi-dimensional context for medication events provides the 
required first step towards improved understanding of medications documented in clinical text. Notably, this multi-
dimensional approach for context extraction is extensible and useful for other clinical events, such as adverse drug 
events, procedures, etc. We leave this exploration for future work. Going forward, we plan to expand our ground truth 
for medication events, improve the baseline NLP system for this task, and release the dataset to excite the broader 
research community towards this necessary task. 
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Introduction 

Identification of cohorts of patients with HIV (PWH) is useful for studying and improving engagement along the 

HIV care continuum (diagnosis, linkage to care, retention in care, and viral suppression)1. Additionally, these 

cohorts can be used in the development of tools to assist prevention efforts, for example, identifying high risk 

patients who require testing or are good candidates for pre-exposure prophylaxis (PrEP)2,3. Previously published 

algorithms identify PWH by first identifying individuals with diagnosis codes for HIV or positive HIV screening 

tests before confirming diagnosis via laboratory tests and HIV-specific medications.4,5 Here, we suggest this may 

overly narrow the patient population leading to erroneous exclusion of a significant number of PWH. We introduce 

a domain expert-driven HIV phenotyping algorithm that relies solely on tests and medications. We evaluate its 

performance on local and national EHR databases and demonstrate that compared to ICD code/screening-based 

methods, we identify ~80% more PWH. In the local EHR database, our algorithm obtained a precision of 0.98, 

recall of 0.95, specificity of 0.98, negative predictive value (NPV) of 0.95 and accuracy of 0.97. 

Methods 

Data: Cerner HealthFacts is a national, de-identified EHR database 

with 68 million unique patients spanning 18 years from over 600 

participating hospitals and clinics.  UT Physicians is a Houston-based 

outpatient network containing records on ~4 million patients spanning 

14 years. 

Phenotyping algorithm:  

Inclusion criteria: Patients age 13 or older had a confirmed HIV 

diagnosis if they had a positive HIV confirmatory test, viral load (VL) 

>1000 copies/mL, or a prescription for HIV antiretroviral medications 

(Figure 1). We compiled a list of HIV lab tests using HIV-related 

keywords, which was reviewed by a clinical domain expert to generate 

the list of relevant tests to include in the algorithm. 

Exclusion criteria: Patients with no confirmatory test or a VL ≤1000, 

treated only with a subset of antiretrovirals that are also used to treat 

hepatitis B or for PrEP. The list of HIV medications was compiled with 

an HIV domain expert. For comparison with previously published 

algorithms, we used patients with a HIV diagnosis code (ICD-9-CM/ ICD-10) for HIV or HIV-related comorbidity, 

or a positive HIV screening test. 

Results 

Using our algorithm, we identified 90,682 PWH in the Cerner HealthFacts data, including 6,021 with a positive HIV 

confirmatory test, 60,942 had an HIV VL >1000 copies/mL, and 36,392 with a prescription for HIV antiretroviral 

medications. If we require a relevant ICD code or positive screening test, as previously published algorithms do, we 

identify only 49,487 PWH in the Cerner database, missing 45% of the patients with laboratory or medication 

evidence of HIV identified with our algorithm. We verified that the demographics of the cohort identified with our 

algorithm are consistent with the national demographic distributions of PWH published by the CDC6 (Figure 2), 

where 59% of the patients are males and 48% are African Americans. Additionally, 47% reside in the southern US.  

In the local Houston EHR data, we identified 3,479 PWH using our algorithm, of which 602 patients had a positive 

HIV confirmatory test, 1,068 had an HIV VL >1000 copies/mL, and 3,234 had a prescription for HIV antiretroviral 

Figure 1: Flowchart for HIV phenotyping algorithm. 

CHF - Cerner HealthFacts; UTP - UT Physicians 
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medications. For comparison, when a relevant ICD code or positive HIV screening test is required by the algorithm, 

only 2,829 PWH are identified in this data, missing 19% of the cohort identified by our algorithm. We further 

evaluated the algorithm by performing chart review on a subset of 123 UTP patients with available clinical notes, of 

whom 59 were determined to have HIV and 64 were determined to be HIV-negative by the algorithm. Based on this, 

the precision, recall, specificity, NPV, and accuracy of the algorithm is 0.98, 0.95, 0.98, 0.95, and 0.97 respectively. 

This represents a higher recall and small decrease in precision relative to the ICD + screening-based baseline 

algorithm (0.95 vs 0.90 and 0.98 vs 1.0, respectively). Specificity was similar between our algorithm and the 

baseline (0.98 vs 1.0) while our algorithm demonstrated an improvement in NPV over the baseline (0.95 vs. 0.91). 

Patients in these cohorts were 64% male and 46% African American, which is comparable to the demographics of 

PWH reported in the Houston area (75% male and 49% African American)7. 

  
 

 

Discussion 

We introduced a phenotyping algorithm for patients with HIV developed using domain expertise from an HIV 

physician and compared on demographic characteristics to assess its performance. We demonstrate that previously 

published algorithms4,5 that require a HIV diagnosis code for identification of patients with HIV, miss a significant 

number of HIV cases that do not have a relevant HIV ICD code (45% and 19% of PWH missed compared to our 

algorithm in the Cerner and UT Physicians data, respectively), where the higher number of misses in the national 

database may be due to large differences in EHR reporting practices. The demographics of the HIV cohorts 

identified using our algorithm follow similar trends to national and local HIV populations with some deviations 

possibly due to regional variations in the national data and variations in the clinic population (e.g. UT Physician 

population is mostly comprised of insured individuals) for the local dataset. Finally, we show our algorithm 

performs well in a local EHR database with a high precision, recall, and accuracy, with recall higher than the ICD + 

screening test baseline algorithm.  
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Introduction 

In 2017, the Women in AMIA Pipeline Subcommittee introduced the AMIA First Look Program to expose 
undergraduate women with an interest in biomedical informatics or STEM (science, technology, engineering, and 
mathematics) to the field of biomedical informatics through attendance and mentoring at AMIA’s Annual 
Symposium.1,2 The objectives of the program include 1) providing students an opportunity to learn about biomedical 
informatics by attending key symposium events, 2) introducing and engaging students with the Women in AMIA 
community through assigned mentored guides and networking receptions, and 3) equipping students with resources 
for internship and post-graduation career “next-steps” in informatics by networking and making connections with 
industry and educational professionals. Industry partnerships allow First Look participants to receive student 
registration to the AMIA Annual Symposium and an AMIA student membership to encourage attendance and ongoing 
engagement. 

Methods  

Each program year, subcommittee members identified STEM programs (e.g., informatics, computer science, and 
statistics) at undergraduate colleges and universities local to the AMIA Annual Symposium (i.e., near Washington, 
DC in 2017 and 2019 and near San Francisco, CA in 2018). Subcommittee members contacted faculty and staff in 
each program and requested that information about the AMIA First Look program, including a link to apply, be shared 
with women in the department. Interested individuals applied through a Google Docs form. Also using a Google Docs 
form, current female members of AMIA were encouraged to apply to be mentors, and those who did were then paired 
with the applicants. Participants were asked to complete an anonymous survey developed by the subcommittee after 
attending the program. 

Results 

In the first three years of the program, 144 undergraduate women applied to attend AMIA First Look (59 in 2017, 15 
in 2018, and 70 in 2019), and 58 attended (22 in 2017, 8 in 2018, and 28 in 2019). Applicants were most often seniors 
(37%), sophomores (30%), or juniors (28%); not Hispanic or Latino (84%); and Asian (35%), Black or African 
American (33%), or White (21%). Applicant majors included computer science or information technology (33%), 
health sciences (18%), basic sciences (17%), biomedical or health informatics (15%), and engineering (14%). Most 
applicants were familiar with biomedical informatics (57% yes, 26% maybe) and had considered a career in 
biomedical informatics (49% yes, 33% maybe).  

After attending, 17 participants completed surveys (9 in 2017, 1 in 2018, and 7 in 2019). Participants indicated that 
advice about careers and graduate school, information about scholarships and suitable programs, and meeting women 
expert in their desired area would be most helpful in the future. Perceived barriers to careers in informatics included 
lack of awareness, money, and confidence. In 2019, interest in pursuing a career in informatics increased from 57% 
to 86% after attending First Look, and 86% of attendees mentioned that they would recommend the First Look program 
to others. Participants in 2019 also indicated that the First Look lunch allowed them to connect with women in the 

1579



field, and that the orientation and introduction to informatics sessions were welcoming, engaging, and informational. 
First Look participants have since received formal mentorship from Women in AMIA, completed internships and 
enrolled in PhD programs in biomedical informatics, and delivered presentations at subsequent AMIA meetings. These 
findings are reflective of the value of the subcommittee and the multiple benefits that participants are provided. 

Discussion 

The pipeline subcommittee used participant feedback to improve the First Look program over the years. For example, 
the introduction to informatics session was introduced in 2019 in response to feedback that participants preferred an 
agenda that included more interactive sessions with Women in AMIA, rather than an agenda that more heavily focused 
on attending scientific sessions. This new session included an overview of biomedical informatics from female leaders 
in AMIA, a lightning networking chat that allowed participants to talk to many women with diverse careers and 
experiences in the field, and a panel presentation by members of the pipeline subcommittee on challenges and 
successes as women in informatics.  

As a result of survey responses and offline feedback from 2019, the pipeline subcommittee is increasing engagement 
of participants through the AMIA Connect Community and plans to provide more information about internships and 
graduate programs in biomedical informatics. The subcommittee is also encouraging continued contact between First 
Look mentors and participants to better meet the desires of participants and remove barriers to careers in the field. 
Finally, the subcommittee is identifying measure that can be implemented in future years to increase the number of 
women who are able to participate in the First Look program, as well as the number of participants who complete the 
survey to provide feedback after attending. 

Conclusion 

The AMIA First Look Program has successfully introduced more than 50 undergraduate women to biomedical 
informatics. Early results demonstrate that First Look is a valuable program to AMIA; it is successfully furthering 
AMIA’s commitment to diversity and inclusion and increasing the number of women in AMIA and the field of 
biomedical informatics overall. 
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Abstract 

Few AI applications in oncology have progressed to production or clinical use. This translational hurdle has two 

main components: static or limited training data; and the absence of a production environment into which models 

may be deployed. Dana-Farber's Platform for Operationalized Data Science aims to remove these impediments to 

enable development and deployment of AI in a healthcare setting at scale. 

Introduction 

While there is initial evidence and high hopes that artificial intelligence (AI) will improve outcomes, reduce costs, 

limit provider burden, and enable other benefits in healthcare, few AI systems have made their way into routine clinical 

or research use [1]. In oncology there are thousands of publications describing AI approaches; yet we are only aware 

of a handful of solutions in “production” use across major teaching hospitals in Boston. From our perspective, the 

reasons for this are twofold: most AI approaches are developed by academic researchers who do not have the skills, 

incentives, background, or interest to advance published models into the production setting; and academic medical 

institutions do not have data solutions, compute infrastructure, and informatics support on which robust models can 

be developed, validated, deployed, and monitored. We refer to this as the operationalization of AI, and we describe 

here our work to build the Platform for Operationalized Data Science (PODS) at Dana-Farber Cancer Institute. 

Methods 

We believe that in order to operationalize AI three components and a process that organizes them are needed: a 

common data repository for input data; infrastructure supporting full model lifecycles; and a collector for produced 

predictions and associated metadata (Figure 1).  

 

 

Figure 1. Dana-Farber Cancer Institute Platform for Operationalized Data Science (PODS) 

Global Data Repository.  To enable development of robust models, AI practitioners must have access to broad 

collections of relevant data, both public and private in nature, that span as many samples and patients as possible. 

We are constructing a Global Data Repository that is a single logical data resource containing clinical (EHR) data, 

clinical text, genomics data, radiology image studies, pathology slide scans, patient-reported data, and public data 

such as TCGA, TCIA, and more[2]). While most models to date rely on a static dataset and have utilized one or two 

data types, we believe that future models will be multi-modal, and will also routinely run against streamed and 

linked data. Within applicable data governance rules and constraints, model developers can access data for “all” 
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patients at our institution, possibly extended with data accessed via collaborations/agreements (eg, dbGap protected 

data). 

  

Model Development Ecosystem: standardized data platform & algorithm socket.  Operationalization of data science 

implies models running in a production setting. Before models achieve that level of maturity they must pass through 

development, testing and validation lifecycle phases. Once in production, they are expected to be monitored and 

audited. Our platform design supports thousands of models, each proceeding through its own lifecycle. The platform 

considerations include support for versioning models and metadata, as well as data lineage to ensure reproducibility.  

  

AI Prediction Database.  Models are developed to produce useful predictions: the platform includes an Artificial 

Intelligence Database aimed at collecting the predictions of all models along with prediction confidence, model 

explanatory metadata, model version information, and other supporting artifacts. Downstream, predictions are made 

available for multiple use cases, including manual curators, as gap-filling data in research datasets, and as inputs to 

clinical decision support capabilities. 

 

Scheduling and Orchestration. While the components described above are operative, there is a whole level of 

interaction mechanisms and “glue code” that is required to make all components talk to one another and organize 

execution. Scheduling and orchestration are among the most complicated components as they set the clock for the 

entire design. We leveraged previous efforts from both the open-source community and cloud products, and we 

complemented these with internal projects in order to achieve our desired state of flexibility and reliability utilizing 

hybrid and multi-cloud capabilities. 

Results 

A high priority driving the PODS project is generation of structured data elements that comprise cancer patient 

phenotypes, such as date of diagnosis and date of progression, that enable computation of derived values such as 

progression free survival. We have utilized the PODS platform to deploy models that are predicting several of these 

values for operational purposes with moderate-to-high accuracy, including a battery of 50+ models aimed at 

supporting data curation.  In its current form, our Global Data Repository contains clinical text, pathology images, 

genomics data, our cancer registry, and limited radiology data.   

Discussion (Lessons Learned) 

(i) Listen very carefully to D Scully[3]: he lives in a future that is 5-10 years ahead of most of us. (ii) Some data 

types have mature ecosystems, such as the DICOM standard and PACS for radiology data. Instead of treating 

radiology images as generic data, we incorporate a “research PACS” as a logical component of the Global Data 

Repository and use its API. (iii) Educate and collaborate with institutional governance bodies: the scale of PHI and 

patient data necessary to be exposed to individual researchers is new to them. (iv) Build-measure-learn is a paradigm 

to move quickly and iteratively. (v) incorporate a mix of home-built and vendor solutions. (vi) Involve researchers, 

clinicians, and patient advocacy groups extremely early in the process: their input is fundamental to ripe the fruits of 

true AI operationalization. 

  

Conclusion 

As of March 2020, we have a beta version of PODS that executes the end-to-end data and model lifecycle for one 

downstream application, utilizing the limited data mentioned above. This milestone was reached exactly one year after 

the dedicated hiring was completed and it allowed us to appreciate the complex and multi-disciplinary nature of AI in 

production, while opening new and previously inaccessible opportunities for downstream applications and their 

integration into cancer research and healthcare operations. Our plan is now to expand the scope of PODS and move 

from beta to a release-candidate. We look forward to further development with the help of researchers, clinicians, and 

cancer patients. 
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Introduction: Clinical practice guidelines provide evidence-based recommendations intended to improve patient care.1 Well-
developed guidelines are informed by a systematic review of the evidence and should include careful weighing of benefits 
and harms of clinical interventions.2 With the breadth of supporting medical literature, guidelines can be voluminous, with 
some containing more than 100 clinical recommendations.3 The ECRI Guidelines Trust® (EGT)4 provides a centralized 
repository of evidence-based clinical guidelines across clinical specialties providing summaries of full-text guidelines 
(Briefs) alongside guideline appraisals (TRUST Scorecards),5 which assess the extent to which guidelines adhere to the 2011 
Institute of Medicine (IOM) standards for developing trustworthy guidelines.2 These guidelines serve as a reservoir for 
Clinical Decision Support (CDS) development efforts.6 In the relatively short time since its public release, EGT has supported 
the dissemination of guideline content to nearly 13,000 users from 98 countries. Although the Briefs and TRUST Scorecards 
are vital for informed decision-making, clinicians needed a mechanism to quickly identify the most appropriate guidelines to 
address their clinical, research, and operational needs. 

Objective: To assist users in determining guideline relevancy by providing concise summations of key guideline content via 
the creation of Guideline Snapshots. 

Methods: We evaluated the narrative text from 560+ clinical practice guidelines (77 guideline developer organizations) that 
met EGT inclusion criteria† and had a published Brief and TRUST Scorecard. A clinical informaticist reviewed each source 
guideline and summarized key recommendation statements into ‘major intervention’ statements, creating an overview of 
guideline content. To provide context for the major intervention statements, we also identified a ‘focus’ and ‘patient 
population’ for each guideline. These components collectively comprised the Guideline Snapshot. A second clinical 
informaticist, initially blinded to the narrative guideline text, reviewed the major intervention statements for areas of 
ambiguity and vagueness according to Codesh and Shiffman’s model,7 and then compared major intervention statements to 
the guideline recommendations to verify accuracy. Areas of discrepancy between reviewers were discussed until consensus 
was reached. 

Results: All guidelines within EGT eligible to be developed into a Brief and TRUST Scorecard were ultimately encapsulated 
as a Guideline Snapshot. The text formulating the Snapshot was incorporated into the EGT search results page (Figure 1) to 
provide an overview of the guideline content and is displayed prior to the links to the Brief, the TRUST Scorecard, and the 
original source guideline. Almost all guidelines were able to be summarized with five or fewer key major intervention 
statements, with many guidelines containing just a single key intervention statement. Guidelines providing recommendations 
for system settings did not include a patient population. 

Discussion: Guideline Snapshots can enhance efficient review of content and facilitate quick identification of guidelines 
most appropriate and relevant for more in-depth review. This could be useful, for example, for developers of CDS to more 
efficiently identify relevant evidences sources for implementation and to confirm the guideline’s applicability to intended 
users and target populations. Certain concepts were more difficult to express succinctly in Guideline Snapshots, including 
recommendations to avoid performing an action and recommendations that equivocated on whether an action should occur. 
Additionally, ambiguity and vagueness with guideline recommendations needed to be addressed during the development of 
major intervention statements. Having a second clinical informaticist review summarizations helped to identify key major 
intervention statements potentially confusing to an end user not familiar with the original source guideline.  

 

 

1583



 

Figure 1: Example of an EGT search result with attached Guideline Snapshot for the VA/DoD clinical practice guideline on 
the management of major depressive disorder (MDD).  

† ECRI Guidelines Trust Inclusion Criteria 

1. Available in English, online for free or for a fee, and published within the last 5 years. 
2. Include recommendation statements providing guidance on patient care. 
3. Produced by a medical specialty association, professional medical society, or other relevant clinical practice guideline development 

organization. 
4. Based on a verifiable systematic review of the evidence that includes: 

• Search Strategy: a) A listing of database(s) searched; b) A summary of search terms used; and c) Specific time-period covered by 
the literature search including the beginning date and end date (month/year). 

• Study Selection: a) Total number of studies identified by the literature searches; b) Total number of studies retained after 
applying the inclusion/exclusion criteria; and c) A summary of inclusion and exclusion criteria. 

• Evidence Analysis: Evidence tables OR GRADE tables OR a narrative synthesis of the evidence reviewed. 
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Introduction: In the USA, despite major advances and improvements in prenatal medical care, the rates of premature births 
accounts for ~10% of births. Predicting the length of Stay (LOS) of infants admitted to the neonatal intensive care unit 
(NICU) is beneficial for multiple stakeholders. LOS in the NICU has implications on hospital occupancy, healthcare costs 
and management. In addition, parents of preterm newborns experience an overdose of anxiety and uncertainty. The 
possibility to offer reliable information in the first days of infant life will greatly benefit all parties. In reality, evidence 
suggests that physician predictions can be inaccurate(1). In recent years several studies have identified factors which are 
important for predicting LOS in the NICU, allowing more reliable predictions. For example, Bender and colleagues 
compared several models for LOS estimation at the age of 7 days (2), with the best performing model reaching R²=0.786 
(cross validation R² = 0. 524). In their work, they showed that inclusion of semi-subjective risk assessment scores 
significantly increased the accuracy of results as compared to the use of birth weight as the sole factor. Review of the 
literature on existing methods to estimate LOS in hospital patients in general and specifically in the NICU(3–6), teaches us 
that it seems plausible that further gains can be made in the prediction accuracy of LOS, by using more detailed information 
from the first days at the NICU. Although the ability to predict LOS in neonatal is vital for resource planning, decision-
making and parent counseling, evidence in this area is still lacking(1). The objective of this study is to develop an improved 
model for NICU LOS based on data available on the first day of life, with integration of neonatal and maternal big data. 
Since, clinically, prediction models with a smaller number of factors are easier to use, we utilize computationally intensive 
random forest and statistical techniques to perform feature selection to attain a simplified yet highly predictive model.  
Methods: Design: Retrospective cohort study. Patients: study population included all preterm (gestational age < 37.0 
weeks) infants admitted to the NICU in Tel Aviv Medical Center between the years 2010-2018. Training set consisted of 
2213 infants from six years and the test set consisted of 1307 infants from three different years. Data derived from 
electronic health records available on the first day of life. Data consists of demographic characteristics, maternal factors, 
information on treatments and procedures performed, laboratory results. Preprocessing included operations such as 
exclusion death cases, removal of duplicated features, adding square transformation of two quantitative features (gestational 
age and birth weight) resulting with 71 features collected for each child. Outcome measure used was LOS (days). The 
analysis conducted in four stages depicted in figure 1. The first stage to overcome missing values we used Multiple 
Imputation Chained Equations (MICE)(7), imputing the missing values using random forest (8). The training set was 
imputed 50 times, and the test set 5 times (Figure1A). In the second stage for each imputed set we selected features using 
either the LASSO (with 5-fold cross validation)(9), or computed importance score. Consensus across all imputed sets was 
based on consistently selected features by LASSO 
for all imputed-sets resulting in 29 features. 
Silhouette method selection on the average 
importance score across all imputed-sets suggested 
the 13 most important features. On the third stage 
the RandomForest and Lasso models were trained 
only on the selected features. Lastly, these models 
were evaluated using the test set. To estimate the 
errors we used the square root of median absolute 
deviations (sMAD) because there were a few 
influential outliers. 
Results: In this study we constructed two types of 
computational intensive random forest and the 
Lasso models, the  Random Forest model and the 
Full Linear  model, and compared them to two 
simpler models that are based solely on birth weight 
and gestational age. Our results show that the 
Random Forest model (training: R²=0.82, 
sMAD=3.66; test:R²=0.74, sMAD=3.92) 
outperformed the Full Linear model (training: 
R²=0.80, sMAD =4.5; test:R²=0.72, sMAD =4.73), 
the Simple Linear model  (training: R²=0.66, 

Figure 1- Analysis Workflow – Schema of the four stages of the analysis. CV – 
Cross Validation, LM – Linear Model, GA- Gestational Age, BW – Birth Weight 
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sMAD=5.56; test:R²=0.58, sMAD=6.06) and the days to Due 
date model (training: R²=0.62, sMAD=24.8; test:R²=0.56, 
sMAD=24.9). Distributions of residuals in all models are 
shown in figure 2, showing smaller errors in prediction in the 
Random forests and Lasso models in comparison to the basic 
models. The length of the box, in the boxplot, represents the 
interquartile distance, of the error distribution, so the box 
covers 50% of the errors. The RF model also has the shortest 
box of all. In line with our objective, the Random Forest model 
is also fairly simple for clinical use, making use of only 13 
features. These include measures associated with birth weight, 
gestational age along with Apgar scores, anthropometrics (body 
measures), several routine laboratory values from complete 
Blood Count (CBC), blood potassium levels and blood culture.  
Discussion: This study used data available for preterm 
newborns extracted from the EHR. Results from this study 
provide a model to predict the NICU LOS for preterm 
newborns based on data available to the physician on the first 
day of life. The usage of Big Data and utilization of a modeling 
approach making use of feature screening and flexible 
prediction algorithms provide a robust and minimal tweaking 
platform. An inherent part of the process is addressing the 
challenge of missing observations with Random forests 
methods appropriate to the prediction model developed. This 
demonstrates an additional advantage of big data, not only in 
the number of cases but also in the richness of features. In the 
future the multiple imputed data sets could be used to assess the 
confidence of a certain prediction. To the best of our 
knowledge these models (RF and Full LM) improve results reported in previous publications. The deviation of the 
prediction of the days to due-date model is caused due to common practice to discharge infants when they reach term age 
(equivalent to 37 weeks of pregnancy) if possible, even though parents are told to expect discharge around Due date. An 
additional advantage is the use of a limited set of variables that increases the usability and enables the future development of 
a model-based calculator for physicians and families. Thou the model is relatively simple it requires an application and 
cannot be calculated with excel.  The results provide valuable information that can assist physicians and families to reduce 
uncertainty and anxiety in the first days of admission to NICU a period that is extremely stressful for families after a 
preterm delivery. Moreover, results will help management and administration to plan hospitalization and costs more 
efficiently.  
Acknowledgements: The study was funded by the National Institute of Health Planning Research, Israel. Grant# 2016/161. 
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Introduction 
Leveraging electronic health records (EHRs) data to identify patient cohorts (a.k.a, phenotyping) has become 
increasingly useful to accelerate clinical and genomic research. EHR-based phenotyping utilizes the information in a 
patient’s health records to infer presence of a disease (or lack thereof).1 Because EHR data include noise that reflect 
several biases introduced through the recording process,2 developing specialized phenotypic definitions from EHR 
data is still generally expensive.3,4 Nevertheless, many healthcare institutions are actively involved in constructing and 
validating EHR computational phenotyping algorithms. Outside of the so called “black-box” models (e.g., Deep 
Learning), feature engineering plays a key role in the performance and interpretability of computational algorithms. 
Currently, engineering clinically-meaningful features for computational phenotyping relies on a heavy dose of domain 
expert involvement, using complex ad-hoc procedures that are often neither generalizable nor scalable.4 We introduce 
a high-throughput computational phenotyping approach that leverages sequential patterns as input features to improve 
classification performance and interpretability.  

Methods 
In EHR-phenotyping approaches, features are constructed by identifying relevant clinical events (e.g., diagnoses or 
medication records from structured data or certain keywords from the notes). A vector of these records is obtained by 
counting them for each patient and aggregating the patient-level counts in the cohort. We call this vector the 
Aggregated Vector Representation (AVR). We hypothesize that sequences of EHR observations can offer more useful 
information about healthcare processes and therefore are better features for computational phenotyping than the AVR. 
To test this hypothesis, we construct a set of baseline models applying the conventional approach of aggregating the 
frequency of medical events as features for downstream ML algorithms. We also mine a new set of representations 
by sequencing and transitive sequencing of the medication and diagnosis events in electronic medical records. We call 
this approach the Bag-Of-Sequences (BOS) approach. Sequential pattern mining (SPM) aims to discover relevant sub-
sequences from a large set of sequences (of events or items) with time constraints. These algorithms are fairly mature 
in computational and data management schemes, and commonly used on transaction data. Imagine a sequential pattern 
where 𝐴 happened right before 𝐵, and 𝐵 happened right before 𝐶 (𝐴à𝐵àC). SPM mines sub-sequences 𝐴à	𝐵 and 
𝐵 à C. In the SPM approaches, the importance of a sequential pattern for use in downstream ML algorithms is often 
determined by an occurrence frequency threshold, known as the minimum support. To account for the potential biases 
in EHRs, we introduce a Transitive Sequencing algorithm that mines sub-sequences 𝑨&à𝑩& , 𝑩&à𝑪& , but also 𝑨&à𝑪&  from 
the sequence 𝑨&à𝑩&à𝑪& , where 𝑨& , 𝑩& , and 𝑪&  are the first occurrences of A, B, C in the medical records. We also propose 
a high-throughput dimensionality reduction approach that aims to minimize sparsity and maximize relevance 
(MSMR). The MSMR performs automated unsupervised feature engineering to the AVR and BOS approaches.  
Using diagnoses and medications data on 4 phenotypes – Congestive Heart Failure (CHF), Coronary Atherosclerosis 
(CAD), Chronic Obstructive Pulmonary Disease (COPD), and Type 2 Diabetes Mellitus (T2DM) from the Mass 
General Brigham Biobank, we compared the classification performance of the L1 logistic regression algorithms 
utilizing AVR and BOS representations, as well as a combination of the AVR and BOS (AVR.BOS). All features in 
these groups of representations (final vector <= 400 features) were curated through the MSMR algorithm. We also 
compared the classification results from the conventional SPM approach, in which the most frequent are used as 
classification features (BOS-frequent). Classification algorithms were trained on all patients in the Biobank who had 
at least one record of the respective phenotype in their medical record – using silver-standard labels. For each 
phenotype, the classification performance metrics were generated against a validation set that included a small subset 
(n<100) of the larger cohort, for which we had curated gold-standard labels through chart reviews. We iterated each 
classifier 10 times using bootstrap cross-validation. In this abstract, we only report and compare the area under the 
receiver operating characteristic curve (AUC ROC).  
Results 
Figure 1 presents the AUC ROC values obtained from using different feature vectors for phenotyping each disease. 
Our results show that in 3 of the 4 phenotypes, phenotyping with sequential representations or a combination of the 
sequential representations and the AVR resulted in significant improvements in the overall classification performance 
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over the AVR approach. In the case of CAD, the only exception, the classification performances were too close to 
find statistically significant differences. The BOS.AVR representations curated through the MSMR approach resulted 
in the best phenotyping performances for heart failure and COPD. The MSMR high-throughput dimensionality 
reduction resulted in classifiers with the top performance in 3 of the 4 phenotypes. We found the MSMR algorithm a 
reliable feature engineering approach across all phenotypes. In the case of T2DM, the difference between sequential 
patterns curated by the MSMR approach and the most frequent sequential patterns (as in conventional SPM) was not 
statistically significant. The phenotyping algorithms in this study are well comparable with the state-of-the-art 
computational phenotyping algorithms. For example, DeepPatient4 achieved an AUC ROC of 0.87 for CHF. The 
median performance of our MSMR equivalent (AVR) was 0.865, and our combined BOS.AVR model resulted in a 
median AUC ROC of 0.891. Two computational phenotyping algorithms for CAD that used expert curated features5 
and PheNorm1 (NLP) achieved AUC ROC values of 0.93 and 0.90, respectively. All our algorithms had median AUC 
ROC of higher than 0.941. DeepPatient’s AUC ROC for T2DM was 0.9.4 Our sequential phenotyping algorithms all 
had AUC ROCs higher than 0.9.  

 
Figure 1. The AUC ROC values, their median and best value, for the 4 phenotypes.  

Discussion 
We have developed a high-throughput approach for computational phenotyping using sequential and raw EHR data 
representations. Feature engineering in this approach is fully automated using silver-standard labels. We also 
introduced the transitive sequential pattern mining and demonstrated that using sequences of EHR event can results 
in better phenotyping performances than the raw EHR data. We argue that sequences present more precise information 
by reducing some of the noise in the EHR data. For instance, we might have 𝑁 observations of the diagnosis code 𝐵 
in patient 𝑖’s medical record. When the diagnosis code 𝐵 is a deemed relevant feature for phenotype 𝑋, whether 
through the MSMR or other algorithms or expert knowledge, in the conventional (AVR) approach for phenotyping 𝑁 
will be directly incorporated into the classifier. Sequential data representations, instead, provide a more precise way 
for incorporating the record 𝐵 into downstream modeling, in that only a proportion of the record 𝐵 may hold useful 
information for classification that proceeds another record (e.g., 𝐵 → 𝐶) or succeeds another (𝐴 → 𝐵). The MSMR 
algorithm allows for seamless discovery of such precise sequential record combinations. Further, we have found that 
sequential patterns can demonstrate new information about clinical processes that are difficult to discern from raw 
EHR data.  
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Introduction 

Automated extraction of key clinical features from imaging reports, such as the site, size and FDG avidity of lesions 
would allow for rapid and large-scale determination of disease stage, response to treatment and relapse. For 
example, a researcher may want to automatically identify the first imaging study noting a progression in patients 
with indolent lymphoma followed expectantly, or identify all Hodgkin’s lymphoma (HL) cases with a positive 
interim PET. Since the language used in clinical notes is domain and often task-specific, generic Natural Language 
Processing (NLP) tools are of limited utility1. Consider, for example, the challenge of automatically discerning 
lymphomatous bone involvement from the sentence “Increased FDG uptake in T5 is possibly reactive”. We describe 
a strategy for rapid construction of task-specific NLP algorithms for the extraction of phenotypes. As a test case, we 
aimed to identify bone involvement with lymphoma from PET/CT reports, obtained from a single institutional 
database.  

Methods 

We use an active-learning approach to facilitate the generation of task-specific lexicons by a domain expert. In the 
case of identifying bone lymphoma, these include words describing the primary aspect (PA: e.g., “uptake”, “SUV”); 
the secondary aspect, i.e., osseous sites (SA: e.g., “skeleton”, “T5”); modifiers such as context-specific affirmation/ 
negation/uncertainty (e.g. “increased”/ “likely reactive”/ “possibly disease”) and generic negation (e.g. “no evidence 
of”). An expert is presented with sentences containing seed PA terms and tasked with an exhaustive identification of 
terms fitting the other lexicons. In an iterative process, unseen sentences that do not include terms previously 
identified are presented for lexicon expansion (Figure 1). The process is repeated until no further expansion is  

possible. A string-matching 
algorithm is then developed in R 
3.5.3 using the lexicons to classify 
sentences as supporting, negating or 
inconclusive (i.e. requiring manual 
review) for the feature of interest. 

We used 500 PET/CT reports from 
HL patients to develop the algorithm 
and evaluated performance against 
unseen reports of 516 HL cases and 
552 follicular lymphoma (FL) cases 
that were independently classified by 
a blinded annotator. We measured 
the amount of effort (number of 
iterations) required to complete the 
PA and SA lexicon expansion. 

 

Figure 1. Ontology generation using active learning  

  

1589



  

 

Results 

Tested on unseen HL reports, of 44 reports flagged for bone involvement, 43 had an actual involvement and 1 was a 
negative case (PPV: 98%). Of 380 reports flagged as negative, 379 were truly negative and 1 was positive (NPV: 
99.7%). Sensitivity: 64% (43/67); specificity 84% (379/449); 18% (92) reports were flagged for manual review 
(Table 1). 

Table 1. Summary of algorithm performance 

Set PPV NPV Sensitivity Specificity Accuracy Manual review 

Hodgkin’s 
Lymphoma 
(N=516) 

98% 

(43/44) 

99.7% 

(379/380) 

64% 

(43/67) 

84% 
(379/449) 

99.5% 

(422/424) 

18%  
(92/516) 

Follicular 
Lymphoma 
(N=552) 

91% 
(87/96) 

99.6% 
(281/282) 

67% 
(87/129) 

69% 
(281/406) 

97% 
(368/378) 

32%  
(174/552) 

 

Tested on unseen reports of FL, of 96 reports 
flagged for bone involvement, 87 were truly 
positive (PPV: 91%). Of the remaining 9 cases, 3 
had significant uptake at adjacent tissue (e.g., 
muscle), 4 had superimposed marrow uptake, and 
2 described a concomitant bone disease (e.g., 
multiple myeloma). Of 282 FL reports flagged as 
negative by the algorithm, 281 were truly 
negative and 1 was positive (NPV: 99.6%). It 
took 15 and 5 iterations to build the PA and SA 
lexicons, each involving the review of up to 10 
sentences (Figure 2). 

 

Figure 2. The effort (number of iterations) 
required for completing PA and SA lexicons 

Conclusion 

Accurate extraction of phenotype from free-text clinical narrative is one of the key challenges of biomedical 
informatics. As clinical jargon is often domain- and even task-specific, generic NLP tools are of limited utility2. 
Herein we describe a methodology for the rapid generation of task-specific ontologies and NLP algorithms with 
short turnaround time. With a modest effort, we were able to generate an NLP classifier with very high PPV and 
NPV. The classifier can be extended across pathological scenarios and has already been used to support several 
ongoing clinical studies about the radiological characteristics and disease course of lymphomas involving the bone.3 
This approach can be extended to other contexts (e.g., identifying response to chemotherapy); to other domains (e.g., 
extracting features from pathology reports) and utilized for either machine learning or rule-based systems. 
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Introduction 

Normalizing mentions of medical concepts to standardized vocabularies is a fundamental component of clinical text 
analysis.  Ambiguity—words or phrases that may refer to different concepts—has been extensively researched as part 
of information extraction from biomedical literature, but less is known about the frequency and diversity of ambiguity 
in clinical text.  This study characterizes the distribution and distinct types of ambiguity captured by benchmark 
clinical concept normalization datasets, in order to assess how representative they are of potential ambiguity in clinical 
language, and to identify directions for advancing medical concept normalization research. 
 
Materials and Methods 

We defined three ways of measuring string ambiguity: (1) Dataset ambiguity—i.e., ambiguity for which we have 
annotated data—occurs when a string is associated with multiple Concept Unique Identifiers (CUIs) in the Unified 
Medical Language System (UMLS) in a given dataset. (2) Exact UMLS ambiguity—a restrictive measure of the 
number of potential meanings for a string—occurs when a complete string is mapped to multiple CUIs in the UMLS 
MRCONSO table, irrespective of any specific dataset. (3) Approximate UMLS ambiguity—a more permissive measure 
of the potential meanings for a string—occurs when word-level UMLS search for a string returns multiple CUIs.  As 
dataset ambiguity reflects what is available for both training and evaluating medical concept disambiguation models, 
we first analyzed the frequency of ambiguous strings in benchmark datasets for concept normalization, as well as 
identifying linguistic and ontological factors contributing to the observed ambiguity.  We identified ambiguous strings 
in three benchmark datasets for clinical concept normalization --- SemEval-2015 Task 14 data1 and CUILESS20162, 
both derived from the ShARe corpus, and the MCN corpus3 ---  and categorized the distinct types of ambiguity they 
exhibited.  We then compared the ambiguity of strings in each of these datasets with each other and with the UMLS 
(both Exact and Approximate ambiguity), to assess their coverage of ambiguity in clinical language. 
 
Results 
Table 1. Distinct types of ambiguity observed, with number of example strings by dataset.  Only training corpora were analyzed 
in each dataset; 16 strings in CUILESS2016 and 3 in SemEval-2015 exhibited multiple ambiguity types, and counted for each. 

Category Subcategory SemEval-2015 CUILESS2016 MCN 
Polysemy Abbreviation 4 6 7 

Non-abbreviation 2 12 6 
Metonymy Procedure vs Concept 0 7 9 

Measurement vs Substance 0 0 9 
Symptom vs Diagnosis 20 20 2 
Other 2 6 5 

Specificity Hierarchical 50 87 7 
Recurrence/Number 8 3 0 

Synonymy Propositional Synonyms 23 64 8 
Co-taxonyms 9 64 4 

Error Typos 25 0 0 
Semantic 8 22 5 

Total Ambiguous Strings 151 291 62 
Unambiguous Strings 3,014 1,732 3,066 
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We observed twelve distinct types of ambiguity within five categories (Polysemy, Metonymy, Specificity, Synonymy, 
and Errors)4.  As Table 1 illustrates, examples of these ambiguity types were distributed unequally across the available 
datasets, with some ambiguity types only represented in a single dataset.  Comparing the dataset ambiguity of each 
string in each dataset with its possible ambiguity in the UMLS (measured in terms of Exact or Approximate 
ambiguity), we found that less than 15% of strings were annotated with multiple CUIs in each dataset, but over 50% 
had multiple CUIs in the UMLS (illustrated in Figure 1 for SemEval-2015 Task 14 data).  Thus, existing datasets 
exhibit only partial coverage of potential clinical ambiguity. 
 

 
Figure 1. Comparison of string ambiguity in SemEval-2015 Task 14 data between Dataset ambiguity, Exact UMLS ambiguity, 
and Approximate UMLS ambiguity.  Each set is broken into “No matches” (no CUIs found for the string), “Unambiguous” (exactly 
1 CUI found), and “Ambiguous” (more than 1 CUI found). 

Comparing across datasets, we found that only a small subset of strings were shared between any pair of datasets, and 
of those, 20% or more were labeled with at least one different CUI between the datasets.  Thus, each existing dataset 
captures a different snapshot of clinical ambiguity.  
 
Discussion 

Existing datasets are not sufficient to represent the diversity of clinical concept ambiguity, limiting both training and 
evaluation of normalization methods for clinical text.  Utilizing multiple datasets in model development helps to 
mitigate this issue, but systematic representation of medical ambiguity requires the development of new datasets 
specifically designed to capture examples of ambiguous strings.  Additionally, our analysis of ambiguity types 
demonstrates that the rich semantics of the UMLS offers powerful tools for building and evaluating normalization 
methods both within and across ambiguity types, including a hierarchy of semantic types, and both taxonomic and 
semantic inter-concept relations.  These resources can enable more semantically-informed evaluation of concept 
normalization, as well as high-coverage candidate concept identification. 
 
Conclusion 

Resolving ambiguity is an important part of normalizing medical concept mentions.  We identified twelve distinct 
types of medical concept ambiguity in current datasets, and demonstrated that a significant amount of further potential 
ambiguity is not captured in the available normalization datasets.  Our findings identify three opportunities for concept 
normalization research, including a need for ambiguity-specific clinical datasets and leveraging the rich semantics of 
the UMLS in new methods and evaluation measures for normalization. 
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Introduction  
 
Based on the principles of precision medicine, patients who share similar characteristics and clinical trajectories are 
likely to also share a similar prognosis and response to therapy1-3. Therefore, identifying groups of patients with 
common clinical characteristics may provide the basis for more targeted medical management4-6. Group-based 
trajectory modeling (GBTM) can be used to cluster patients based on the trajectories of one or more clinical variables7,8. 
This approach is particularly useful in the pediatric intensive care unit (PICU) where temporal trends typically have 
more clinical significance than single time point measurements. Cardiovascular shock is an example of a clinically 
dynamic process with significant heterogeneity and high morbidity and mortality in the PICU, particularly amongst 
patients with sepsis9,10. The vasoactive-inotrope score (VIS) is a validated measure of shock severity based on the sum 
of the normalized dose of vasoactive infusions that the patient is receiving11. We hypothesized that modeling the VIS 
trajectory in children with shock during the acute phase of critical illness would uncover distinct, reproducible, and 
clinically relevant VIS trajectory groups. 
 
Methods  
 
This was a retrospective observational cohort study of patients admitted to the PICUs of two large, academic children’s 
hospitals. Patients were included if they required vasoactive infusions within 24 hours of admission. Those admitted 
post-cardiac surgery were excluded. Clinical data were extracted from the electronic health record. An hourly VIS 
was calculated for the first 72 hours of admission. To account for differences in charting time, we carried forward the 
dose of vasoactive recorded for up to 6 hours. The VIS was discretized into six categories to reduce noise based on 
clinically meaningful bins: 0, >0 to 5, >5 to 10, >10 to 20, >20 to 40, and >40. The cohort was then split into derivation 
(75%) and validation (25%) sets. In the derivation set, we fitted GBTM models of up to six groups, with linear, 
quadratic, and cubic modeling. A combination of the Bayesian information criterion (BIC) and group size was used 
for model selection to ensure that a well-fitting and parsimonious model was chosen and that none of the groups 
contained <10% of patients. The parameters of the chosen model were then applied to the validation set to determine 
reproducibility of the trajectory groups. The primary outcome was in-hospital mortality and the secondary outcome 
was hospital-free days (HFD) at 28 days, defined as the number of days in which patients were alive and free of 
hospitalization up to 28 days after PICU admission. 
 
Results  
 
A total of 1,887 patients met inclusion criteria, of which 309 (16.4%) died. The GBTM model with BIC closest to 
zero, that met the group size criteria, was the cubic model with four groups. The trajectories, distribution, and in-
hospital mortality of patients in the derivation and validation sets are presented in Figure 1.  

Figure 1. Vasoactive-inotrope score (VIS) trajectories in the derivation and validation sets.  
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We described the four groups as follows: “Mild, fast resolving shock” (n=912, 48.3%), “Moderate, slow resolving 
shock” (n=422, 22.4%), “Moderate, prolonged shock” (n=312, 16.5%), and “Severe, prolonged shock” (n=241, 
12.8%). Table 1 presents the distribution, VIS characteristics, and outcomes of the four groups after fitting the GBTM 
model in the entire cohort.   
 
Table 1. Distribution, clinical characteristics, and outcomes associated with the four VIS trajectory groups. 

VIS  
Trajectory 
Group 

Total,  
N. (%) 

Max. VIS by 
24h, median 
(IQR) 

Max. VIS by 
72h, median 
(IQR) 

In-hospital 
Mortality, 
N. (%) 

Hospital-free 
days at 28 days, 
median (IQR) 

Age in years, 
median 
(IQR) 

Presence 
of Sepsis  
N. (%) 

Mild, fast 
resolving shock 

912 (48.3) 5 (3.5, 8) 5 (3, 8.8) 84 (9.2) 20 (7, 23) 7.2 (1.3, 14.8) 378 (41.4) 

Moderate, slow 
resolving shock 

422 (22.4) 12 (8, 20)  12 (8.5, 20) 63 (14.9) 17 (0, 22) 8.2 (2.3, 14.7) 266 (63.0) 

Moderate, 
prolonged shock 

312 (16.5) 11 (6, 20) 15 (10, 25) 65 (20.8) 7 (0, 14) 4.7  (0.8, 12.5) 234 (75.0) 

Severe, 
prolonged shock 

241 (12.8) 35 (19.5, 60) 40 (22.5, 60) 97 (40.3) 0 (0, 8) 4.3 (1.1, 13.2) 179 (74.3) 

 
There was a significant difference in mortality and presence of sepsis across the groups (p<.001). No significant 
difference was found in hospital-free days at 28 days (p=0.6), likely due to prolonged length of stay, and there was no 
significant difference in age across groups. The severe, prolonged shock group had the highest in-hospital mortality 
and fewest hospital-free days at 28 days, and could be distinguished by VIS trajectory by 24 hours of PICU admission. 
The moderate, slow resolving and moderate, prolonged shock groups differed in in-hospital mortality, presence of 
sepsis, and hospital-free days at 28 days, however were indistinguishable in the first 24 hours of PICU admission.  
 
Conclusion   
 
We derived and validated four distinct VIS trajectory groups that were associated with different morbidity and 
mortality in children with shock. Characterizing VIS trajectory groups in the acute phase of critical illness in children 
with shock may help guide prognostication and enable more targeted and timely management, such as the use of 
antibiotics, fluids, or hydrocortisone. Future directions include further understanding risk factors associated with each 
VIS trajectory group, including comorbidities, hydrocortisone administration, fluid balance, and non-cardiovascular 
organ dysfunction.  
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Introduction

In a 2019 study published in the Journal of the American Medical Association, we coined the term “crowd-diagnosis”
to describe when people turn to public social media to obtain a diagnosis. Using a case study of sexually transmitted
infections, we found thousands requesting crowd-diagnoses, commonly posting pictures to aid in diagnosis and some-
times seeking diagnoses to overrule a doctor’s diagnosis.1 Our goal is to extend this work to a more general setting
by focusing on a popular social media forum dedicated to obtaining feedback on medical conditions and answering
(RQ1) who requests crowd-diagnoses, (RQ2) for what health issues are crowd-diagnoses more frequently sought, and
(RQ3) what crowd-diagnosis requests are most likely to receive a response?

Methods

Data. Reddit is a social media site with 330 million monthly users, primarily from the US,2 organized into com-
munities called subreddits. r/AskDocs is a large subreddit with 185k subscribers (January 2020) that allows users to
submit questions about personal medical conditions for an opportunity to be answered by physicians that are verified
by community moderators. Posters are required to provide as much detail as possible, including demographics. We
collected all posts, comments, and associated metadata from its inception in July 2013 through December 2018. Our
final dataset contained 190,974 posts from 131,020 posters with 694,533 comments from 106,306 commenters.

Analysis. RQ1 quantifies the self-reported demographics of posts to contextualize the users of this online community.
We developed regular expressions to automatically extract a post’s self-identified gender (female, male, transgender)
and race/ethnicity (Asian, black, Hispanic, Indian, middle eastern, multiracial, white). The racial/ethnic categories
were derived from posters’ self-descriptions. RQ2 quantifies the topic prevalence of health issues and contextualizes
who (demographics) asks about these health issues. We applied a probabilistic topic model to identify the topics of the
posts and compared differences in topic prevalence across demographics (e.g. what do women versus men talk about)
by calculating the odds of each topic in the demographic of interest to the reference group (i.e. the majority group).
RQ3 measures the frequency of responses and the probability of a response associated with the demographics of the
poster and the topic of the post. We used logistic regression to estimate the probability to estimate the probability and
corresponding 95% CIs of (1) receiving any response and (2) receiving a response from a physician.

Results

RQ1. Gender was identified in 64% of all posts (test set accuracy of 100%) while race/ethnicity was identified in 33%
of all posts (test set accuracy of 99%). Posts were primarily male (43% of all posts) and white (25% of all posts),
although some identified as black (1.6% of all posts), Hispanic (0.8% of all posts), and transgender (0.2% of all posts).

RQ2. Crowd-diagnoses were most frequently sought for dermatological conditions (7.5%), followed by reproductive
health (2.6%), interpretation of diagnostic testing (2.2%), dental and oral health (2.1%), and allergies (2.1%) (Fig-
ure 1). Crowd-diagnoses were also sought for cardiology conditions (2.1%), cancer (1.2%), and infectious diseases
(1.2%), among other complex issues. Posts identifying as female or transgender sought help on sensitive topics (e.g.,
female-specific health including pregnancy, pregnancy loss, and menstruation) at a higher rate than their male coun-
terparts. Females discuss chronic issues, such as fibromyalgia, at higher rates than males. Transgender people have
higher odds of inquiring about hormonal issues, side effects, medication, and health care interactions than males.

RQ3. Seventy-two percent of all posts received a response. Posts that self-identified as female 72.9% (95%CI, 72.5-
73.3) were more likely to receive any response than posts self-identified as male 69.6% (95%CI, 69.2-69.9). Posts
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Figure 1: Dot plot of the topics present in the posts. Dot indicates the number of posts that were assigned the topic.

that self-identified as black 74.7% (95%CI, 73.2-76.2) and multi-racial 75.5% (95%CI, 73.2-76.2) were more likely to
receive any response than posts self-identified as white 69.7% (95%CI, 69.3-70.2). Eleven percent of posts received
a response (12% of all total comments) from a physician and the rates of receiving a response from a physician were
statistically indistinguishable across the self-identified demographics in the posts.

Discussion

Extending our previous work, this study shows that crowd-diagnoses are commonly sought across health issues and
often receive a reply. Posts that identify as female, black, and multi-racial were more likely to receive responses,
suggesting a potential benefit for overcoming barriers to care among these populations. Although crowd-diagnoses
have the benefits of anonymity, speed, and democratizing diagnoses (including those with undiagnosed illnesses)3,
they may pose potential dangers. For example, even on an online community intended to engender responses from
physicians, few responses were from physicians. Further studies are needed for strategies to address this under-
engagement. The public format of crowd-diagnoses could become a source of misinformation for passive viewers
of a misdiagnosis, potentially resulting in a ripple effect if these viewers then wrongly self-diagnose. On the other
hand, crowd-diagnoses have the potential to substantially improve public health by connecting people seeking help
for medical issues in with credible resources and information. Experts could moderate requests for crowd-diagnoses,
resulting in social media being a vehicle to connect the public to professional health care. Modifications, like suggested
searches, can help people and moderators by ensuring similar queries use consistent language. The current norm in
public health communication is to invest in top-down resources that hopefully overlaps with the needs of the public.
However, few clinicians would expect so much unmet demand for remote treatment referral for this diversity of topics.
Studying crowd-diagnoses broadly, beyond a singular subreddit, can identify what types of information the public is
willing to share and unmet health information needs to build out evidence-based resources that are complementary.
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1. Introduction 

“Prevention through linkage and retention” is an imperative objective by National HIV/AIDS Strategy yet remains a 
problem in the US. In the US, 42%–59% of people living with HIV (PLWH) do not adhere to HIV care, but reasons 
are not well understood 1. In South Carolina, cumulatively 66% of PLWH received any care from each step of HIV 
treatment; of which, 54% received continuous HIV care; and 57% were virally suppressed in the most recent test 2.  

An urgent challenge has been to engage PLWH at all stages of HIV care including HIV testing, linkage to care, timely 
initiation of care, retention in care, and adherence to antiretroviral treatment (ART) with repeated CD4/viral load (VL) 
testing. There are two untapped research questions: (1) Can we predict PLWH’s retention in care since the linkage to 
care so that proactive intervention may be feasible? (2) Can we identify the principal risk factors to PLWH’s non-
retention in care so that proactive intervention could be target-oriented? Answers to these questions benefit from 
individual-level PLWH data since there are various contributing factors for retention in care, as well as advanced 
informatics methods since PLWH data are heterogeneous, high-dimensional, and in a high volume. 

In this study, we reported our work of developing a comprehensive data repository that consolidates PLWH’s health 
data from various settings of both clinical care and social care and across the time span of HIV care. We also developed 
supervised machine learning to predict retentions in care using large-scale PLWH data from this data repository.  

2. Methods 
Development of data repository. The data repository consolidates data from (1) South Carolina HIV/AIDS electronic 
reporting system (e-HARS), a laboratory-based reporting system that collects statewide CD4 and VL tests since 
January 2004. (2) Ryan White HIV/AIDS Program Service Reports (RSR), consisting of clinical data from Ryan 
White-funded entities. (3) Health Sciences South Carolina (HSSC) clinical data warehouse, consisting of clinical 
records from six of the state’s largest health systems: AnMed Health, McLeod Health, Medical University of South 
Carolina Hospital Authority, Palmetto Health, Self Regional Healthcare, and Spartanburg Regional Healthcare 
System. The South Carolina office of Revenue and Fiscal Affairs (RFA) integrates PLWH data from these sources as 
well as payer healthcare inpatient database, Medicaid services claims data, state employee health services plan, 
Department of Corrections data (crime rates, prison history, etc.), Department of Mental Health, etc.  

Machine learning – study population. We retrieved data for PLWH diagnosed from 2005 to 2016 (N=10,025). 
Applying the following inclusion criteria: (1) age ≥ 13 (N=44) and (2) CD4 ≥ 1 or VL test after the laboratory test 
date in the HIV diagnosis month (N=1,431); and excluding criterion: missing information of 24 covariates (e.g., 
demographics, driving time to facility, CD4 cell count, alcohol use, tobacco use, illicit drug use, Hepatitis B & C, 9 
conditions in ICD9) (N=287), the study sample resulted in a total of 8,263 PLWH for the experiments.   

Machine learning – experimental procedures. The machine learning experiment aims to predict retention in care 
(output variable; N=1; binary) of PLWH in each follow-up year (from year 1-13) using PLWH’s retrospective clinical 
and health services records (input variables; N=18; various variable types) as captured by the data repository. The 
“retention in care” was identified as PLWH whose CD4 ≥ 2 or VL results at least 3 months apart after having been 
diagnosed with HIV. We employed five representative supervised machine learning algorithms: lease absolute 
shrinkage and selection operator (LASSO), classification and regression tree (CART), random forest (RF), support 
vector machine (SVM), and k-nearest neighbors (KNN). Therefore, a total of 65 machine learning models were 
generated. The 10-fold cross validation is employed as the framework for machine learning training and testing. In 
specific, 7,437 (90%) records were randomly selected and used to train a machine learning model using the five 
algorithms, respectively. Each trained model was used to identify the rest of the 826 (10%) records, where the area 
under the receiver operating characteristic (AUC) was used to assess the model performance.  
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Machine learning – feature analysis. To understand the importance of the input variables to the model performance 
for LASSO, we ranked the absolute values of coefficients for input variables. For the rest of the algorithms, we ranked 
by the performance decrease when taking each input variable out of the model.  

3. Results 

The highest AUC=0.91 was achieved when using either RF or SVM to predict the retention in care in year 12, 
suggesting temporal relations among features across years may be important predictors. The best prediction 
performance for CART (AUC=0.85), KNN (AUC=0.87), and LASSO (AUC=0.90) were captured in year 12. Table 
1 shows the results for each model. The AUC started to exceed 0.8 across all models from year 3.  

Table 1. AUC (95% CI) for each model. 
Year CART KNN LASSO RF SVM 

1 0.57 [0.53, 0.61] 0.58 [0.54, 0.62] 0.58 [0.55, 0.62] 0.56 [0.52, 0.60] 0.52 [0.48, 0.56] 
2 0.72 [0.70, 0.75] 0.69 [0.66, 0.72] 0.72 [0.70, 0.75] 0.69 [0.66, 0.72] 0.70 [0.68, 0.73] 
3 0.77 [0.75, 0.80] 0.79 [0.76, 0.81] 0.81 [0.79, 0.84] 0.79 [0.77, 0.82] 0.79 [0.77, 0.82] 
4 0.80 [0.77, 0.82] 0.83 [0.80, 0.85] 0.84 [0.82, 0.87] 0.84 [0.81, 0.86] 0.83 [0.80, 0.85] 
5 0.82 [0.79, 0.84] 0.83 [0.81, 0.86] 0.85 [0.82, 0.87] 0.84 [0.81, 0.86] 0.84 [0.82, 0.87] 
6 0.83 [0.80, 0.85] 0.84 [0.81, 0.87] 0.85 [0.83, 0.88] 0.85 [0.82, 0.88] 0.84 [0.82, 0.87] 
7 0.84 [0.81, 0.86] 0.86 [0.83, 0.88] 0.89 [0.86, 0.91] 0.87 [0.85, 0.90] 0.87 [0.85, 0.90] 
8 0.83 [0.80, 0.86] 0.84 [0.84, 0.87] 0.86 [0.84, 0.89] 0.86 [0.83, 0.89] 0.85 [0.82, 0.88] 
9 0.83 [0.80, 0.87] 0.86 [0.83, 0.89] 0.87 [0.83, 0.90] 0.87 [0.84, 0.90] 0.86 [0.83, 0.89] 

10 0.85 [0.81, 0.88] 0.85 [0.82, 0.89] 0.89 [0.86, 0.92] 0.88 [0.85, 0.91] 0.89 [0.85, 0.92] 
11 0.83 [0.79, 0.87] 0.83 [0.79, 0.87] 0.85 [0.81, 0.89] 0.85 [0.81, 0.89] 0.85 [0.81, 0.89] 
12 0.85 [0.81, 0.90] 0.87 [0.82, 0.92] 0.90 [0.87, 0.94] 0.91 [0.87, 0.94] 0.91 [0.87, 0.94] 
13 0.83 [0.76, 0.90] 0.80 [0.71, 0.88] 0.86 [0.79, 0.93] 0.84 [0.77, 0.92] 0.85 [0.78, 0.92] 

There were a number of top-ranked input variables that can be candidate principal risk factors to PLWH’s non-
retention in care (Table 2). Due to the space limit, we did not provide a full list of top-ranked variables.  

Table 2. Selected top-5-ranked input variables. 
Variables Rank 1st Rank 2nd Rank 3rd Rank 4th Rank 5th 

Obsessive compulsive disorder LASSO (year1+12) LASSO (year6) - - - 
Hepatitis B - - - LASSO (year3+9) - 
Race - - LASSO (year1) - LASSO (year2+6) 
Dementia - LASSO (year2) - - - 
Mental health group1* - - - LASSO (year2) LASSO (year1+3) 
Personality disorder - - LASSO (year2) -  

HIV transmission risk - 
LASSO (year1) 
RF (year1) 

LASSO (year3) - 
LASSO (year12) 
RF (year2) 

CD4 RF (year1) - - RF (year1+3) - 
Age at diagnosis - - RF (year1+2+3+6) - - 
Illicit drug use - - - RF (year1) - 
* PLWH with one of the four conditions: anxiety, depression, bipolar disorder, and persistent-mood affective disorder. 

4. Discussion 

The data repository that integrates large-scale linked clinical care and social care data for PLWH is the first of its kind 
in the US and provides unique opportunities for understanding linkage and retention in HIV care. Using this data 
repository, our approach to supervised leveraging machine learning for predicting PLWH’s retention in care is highly 
effective. All of the tested algorithms are well-performed (AUC ≥ 0.85), in which RF and SVM outperformed others 
(AUC=0.91).  We identified a number of factors most influential on predicting the retention in care, such as obsessive 
compulsive disorders, hepatitis B, dementia, substance use, and mental health conditions, which provide evidenced 
guidance critical to effective intervention for increased retention and treatment adherence. Future direction will be 
dissecting the patterns of inter-connected risk factors taking account of temporal dynamics, social determinants of 
health, and other individual-level PLWH data as our PLWH data repository continues to grow.  
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Introduction  
Embedding algorithms, widely used for obtaining low dimensional vector representations of words, are increasingly              
adapted for the representation of clinical concepts in healthcare, with potential to improve the development of                
clinical phenotypes 1. However, few studies compare embedding algorithms across different clinical data sources, so              
it is unknown whether the performance of these approaches may be generalizable across databases 2. Large federated                
networks such as the Observational Health Data Sciences and Informatics (OHDSI) collaborative are uniquely              
positioned to characterize such differences 3. The aim of this study was to compare the GloVe4 algorithm in the                  
characterization of common disease phenotypes across various electronic health record (EHR) and claims databases. 
 
Methods  
We used the OHDSI Observational Medical Outcomes Partnership (OMOP) common data model (CDM) to              
standardize longitudinal data from one EHR (Columbia University Irving Medical Center) and three claims              
databases (IBM MarketScan CCAE, Medicare, Medicaid), which will be referred to as CUIMC, CCAE, MDCD, and                
MDCR, respectively, and served as validation datasets. We ran GloVe on the validation datasets using a visit-based                 
time window to generate 4 sets of 200-dimensional embeddings. The OMOP domains selected for training included                
condition, drug and procedure. To compare these embeddings, we selected 6 phenotype algorithms from the               
eMERGE Network5 - Breast Cancer, Chronic Kidney Disease (CKD), Dialysis, Type 2 Diabetes Mellitus (T2DM),               
Chemotherapy, and Major Depression Disorder (MDD) - and extracted their corresponding concept sets for              
characterization. We computed the pairwise Euclidean distances of all members of phenotypes using embeddings              
and then calculated the average distance for each phenotype across 4 validation datasets. We also included a                 
phenotype of 1000 randomly drawn concepts as a baseline comparison. The t-SNE algorithm was used to extract                 
2-dimensional (2-D) features from the embeddings in order to visualize the phenotype clusters 6. In addition to                
phenotype characterization, we performed a link prediction task7, a common validation technique that assesses              
concept similarity based on a predetermined threshold, using the previously validated phenotypes. We generated a               
reference set based on 53 validated phenotype algorithms from the eMERGE Network, where we created               
positive/negative controls depending on whether pairs of concepts belong to any known phenotype or not. To                
measure the embeddings, we computed cosine similarities for all concept pairs in the reference set, then calculated                 
the area under the curve (AUC) and generated a receiver operating characteristic (ROC) curve. In addition, we                 
applied a threshold of 0.5 to the cosine similarities to calculate recall and precision. To make fair comparisons, we                   
only included concepts that overlapped between all 4 validation datasets.  
 
Results  
We generated 4 sets of embeddings using GloVe with a visit-based time window for CUIMC (3,063,055 patient and                  
42,522 concepts), CCAE (98,527,778 patients and 57,684 concepts), MDCD (21,186,946 patients and 55,234             
concepts), and MDCR (7,238,092 patients and 44,922 concepts), among which 31,038 concepts intersected all              
datasets. The following section shows the validation results using the phenotype concept sets from eMERGE. 
 
Average Euclidean Distances (AED) of validation concept sets using embeddings 
There were 118, 16, 21, 15, 167 and 43 concepts included in the Dialysis, Breast Cancer, Chemo, CKD, MDD and                    
T2DM phenotypes, respectively, for generating pairwise comparisons. The AEDs for the dialysis concept set were               
consistently smaller than random despite being the largest concept set while the best-performing database varied               
depending on phenotype (Table 1). CKD performed relatively well except in CUIMC, whereas the other validation                
sets performed consistently worse than the random set. We hypothesized that homogeneous phenotypes (e.g.              
dialysis) containing concepts from one domain clustered better than heterogeneous phenotypes (e.g. t2dm) covering              
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multiple OMOP domains, which could form subclusters located far away from each other, resulting in a high AED.                  
To better understand this, we visualized the validation sets to see the distribution of their corresponding members                 
and observed that MDD, Breast Cancer and CKD seemed to form sub-clusters (Figure 1a-d).  

Table 1. Average Euclidean distance  
phenotype CUIMC CCAE MDCD MDCR 

Dialysis 2.31 3.37 3.26 3.25 

Breast Cancer 3.88 3.93 3.76 3.75 

T2DM 3.86 3.88 3.95 4.00 

Chemo 3.59 4.79 4.57 4.68 

CKD 3.66 2.96 3.09 2.93 

MDD 3.61 3.92 4.36 3.91 

Random 2.72 3.56 3.42 3.46 

 

Figure 1a-d. Visualization of phenotypes using T-SNE 

 

Link predictions using validated phenotype algorithms    Figure 2. ROC curve for link predictions 
There were 232,990 positive controls and 1,199,542 negative        
controls in the reference set. Precision (P), Recall (R) and          
F1-Score (F1) were calculated for the link prediction task using          
embeddings generated from the following datasets: CUIMC       
(R:0.03, P:0.55, F1:0.06), CCAE (R:0.07, P:0.89, F1:0.13),       
MDCD (R:0.06, P:0.83, F1:0.11), and MDCR (R:0.16, P:0.68,        
F1:0.26). Link predictions using CUIMC performed the worst        
with the lowest recall and precision, whereas CCAE has the          
highest precision of 0.89 and MDCR is well balanced between          
recall and precision with the highest F1-score of 0.26. Figure 2           
also shows that the 3 claims databases had the best performance.  
 
Conclusion  
Characterizing phenotypes using the GloVe embedding algorithm across disparate observational databases show            
potential for learning useful representations but vary widely across phenotype and database. Phenotypes that use               
EHR data seem to have smaller average distances compared to phenotypes based on claims data, even when                 
comparing random concepts, while in link prediction, claims outperformed EHR databases. The highest-performing             
database varied depending on phenotype and task, which suggests that selection of embeddings and algorithms may                
need to be optimized for the task, subject of study, and data available. 
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Introduction 

Improving the efficiency of patient review process has significant impacts on medical research such as phenotype 

validation. The review work requires simultaneously maintaining a temporal context of a patient’s history and having 

to drill down to detailed information. Timelines have been widely used for patient review since it gives a temporal 

overview and, at the same time, can provide access to details. However, most of the previous works rely on the 

traditional, but slow and often disruptive zooming and panning interactions to navigate around the timeline and to 

bring out meaningful details. Different efforts have been made to overcome this problem. For example, CHRONOS1 

uses overview+detail technique, but it takes up extra screen space to show detail data. CareVis2 uses fisheye view, a 

focus+context approach, but the distortion creates target acquisition problems and impairs users’ relative spatial 

judgements. When data points are dense, vertically stacking the data on a timeline can prevent data occlusion, but it 

can lead to large amount of wasted space, causing additional panning problems. In contrast, preserving the compact 

nature of an overview by allowing for occlusions create interaction problems. They create user issues such as event 

recognition, access problem, or excessive interaction problems. In this paper, we propose HistoriView, a timeline 

technique that enables complete data exploration without having to zoom in a compact data display. Furthermore, we 

demonstrate how we implemented a scalable visual analytic tool using the HistoriView, that visualizes a patient’s 

entire history. 

Methods  

HistoriView. HistoriView 

visualizes existence of categorical 

event data on a timeline. It renders 

events as non-stacking, transparent, 

color-coded ranged bars grouped by 

categories (concepts). Details of 

each event are delivered through a 

popup interactively. We designed 

and implemented three mechanisms 

to control the interaction, 

presentation, and delivery of the 

popups Overlay Detector (OD), 

Overlay Marker (OM), and 

Interactive List Controller (ILC). When a user’s mouse hovers over a data bar, the OD detects occluded events at the 

hover location, within a preset radius of the mouse cursor, and sends the information to the OM and the ILC. The OM 

then transforms the identified events’ representation to show which data bars are the focused ones, so there will be no 

mistakes interpreting the visualization. It highlights the events and shifts them upwards slightly to distinguish them 

from the other bars. For cleaner and more readable representation, it places the focused events on top layer and makes 

the background non-transparent.  The ILC displays their data details in popups interactively. A List Popup shows a 

list of events and preview values. When a user selects an event on that list, a Detailed Popup pops up with all the 

information about that event. With the popups, users can view and explore all the mouse hovered events without 

zooming because the ILC guarantees that all focused events are displayed and clickable. Users can pin popups and 

move them to the desired location for later reference. In addition, users can disable auto-popup prompt to avoid 

unwanted popups while moving mouse around. Furthermore, the ILC provides visual cues to help maintain context. 

For example, the mouse hovered event is highlighted: the data row is colored in sky and its corresponding data bar’s 

boundary becomes red. Figure 1 captures these interactions in HistoriView. 

 
Figure 1.  HistoriView timeline. (a) Mouse-hovered events are elevated and shown in orange. (b) 

List popup. (c) Detail popup. The data displayed in (c) is highlighted in (b) and the individual 
event occurrence is marked with red borderline in (a). These marks appear when user clicks a data 

from (b) or mouseover (c). 
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Implementation. We implemented a HistoriView in javascript as a plugin for i2b23. A user would enter a patient 

number, and HistoriView visualizes the patient’s entire history. The input data to HistoriView are in JSON format. 

They consist of a list of concept groups and a list of items information. Each item contains start and end time, and a 

concept group information that are used to render on the timeline. It also carries detail information that can be viewed 

through popups. The HistoriView plugin is installed on a local i2b2 instance. We built a Data Manager in PHP that 

queries an i2b2 repository and transforms into the HistoriView data format. It generates a query for each top level 

ontology node (i.e., concept group). It submits the queries concurrently and ensures getting results for all of them. It 

then converts the retrieved data into JSON groups and events. Finally, it creates a reduced JSON format to improve 

rendering time. Events that occurred in the same months and are of the same type are condensed as one single event, 

whose start time is the earliest event’s start time and end time is the latest end time among them. However, it keeps 

all the original individual event information in the detail, so that visual cues and its popup data are accurate and 

uncompromised. This reduction strategy reduces the number of visual artifacts, and greately improves the 

responsiveness of the system. 

Evaluation. We performed a user study with a prototype HistoriView visualization application. We visualized a 

patient’s medical history on it and showed to eleven volunteers from Mass General Brigham. Participants were given 

information seeking tasks which are carefully designed to expose them all the HistoriView’s key features. The 

volunteers then answer a 5-point likert scale survey about usability and the preference on HistoriView’s overlapping 

event representation over a stacked event representation. In addition, we gathered qualitative feedbacks from the 

volunteers by text or verbal interview. After completing the full implementation, we measured performance by number 

of events, number of JSON events, visualization time, and total response time for randomly selected patients. 

Results  

In the usability test, the participants agreed or strongly agreed that HistoriView was easy to use (10 participants), was 

easy to learn (9 participants),  people would learn to use the timeline very quickly (8 participants), felt very confident 

in finding the answers (8 participants), and did not need to zoom to find the answers (8 participants). All participants 

preferred the HistoriView’s compact representation over a stacked timeline. Our participants anticipated that the 

HistoriView would help patient review work efficiently. While general sentiments towards HistoriView is positive, 

evaluators did point out some weaknesses, including fast popup prompts, lack of visual cues of some functionalities 

and difficulties in finding a sub-concept name. The feedbacks are reflected to the final implementation. 

HistoriView plugin is installed on our local i2b2 instance. For a randomly selected patient with 31,711 observation 

facts, all the concept query results were collected successfully and modeled as 259 JSON events. It took only 0.32 

seconds to visualize them, while it took 464.35 seconds to visualize 30,000 events in our pilot study. The total 

turnaround time from the user request to the visualization, which includes data querying time, was 28.87 seconds. 

Discussion and Conclusion 

We propose HistoriView, an interactive timeline visualization technique that enables complete data exploration 

without the hassle of zooming and panning while maintaining the timeline as a compact overview. It uses an 

overview+detail approach but handles space problem by z-separation. Its carefully designed interactions guarantee 

user access to every data point without having to zoom and pan. Its visual cues for the interaction ensure the 

presentation is not misinterpreted despite occlusions. These features enable users to systematically, and confidently, 

explore detailed data while keeping context. Our volunteer users agree that HistoriView is promising for reviewing 

patients. We deployed HistoriView plugin and tested on our i2b2 site. However, the visualization techniques are 

independent from underlying system. By using reduced event modeling, we could visualize the entire history for a 

single patient in reasonable amount of time. Current implementation is limited to observational data only. We would 

like to extend data support to other data types, such as imaging data or other unstructured data. We plan to use it in 

phenotype validation in the future. 
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Introduction

Within the field of randomized clinical trial (RCT) research, there has been ongoing concern that RCTs that lack a di-
versity of participants may not provide clear evidence of efficacy and safety for new interventions in underrepresented
or missing sub-populations. To date, there has been no means to quantify the inequity between those who get enrolled
into RCTs and the broader population who could benefit from the new intervention. We demonstrate a novel approach
based on Machine Learning (ML) Fairness Research1 that enables clinical researchers to examine representation of
protected classes of subjects in RCTs and to provide guidance in designing equitable clinical trials. The subjects are
partitioned into subgroups defined over the superset of protected attributes; here defined as gender, race/ethnicity, and
age. We measure the level of inequity for all possible protected subgroups of patients defined using one, two or three
protected attributes and provide a single visualization that incorporates and compares these subgroup measures.

Methods

Unlike prior approaches2 using the enrollment rate (the number of trial participants divided by the estimated U.S.
population with the disease in each subgroup), we compare the observed rate in the RCT for the subgroup to the
hypothetical ideal rate in an equitable RCT in which patients are assigned truly randomly to the clinical trial. By
considering assignment to the clinical trial as a random classification function, we develop standardized metrics based
on variations of ML fairness metrics, focusing here on “Disparate Impact.” The resulting metrics are functions of
disease-specific observed and ideal rates of assignment of protected subgroups to the RCT. We develop statistical tests
to quantify the statistical significance of observed inequities for each subgroup which take into account the RCT study
size and estimation errors of the ideal assignment rate.

Results

We derive RCT inequity metrics by treating assignment to the RCT as a random classification function, and then apply-
ing AI Fairness metrics used for assessing bias in machine learning algorithms. We assess the proposed methodologies
on a real-word RCT for type-2 diabetes, with the expected subgroup assignment rate calculated from individuals with
this condition in NHANES3. Figure 1 illustrates results based on RCT data from the Action to Control Cardiovascular
Risk in Diabetes (ACCORD)4. Figure 1(a) illustrates our proposed measure “Log Disparate Impact,” τ = log((observed
odds of subpopulation being in RCT)/(ideal odds of subpopulation being in RCT)), for the subgroup of women over
age 64. The green line indicates the ideal rate for the subgroup while the brown line indicates the observed rate of the
subgroup in the RCT. An advantage of the proposed inequity metrics is that they provide a common scale for judging
trial inequity for subgroups with vastly different expected rates in the trial; for example, the estimated ideal rate of
participation in the trial for the subgroups female, female age 64+, and black female age 64+ are 0.4452, 0.1725,
and 0.0234, respectively, as estimated from NHANES. The metrics enable visualization of RCT inequity with respect
to many protected attributes and subgroups simultaneously, while equivalent visualization of simple rates for many
subpopulations would be difficult to compare.

For the ACCORD study, we defined 9 univariate, 26 bivariate, and 24 multivariate subgroups based on gender (female,
male), race/ethnicity (Non-Hispanic White, Non-Hispanic Black, Hispanic, Other), and Age (18-44, 45-64, over 64).
Figure 1(c) visualizes inequity of subgroups in ACCORD for the protected attribute of Age with further divisions by
Gender and then Race/Ethnicity represented as a ring in a sunburst plot. Based on the inequity measure, we label each
subgroup with it’s level of inequity as defined in Figure 1(b).

Different colors indicate different inequity classes with dark red representing entirely absent subgroups. We select
the definition of inequity using disparate impact based on guidance from the AI Fairness 360 toolkit1, but users can

1603



define other criteria. Looking at the graph we can see that Ages 18-44 are highly underrepresented in the inner ring.
Moving out radially, we see that this is because females and white males aged 18-44 are entirely absent from the
study, and other subgroups are highly underrepresented. The 64+ subgroup is underrepresented due to Females 64+,
except Female Black 64+. Males 64+ have equitable representation except for Male Hispanic 64+. By selecting other
attributes for the inner ring, we can focus on any desired attribute.

(b) (c)
Figure 1: Inequity as measured by Log Disparate Impact (τ ) in ACCORD. (a) Log Disparate Impact as function of
observed rate for Females Aged 64+ (b) Definition of inequity levels (c) Inequity of ACCORD RCT subgroups in
sunburst plot with inner to outer rings defined by age, gender and race/ethnicity respectively.

Discussion

We have incorporated disparate impact and several other ML Fairness metrics into a prototype interactive R-Shiny App
that enables researchers and physicians to rapidly visualize and assess all potential inequities in a given RCT for all
possible subgroups. Using the inequity metrics, users can rapidly determine underrepresentation of subgroups which
can serve as basis for determining any limitations of the RCT. The inequity metrics and visualizations can potentially
help support evaluation of equity of existing RCTs, design of new RCTs, and monitoring of recruitment in ongoing
RCTs. The visualization may also help clinical providers quickly understand the applicability of RCT results to a
patient in subgroup.
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Introduction 
Digitization of health records has provided an avenue for applying data-driven algorithms to healthcare challenges. 
One such challenge is antimicrobial resistance, which the World Health Organization (WHO) classifies as a major 
threat alongside cancer and dementia. Antimicrobial resistant organisms or “superbugs” kill around 700,000 people 
annually [1]. One way to address this is by developing tools to improve antimicrobial stewardship. This involves 
empowering the antimicrobial stewardship program (ASP), which consists of infectious disease (ID) domain experts 
(e.g., microbiologists, physicians, pharmacists), to make data-driven decisions. Domain experts have different skills 
and requirements from other end-users (such as crowd workers and data scientists), which must be considered when 
designing systems. In this work, we present a framework for developing systems to amplify domain expertise and 
demonstrate its use in the antimicrobial research pipeline. 
 
Methods 
Amplification of expertise refers to the process of automating redundant or inferable tasks, so that experts can focus 
on tasks that require domain knowledge. This is a synergy between the expert and the system which involves 
summarization of data and decisions, guidance towards insights, interaction by the expert, and acceleration of input. 
 
Summarization: An amplification system should summarize large and complex datasets so that experts can 
meaningfully consume them. This is relevant for identifying inconsistencies as well as for open-ended exploration 
during analysis. It can be overwhelming for an expert to go through large datasets. Amplification systems should, 
therefore, statistically or visually summarize complex data. In addition to data, amplification systems need to 
summarize algorithmic and human decisions as well. To support algorithm transparency, amplification systems can 
show visual activation of features that led to the recommendation, or similar cases in the data that serve as evidence 
for the current recommendation. Summarizing human decisions can involve expressing data transformations as natural 
language rules [2] or as visual node-link diagrams [3]. 
 
Guidance: While summaries provide a global view of the data, exploratory analysis aims to find insights or data 
quality issues, which might require looking at a more detailed view. Amplification systems should guide the expert’s 
navigation to meaningful regions. When guiding with visual summaries, it is important to pick optimal visual 
encodings for revealing the relevant insight or outlier. In addition to navigating datasets, amplification systems can 
also guide experts by suggesting data transformations during the cleaning stage. But care must be taken to avoid bias. 
 
Interaction: Along with making system internals explainable, allowing experts to interact and modify data and the 
output of algorithms increases their trust in amplification systems. The mode of interaction also needs to cater to their 
background and training. For example, data transformations should be presented as natural language statements as 
opposed to code snippets. Further, their affinity for spreadsheet tools motivate designing systems with spreadsheet 
interfaces but advanced querying capabilities. 
 
Acceleration: Time constraints of domain experts necessitate the need to accelerate their input provision. Most experts 
use structured interfaces such as forms or free-text notes for data entry or querying and spreadsheet interfaces for data 
exploration. Following user-centered interface design and adhering to interactive latency constraints is even more 
essential for these systems. An advantage of building systems for experts is that domain specific information can be 
used to accelerate their input. 
 
Results 
We demonstrate the use of our amplification framework with three systems which we developed as part of our 
antimicrobial stewardship pipeline. The overall goal is to help physicians in empiric antibiotic prescription for urinary 
tract infection (UTI). When a patient presents with a UTI, their urine sample is sent to the microbiology lab, which 
reports the infection-causing organism as well as a subset of antibiotics that will work against it. However, since the 
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labs can take two days to complete testing, physicians initially prescribe antibiotics based on patient demographics 
and medical history. This provides an opportunity to improve prescription by modeling the probability of antibiotic 
coverage using patient factors. 
 

At the data curation level, our domain expert has to 
provide the cohort definition along with variables of 
interest (e.g., demographics, comorbidities, allergies, 
etc.) to a data engineer, who pulls the relevant data from 
the Electronic Health Record data warehouse. The data is 
then annotated with organism and antibiotic classification 
from the UMLS metathesaurus[4].  After the data is 
restructured to the required format, we are faced with a 
data cleaning task. The microbiology lab reports 
susceptibilities for a subset of antibiotics based on the 
characteristics of the organism which grew and 
institutional preference. At point-of-care, physicians can  
infer susceptibilities on the unreported antibiotics based 
on the lab reports and their domain knowledge. However, 

when using this data for predictive modeling, we need to fill in the unreported values with domain rules. To address 
this, we built Icarus [2]. Icarus guides the expert by showing them high impact data subsets for edits. This prevents 
the experts from being overwhelmed by long and wide tables. Icarus allows both direct interaction via edits and 
indirect interaction via rules. Finally, Icarus accelerates task by suggesting general rules based on the expert’s single 
edit. It also allows the expert to preview the impact of a rule by summarizing the cells which will be impacted. 
 
Due to the subjective nature of this task, multiple domain experts are needed to come to consensus on the unreported 
values. We have three experts fill in the dataset using Icarus. To amplify the consensus process, we designed Delphi 
[3] which visualizes the conflicts and redundancies in expert rules. It provides an overview of the dataset by visually 
summarizing the antibiotics and related rules in a node-link diagram. The node sizes guide the expert to regions of 
high conflict by encoding the number of data points affected. It allows the experts to interactively edit the rule set by 
accepting and rejecting rules. Finally, it accelerates the experts’ task completion by automatically removing redundant 
rules after each edit. 
 
Once experts have come to consensus, the dataset is finally ready for analysis. After the model creation, the data 
engineer needs to build a decision support tool so that domain experts can consume the models. There are two tools: 
one is a point-of-care tool aimed at physicians who are prescribing antibiotics, while the second one DeeDee, is a tool 
aimed at the antibiotic stewardship group to validate and create guidelines. DeeDee amplifies expertise by 
summarizing population characteristics, guiding towards high-risk or concerning data points, allowing experts to 
interactively specify guidelines, and accelerating their task by suggesting guidelines. 
 
Conclusion 
Effectively engaging domain experts is crucial for the success of data-driven workflows. We provide a novel 
framework for developing systems which amplify domain expertise. Amplification systems should summarize data, 
guide experts’ data navigation, allow experts to interact and update algorithms, and finally accelerate their task by 
learning from their interactions. Empowering stakeholders to directly interact with the data can lead to faster and more 
impactful insights and decision-making, which is important for democratizing data to benefit society. 
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Figure 1.  Amplification in the Antimicrobial Data Pipeline 
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Introduction  
Health Information Exchange (HIE) is considered critical to safety, quality, efficiency, and cost of care1. It is 
viewed as being essential for the success of several healthcare reform strategies such as value-based and 
accountable care, patient-centered medical homes as well as the hospital readmission reduction program. 
While evidence on the benefits to healthcare outcomes from the use of HIE is growing2, it has traditionally 
been derived from studies that focus on organizational adoption or whether organizations have purchased 
and/or implemented HIE functionality rather than actual use during care delivery. Most prior studies on HIE 
adoption used data obtained from the surveys of HIE organizations or managers in healthcare organizations 
(e.g. the American Hospital Association information Technology Supplement, HIMSS Analytics etc.) 
which reflect the ability to share data rather than actual data exchange. Widespread HIE adoption has now 
made available data from log-files which represents encounter-level access to data from other providers. 
While log files are now being used to study HIE, studies using this data are few or have evaluated shorter 
durations. The purpose of this study is to use log file data to examine characteristics related to HIE 
utilization. Specifically, we examine the relationship between encounter-level HIE use and factors at the 
encounter- and the hospital-level in the emergency department setting. The ED is often viewed as the care 
setting most likely to receive benefit from data-sharing and as such examining factors related to HIE usage 
in this setting provides valuable insights into drivers of HIE. 
 
Methods 
We used HIE access log files from the Indiana Network of Patient Care (INPC) for all emergency 
department (ED) encounters between 2011 and 2017. The INPC is one of the largest and most mature 
statewide community HIEs in the country connecting 117 hospitals representing 38 hospital systems and 
contains data on more than 15 million patients amounting to over 12.5 billion data points. Moreover, the 
INPC captures between 80-100% of all patients in a majority of counties in Indiana during our study period. 
As such, findings from the INPC are representative of statewide use of HIE in ED encounters. 
 
HIE access log files are an objective measure of HIE usage. They represent the actual access of patient 
information in the HIE, also referred to as query-based HIE in the literature 3 by a user during a clinical 
encounter. In order to add encounter- and hospital-level factors we linked the access logs to clinical data in 
the INPC as well as the American Hospital Association Annual Survey data, respectively. This allowed us 
to include encounter-level factors such as diagnosis, patient gender, patient age at encounter, insurance 
payer, rurality, provider age, provider role etc. as well as hospital-level factors such as bed size, academic 
medical center status, number of Medicare/Medicaid admissions, total admissions etc. Our outcome of 
interest was operationalized as a binary variable for HIE access (1: HIE accessed during the encounter, 0: 
No HIE access during the encounter). We performed univariate and bivariate analyses to examine the 
relationship between the outcome variable and covariates. In a multivariate model, we longitudinally 
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examine HIE usage in an ED encounter using a logistic model with individual fixed effects at the encounter 
and hospital level. Findings from our regression are presented as marginal effects (ME) to allow for ease of 
interpretation.
 
Results 
We analyzed 1,152,710 emergency encounters in the INPC between 2011 and 2017. Overall, HIE was 
accessed in 7.7% of all encounters. HIE usage in the ED increased gradually over time from 0.3% in 2011 
to 41.4% in 2017. In bivariate analysis HIE usage in an encounter was most likely when the patients were 
40 – 65 years old (12.7%), female (8%), multiracial (52.9%,) or on Medicaid (19.8%). At the hospital level, 
HIE was most used in hospitals that had yearly capital expenses in excess of $50 million (12.5%), more than 
66,000 ED visits (13.4%), more than 350 beds (9.8%), had a network membership (9.4%) or were academic 
medical centers (AMCs, ME:12.6%). All bivariate analyses were significant at p<0.001. Findings from our 
logistic analysis suggest that at the encounter level patient age (ME: 10% higher in 40 – 65 year olds 
compared to 0 – 18 year olds), patient race (ME: 4.4% higher in Blacks compared to White) , and payer type 
(ME: 5% and 9% higher in Medicaid and Medicare compared to Commercial insurance) were significantly 
related to higher HIE use. At the hospital level, HIE use was significantly related to higher yearly ED visits 
(ME: 12% higher for hospitals with >66,000 visits/year compared to those with less than 66,000 visits) and 
in AMCs (ME: 7% compared to hospitals that were not AMCs). Further, HIE use increased significantly 
over time with a 11% higher HIE use in ED encounters in 2017 compared to 2011, all else being equal. All 
marginal effects were significant at p <0.001. 
 
Discussion 
Overall, based on analysis of objective measures of access, HIE use increased over time from 2011 to 2017. 
Further, HIE use was also higher in encounters with older patients, as well as those who were on Medicaid 
or Medicare. These findings may be due to a combination of factors related to patients being sicker, 
presenting with complex cases and/or possibly having more prior information in the HIE. Additionally, for 
Medicaid and Medicare patients, the higher use may also be driven by federal incentive programs. ED 
encounters in hospitals with higher yearly ED visits or in AMCs also related to greater HIE use. Providers in 
“busier” EDs may view HIE as a time-saving mechanism to quickly access prior patient data. On the other 
hand, the higher use in AMCs may be the result of generally greater use of novel technology in these 
hospitals. Future research may also seek to explore query-based HIE usage in the context of factors related 
to the user such as role (nurse, physician, resident etc.), specialty, age etc. 
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Introduction

The growing number of health data breaches10 and the recent revelations about the use of free genealogical databases
for law enforcement purposes8 are increasingly eroding public trust in social media, genealogy websites (e.g., 23andMe
and Ancestry.com) and personalized medicine initiatives (e.g., the U.S. All of Us Research Program and the U.K.
100,000 Genomes Project), worldwide. Guaranteeing individuals’ genetic privacy is becoming a major challenge for
those who want to encourage sharing of medical data for research purposes and better personalized medicine. In
response to this demand, the computer security community has made a remarkable effort in providing solutions to
secure the storage3, and the processing of genetic data1, 2, 4–6. Yet, the issue of trust goes beyond the provision of
secure storage and processing. It is also intimately related to the question of control over what data is shared and what
information it conveys. In this paper, we introduce GenoShare, the first decision-support framework that provides
individuals with guidance at the time of deciding what data can be shared without risking the undesired disclosure of
sensitive information.

Methods

Let’s assume an individual wishes to share part of her genetic profile with a public or private third party in order to join
a personalized medicine study or obtain some genetic-related services, but she is concerned about her genetic privacy.
Upon reception of a request for genetic data sharing, such an individual can use GenoShare to quantify the risk of
sensitive attribute disclosure associated to revealing those data. To this end, GenoShare simulates the combination of
inference attacks relevant to the privacy concerns of the individual (e.g., revealing the participation in a sensitive study,
revealing undisclosed kinship, revealing predisposition to certain health conditions) and, based on the information
available to the adversary, measures the risk of a potential privacy breach. We consider that a realistic adversary
could have access to: (i) part of the individual’s genetic profile obtained in the past, (ii) the statistical regularities
within the genetic population to which the individual belongs (e.g., linkage disequilibrium, allele frequencies), (iii)
the effect-size statistics of the genotype-phenotype association, (iv) the genetic profiles of the individual’s relatives
who might have already joined the study, and the (v) aggregate statistics from other studies in which the individual
might have participated. GenoShare is a modular framework and enables different parameterizations (i.e., different
levels of adversarial prior knowledge) and the instantiations of different inference attacks, according to the data-sharing
context (Fig. 1). Furthermore, GenoShare provides a mechanism, based on the generation of synthetic genomes called
avatars, to protect individuals’ genetic privacy from inferences stemming from decision to not release the requested
data. Technical details about the methods are described in the full version of the paper7.

Results

To show how GenoShare can, in practice, support privacy-conscious decisions when sharing genetic data, we imple-
ment an operational prototype and instantiate it with three of the most important genomics-oriented inference attacks
that we re-adapted to work on a joint manner and on adversarial partial knowledge: the phenotype inference attack, the
membership inference attack and the kinship inference attack. For our experiments, we used individual genetic profiles
from the 1,000 Genomes Project9 and considered different data-sharing use cases where the adversary has access to
an increasing amount of information about the targeted individual. For example, for a given individual, GenoShare
shows that revealing her genetic variants related to schizophrenia (400 variants) introduces a risk of almost 100% of
leaking the value of her predisposition to bipolar disorder and her participation in a study with less than 50 people,
and a risk of 60% of leaking her kinship with a first-degree relative who might be known by the adversary.
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Figure 1: High-level representation of the GenoShare framework.

Conclusion

Academic solutions for privacy-preserving sharing of genetic data that provide formal guarantees of privacy, such as
differential privacy, have mostly focused on data perturbation. Such solutions, however, have not been adopted by
the medical sector as (i) they are only suitable for protecting genetic privacy when aggregate information is shared
and (ii) they damage the utility of the data such that is then unusable by practitioners. As opposed to these solutions,
GenoShare quantifies the risk of sensitive attribute disclosure when individual and exact genetic data is released by
using novel meaningful sensitive attribute-oriented metrics and by considering realistic adversaries with limited and
parametrizeable background knowledge. Finally, to the best of our knowledge, GenoShare is also the first framework
to jointly consider relevant attacks in genomic privacy in presence of incomplete information.
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Introduction 

Healthcare systems broadly deploy predictive algorithms because of their ability to find subtle patterns in vast amounts 

of data. These patterns have diverse uses, including risk scoring for population health programs, anticipating patient 

utilization patterns, managing the supply chain, and ensuring strong data security. However, some have raised 

concerns that the algorithms may track not only the health trajectory of patients but also the biases of the systems that 

deliver their care. This phenomenon, wherein algorithms systematically and unfairly advantage certain groups, is 

referred to as algorithmic bias. 

UCLA Health developed a predictive algorithm to estimate risk scores for its approximately 380,000 primary care 

patients. In the design of predictive algorithms, the choice of outcome (or label) is crucial for aligning model estimates 

with program goals. The goal of the UCLA Health program is to identify patients most in need of a health management 

program designed to deliver proactive, preventive care. Therefore, we defined our predicted outcome in terms of future 

admissions and ED visits. Algorithmic bias was also a concern, so part of our model validation process included an 

effort to detect such bias.  

A recent study by Obermeyer et al. found evidence of racial bias in a predictive algorithm that is currently deployed 

nationwide to identify and help patients with complex health needs1. Trained using year-ahead patient expenditures 

as the predicted outcome, the algorithm assigns risk scores to patients, with those above a certain threshold targeted 

for intervention. Obermeyer et al. found that among patients with the same level of algorithm-predicted risk, black 

patients had significantly worse health status when compared with white patients. To explain this finding, they 

hypothesized a bias mechanism where a wedge creeps in, correlated with race, between needing health care and 

receiving health care and resulting in the generation of lower expenditures for black patients. Thus, higher costs, not 

actual health status, inappropriately drive the targeting process. We replicated this analysis with our non-cost clinical 

outcome and found that algorithmic bias was greatly diminished or even completely resolved. 

Outcome definition 

We set out to construct an outcome that would be a good proxy for unmet patient health needs. Therefore, the label 

attempts to exclude unplanned utilization that is largely due to random factors, as well as certain types of predictable 

utilization that we do not wish to prevent. First, we defined a predictable admission as a non-trauma, non-newborn 

delivery admission; newborn delivery admissions, though predictable, are excluded since we do not wish to prevent 

them. Next, we defined a predictable ED visit as one with a principal diagnosis in a CMS Condition Category. Our 

outcome is defined as a 12-month period with at least one predictable admission or one predictable ED visit, or with 

two or more admissions or ED visits of any kind. We included two or more admissions or ED visits of any kind 

because they may be diagnostic of an underlying health condition that is not receiving adequate care. 

Methods 

We focused our analysis on comparisons between self-identified black and white patients. Black patients (15,403) 

were 61.8 percent female, with an average age of 51.8. White patients (164,395) were 53.7 percent female, with an 

average age of 51.4. Our training data set included over 200 features from four general categories: (i) patient 

background/demographic features; (ii) prior utilization features; (iii) medical diagnoses; and (iv) lab/test results. Our 

data was constructed from electronic medical records, claims data, and the University of Wisconsin’s Area Deprivation 

Index (ADI). Self-identified race was included in the training set, in contrast with the algorithm reviewed by 

Obermeyer et al., which specifically excluded race. 

A gradient tree boosting algorithm was trained on an 80 percent subsample using 5-fold cross-validation, and then 

predictions were generated for a 20 percent hold-out set. Average performance metrics over the training sample were 

nearly identical to those found on the hold-out set, thus allaying concerns about overfitting. The number of chronic 

illnesses was the most important feature, accounting for nearly 20 percent of the algorithm’s accuracy. Other important 

features included several prior utilization measures, patient age, count of medications, body mass index, hypertension 
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status, hemoglobin score, and patient ADI. We tested for algorithmic bias by comparing health outcomes between 

racial groups conditional on risk score1. Formally, for black patients 𝐵 and white patients 𝑊, we compare health status 

𝑌 conditional on risk score 𝑅. Under this criterion, the equality 𝐸[𝑌|𝑅,𝑊] = 𝐸[𝑌|𝑅, 𝐵] indicates no algorithmic bias. 

Results 

First, we compared health status as measured by the 

number of active chronic illnesses. Figure 1 shows that 

black and white patients in this population have nearly 

overlapping illness burdens at all levels of algorithm-

predicted risk. The 97th percentile risk score is the 

approximate threshold at which patients are flagged for 

the health intervention (represented by the dashed 

vertical line). Conditioning on this score, the difference 

between races was small but statistically significant: 

Black patients had an average count of 7.6 active 

conditions versus 8.2 conditions for white patients (𝑝 =
.026). To check the robustness of these results, we also 

trained our algorithm while excluding the race feature. 

The effect of removing race was small but resulted in 

even greater overlap in the curves. At the 97th percentile 

score, black patients now had an average count of 7.9 

active conditions versus 8.2 for whites, a non-significant 

difference (p>.05). We repeated the analysis by 

representing health status with several lab measures that 

track the severity of specific diseases. Results varied: 

Conditional on risk score, black patients displayed higher 

blood pressure and creatinine levels, while there was no 

clear difference between groups in hemoglobin levels. 

Discussion 

Our analysis found small differences between black and white patients in average illness burdens when conditioning 

on risk score, with whites having a slightly greater number of active conditions. A plausible interpretation of this result 

is that, on average, black patients face greater risks outside the domain of chronic disease compared to white patients. 

Indeed, the mixed results of our lab measures supports this interpretation, with black patients showing greater disease 

severity on some metrics. Crucially, our results contrast strongly with Obermeyer et al., who found that black patients 

had markedly higher illness burdens and worse lab results at nearly all levels of estimated risk. The differences they 

documented were larger in magnitude relative to their standard errors when compared to our findings. For instance, at 

their 97th percentile risk score, Obermeyer et al. found black patients to have 26.3% more chronic illnesses, with an 

average count of 4.8 conditions versus 3.8 conditions for white patients (p<.001). 

The outcome in our study was designed to reflect clinical significance and clinical need as well as potentially 

preventable utilization, not specifically to address algorithmic bias. Although it was not our original objective, we 

found that our approach greatly reduces or perhaps eliminates the bias documented by Obermeyer et al. In our 

algorithm, a patient’s number of chronic illnesses, an apparently valid proxy for overall health, was the best predictor 

of our clinical outcome. These results support our belief that there is a close causal connection between patient health 

status and ED visits and admissions. If true, this implies that our outcome should be less susceptible to the 

hypothesized wedge between the demand for care and the provision of care since there is less opportunity for biasing 

factors to exert their influence. We hope our findings inspire other health systems to explore clinical outcomes that 

more directly reflect health status when they design predictive algorithms to estimate risk in their primary care 

populations. 
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Figure 1: Count of chronic illnesses by race. The × 

symbols show risk percentiles; circles show risk deciles. 

The dashed vertical line shows the approximate decision 

threshold for enrollment in the health intervention. 
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Introduction 

Pediatric cancer is the leading cause of death in children past infancy and leukemia accounts for approximately 40% 
of all childhood cancers in the US. Currently, most research on pediatric cancers have been conducted with data from 
clinical trials or cooperative group cohorts. While these data sources are usually very accurate, they are limited in 
scope, both by the number of patients captured as well as breadth of data points, and are subject to selection bias. By 
contrast, large clinical research network data provides researchers with a wider representation of the at-risk population. 
These data are also more accessible to researchers who are not pediatric oncologists participating in domain-specific 
clinical networks. However, its use is not without challenges. One of the major difficulties is that complex risk 
stratification is typically performed by expert review using criteria that are standard across different treatment centers. 
Risk stratification is often not readily available in EHR network data, as decisions rely on unstructured data such as 
biopsy results and molecular analyses, and lack a formal terminology that can be discretely entered into the EHR. 
However, risk stratification is a critically important factor to consider in studies using network data, since treatment 
protocols, rates of relapse, adverse events, death, and other outcomes of interest vary significantly across risk strata. 
Both the organization and scale of networks make it difficult to systematically classify patients manually and track 
this classification across studies. To date, there have been no network observational studies that have successfully 
integrated the risk stratification with clinical data. The goal of this project is to develop an algorithm from network 
data to classify patients with acute lymphoblastic leukemia, the most common childhood cancer, as low/standard or 
high risk, replicating the manual risk stratification currently used by clinical trial protocols. 

Methods 

PEDSnet is a large clinical data research network and learning health system that comprises clinical data from seven 
children’s hospitals and over 6 million children in the US. Clinical data are all standardized to the OMOP common 
data model (CDM) v5.0, with several extensions and adaptations to optimize compatibility with other CDMs or for 
the use-case of pediatric patients. All clinical facts are mapped to standard ontologies or terminologies. To identify 
patients with liquid cancers in the database, a recently published computable phenotype algorithm developed in 
PEDSnet was executed, and chart review was used to confirm diagnosis of ALL and to ascertain physician-assigned 
risk classification. Potential features for inclusion in machine learning were constructed based on domain expertise 
and factors associated with clinical trial risk stratification.  
 

 

Given the cohort size and number of features specified, we chose decision tree-based learning to develop the classifier.  
We selected Bayesian Additive Regression Trees (BART) as the algorithm best suited to this study. Traditionally, 
decision trees (e.g., CART) employ recursive partitioning at each node in order to identify the best attribute and split 

Domain Feature 

Demographics Age at diagnosis, race, sex 

Chemotherapeutic Drugs Monthly dose counts of daunorubicin, vincristine, cytarabine, nelarabine, 
pegaspariginase, leucovorin, and cyclophosphamide during first 5 months of 
treatment 

Lab Values White Blood Cell (WBC) at start of treatment and monthly minimum Absolute 
Neutrophil Count (ANC) during first three months of treatment 

Days Hospitalized Total days hospitalized during first 6 months of treatment 

Transfusions Number of transfusions during first 5 months of treatment 
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point, making it susceptible to overfitting. In contrast, BART uses several trees, and the final predictive model is the 
average of all the trees. The output of BART can be used to calculate a predicted probability for each patient in the 
test sample. As a result, BART is able to address nonlinearities and multiple interaction effects without requiring much 
as much supervisory input. We selected BART based on this flexibility and the stability inherent in its computations.  

Results 

In this pilot analysis, we used data from the single PEDSnet site, Children’s Hospital of Philadelphia (CHOP), with 
the largest childhood cancer cohort. We identified a total of 170 patients with de novo ALL and labeled them as either 
low/standard-risk or high-risk. Of the 170 total patients, approximately 70% of the total sample was used to train the 
data and 30% was used for testing.  

The BART output yielded predicted probabilities clustered toward the extremes (Figure 2). When 0.5 was selected as 
the classification threshold, the model demonstrated precision of 0.93 and recall 0.96. Figure 3 plots the ROC curve 
for the test output of the dataset. The mean predicted probabilities ranging from 0.2 to 0.8 contain larger confidence 
intervals than those where the probabilities are outside of this range.  

 

Conclusions 

We have a highly effective automated classifier for risk status in a cohort of children diagnosed with ALL. This tool 
can be used to generate quantitative estimates of risk stratum in contexts where manual review is not feasible, such as 
large-scale, multi-site cohort studies. We intend to augment this single-institution pilot with evaluation across all 
PEDSnet institutions. This extension will both allow creation of a larger training set to reduce the confidence interval 
size for predicted classification probabilities, and allow us to assess the generalization of the model across clinical and 
data collection practices at multiple institutions.

 

Transfusions in First 5 Months of Treatment Hospitalization Days in First 6 Months of Treatment 

Figure 1. Selected features included in the BART model 

Figure 3. ROC curve of training sample predicted probabilities Figure 2. Predicted probabilities from BART model 
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Introduction 

The 25.7 million patients with limited English proficiency (LEP) in the United States have less access to 

care.1,2 Emerging technologies, like telehealth, can ameliorate disparities in access. Previous studies have identified 

disparities in telehealth use among underserved populations, including low income and rural patients, but there is little 

data on telehealth use by patients with LEP.3 Our study had two research objectives: 1) assess the association between 

limited English proficiency and telehealth use, and 2) evaluate the impact of telehealth on care for patients with LEP. 

Methods 

We performed a pooled analysis of the 2015-2018 adult California Health Interview Survey (CHIS). The 

CHIS is a cross-sectional, population-based telephone survey administered biannually. The survey is conducted in six 

languages. The adult response rate was 47.2% in 2015, 44.6% in 2016, 63.0% in 2017, and 42.3% in 2018. In the first 

part of our analysis, we examined telehealth use (“During the past 12 months, did you receive care from a doctor or 

health professional through a video or telephone conversation rather than an office visit?”) among patients with LEP 

as compared to English proficient patients adjusting for potential confounders (demographics, insurance status, and 

health status). To control for Internet access with limited our analysis to the survey from 2015-2016 since Internet was 

not evaluated in 2017-2018. In the second part of our analysis, we limited our sample size to patients with LEP only 

and evaluated the association of telehealth use with 1) delays in care and 2) Emergency Department utilization in the 

past year. We used survey-supplied weights to produce population estimates. Analyses were performed using SAS 

statistical software version 9.4 (SAS Institute Inc). 

Results 

This study included 84,419 respondents, representing a population estimate of 29,406,792 people; 15% were 

LEP (n= 8,063, representing 4,410,605 respondents). Patients with LEP were older, female, less educated, poorer, less 

likely to have a usual source of care, more likely to be uninsured or have Medicaid as their insurance, and more likely 

to report worse health status. In bivariate analysis, patients with LEP had a lower rate of telehealth use (4.8% vs. 

12.3%, p<0.001). In adjusted analysis, patients with LEP still had a lower likelihood of using telehealth (OR: 0.56, p 

= <0.001) (Table). We also found lower likelihood of telehealth use among Asian patients, Medicaid and uninsured 

patients, and patients from rural areas. We found increased telehealth use among patients reporting worse health status. 

After controlling for Internet access, we still found that patients with LEP were less likely to report using telehealth 

services (0.06, p = 0.046). Additionally, we found that patients without internet use were less likely to report telehealth 

use (OR: 0.47, p = <0.001). 

In the subgroup analysis of patients with LEP, there were no significant sociodemographic differences 

between patients using and not using telehealth use. For LEP patients, the use of telehealth had no impact on delays 

in medical care or prescriptions. Telehealth use was associated with a higher likelihood of having an ED visit in the 

past year (OR: 2.77, p=0.003).  

Conclusion 

Our study reveals disparities in telehealth use among patients with LEP compared to English-proficient 

patients, providing further evidence of digital disparities. Of note, telehealth use was associated with increased rather 

than decreased ED utilization. Telehealth, as implemented, has the potential to exacerbate health disparities. As 

telehealth use expands, especially during the COVID-19 pandemic, policy makers and providers must focus on 

technology equity that promotes linguistically equitable care through telehealth and decreases the digital divide. 
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Table.  Multivariable Relationship between English Proficiency and Telehealth Use* 

 Telehealth Use Model 1 

(2015-2018) 

Telehealth Use Model 2** 

(2015-2016) 

 Odds 

ratio 

95% CI p-value Odds 

ratio 

95% CI p-value 

English Proficiency (ref: 

English proficient) 

       

Limited English proficiency  0.56 0.42 0.75 <0.001 0.60 0.37 0.97 0.036 

Internet Use (ref: No Internet)         

Used Internet in past year -- -- -- -- 0.47 0.36 0.60 <0.001 

Federal Poverty Level (ref: 0-

99% FLP) 

       

100-199% FPL  0.93 0.72 1.21 0.603 0.93 0.62 1.40 0.721 

200-299% FPL 1.92 0.93 1.52 0.161 1.12 0.72 1.71 0.641 

> 300% FPL 1.28 1.02 1.62 0.037 1.19 0.78 1.81 0.414 

Race/Ethnicity (ref: white, 

non-Hispanic) 

       

African American, non-Hispanic 1.13 0.89 1.44 0.304 1.21 0.81 1.83 0.347 

Asian, non-Hispanic 0.76 0.63 0.91 0.004 0.74 0.54 1.02 0.062 

Hispanic 0.88 0.75 1.04 0.135 0.86 0.63 1.18 0.351 

Other 0.93 0.72 1.21 0.583 0.75 0.46 1.23 0.254 

Health Status (ref: Excellent)        

Poor 3.01 2.38 3.81 <0.001 3.56 2.35 5.41 <0.001 

Fair 2.02 1.57 2.58 <0.001 2.07 1.47 2.90 <0.001 

Good 1.58 1.23 2.03 <0.001 1.65 1.22 2.23 0.001 

Very Good 1.25 1.05 1.50 0.015 1.28 0.94 1.76 0.119 

Insurance (ref: Employment-

based) 

       

Uninsured 0.55 0.36 0.84 0.005 0.69 0.30 1.61 0.390 

Medicare 1.14 0.83 1.56 0.412 1.17 0.73 1.85 0.514 

Medicaid 0.66 0.54 0.80 <0.001 0.67 0.47 0.96 0.072 

Private Purchase 0.84 0.66 1.08 0.167 0.69 0.53 0.89 0.004 

Other Public Insurance 0.92 0.55 1.54 0.755 1.16 0.47 2.86 0.746 

Source of Care (ref: No Usual 

Source of Care) 

       

Has usual source of care 2.47 1.88 3.24 <0.001 2.44 1.52 3.90 <0.001 

Location (ref: Metropolitan)        

Non-Metropolitan 0.60 0.47 0.76 <0.001 0.51 0.35 0.77 0.001 

*Models also controlled for marital status, sex, education level, age 

**Only includes data from 2015-2016 since Internet was not evaluated in 2017-2018  
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Introduction 

Clinical trials are often considered the foremost authority in developing medical evidence because of their 
methodological strengths. However, they can be hindered by substantial limitations and challenges, including patient 
recruitment, high operational costs, and limited generalizability1,2. To better address these considerations, healthcare 
data that is routinely collected, otherwise labeled as real world data (RWD), can be leveraged3. Database specific 
RWD – such as electronic healthcare records (EHRs), administrative claims databases, and registries –  can be 
particularly useful because they provide large amounts of patient data collected in a generally standardized format that 
can inform clinical trial estimates and parameters. Although the use of RWD sources for clinical trials is becoming 
more common, there remains minimal synthesis on how often which types of data are used and for which purposes. 
This study aims to synthesize prominent uses and themes of database specific RWD sources for clinical trial conduct, 
identify potential knowledge gaps that persist based on the evaluated literature, and ultimately suggest future 
opportunities to better leverage RWD for clinical trial conduct. 

Methods 

Using a scoping review methodology, we queried PubMed, EMBASE, and CINAHL to identify research articles 
focused on RWD for clinical trial conduct published between January 2009 and early February 2020. Primary 
inclusion criteria required articles using database-specific RWD (EHRs, claims, or registries), focusing on clinical 
trials or clinical trial conduct, and involving US-based RWD sources. After double review of abstracts and full-text, 
we manually extracted pertinent characteristics for synthesis, including article objective, RWD characteristics, 
population of interest, intervention or methodology used, outcome or evaluation metric, primary findings, and 
limitations mentioned. Based on the extracted findings, we proposed a conceptual model for mapping the relevant 
literature. Within each conceptual category of the model, we defined common themes to detail how RWD has been 
used in which contexts. After synthesis, we proposed potentially overlooked areas for future research.  

Results 

89 articles were ultimately included in the scoping review: 18 clinical trials, 20 clinical trial protocols, and 51 
methodology papers; of the methodology articles, the majority (34) focused on generalizability of clinical trial findings 
while the remaining articles focused on either aspects of the clinical trial process (e.g. predicting enrollment) or 
dissemination evaluations (e.g. data representation feasibility assessments of trial components in a RWD format). Of 
the 38 clinical trials and clinical trial protocols, 33 used EHRs, 8 used claims, and 5 used registries. Of the 51 
methodology articles, 26 used EHRs, 21 used claims, and 22 used registries. Figure 1 provides the proposed 
conceptual model for synthesis. Articles could qualify for multiple categories. We identified 4 primary categories:  

(1) “Trial Process”: This category includes articles expressing use of RWD within an operational aspect of conducting 
an actual clinical trial. We identified 5 phases within this process: (1) planning processes; (2) recruitment or screening 
of patients; (3) interventions reliant on RWD; (4) baseline statistics procurement; and (5) follow-up assessment. Most 
of these articles were published pragmatic clinical trials or protocols, often assessing if the interventions of interest 
improve healthcare utilization (such as use of preventive services or counseling services), patient empowerment, or 
support for clinicians. 

(2) “Trial Knowledge Dissemination”: This category represents articles focused on methods for dispersing a 
conducted clinical trial’s methods or results for further external validity assessment. A prominent methodology within 
this category were articles that attempted to propose at-scale guidelines for representing trials within a RWD setting 
in order to assess the feasibility of replicating them or using them for generalizability assessments.   
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(3) “Generalizability”: This category represents articles that apply a particular strategy for analyzing a conducted 
clinical trial’s external validity for a selected situation of interest. There were three primary strategies identified: (1) 
criteria impact on patient attrition; (2) baseline statistics comparison; (3) outcomes comparison. Most articles in this 
category selected efficacy trials in cardiovascular disease or oncology, approximated rule-based phenotypes for 
eligibility criteria, identified RWD patients that qualified for the criteria, and then proceeded with either estimating 
how many RWD patients qualified for the trials or assessing if RWD findings were similar to trial findings. Findings 
from these articles tended to be mixed depending on the trial(s) being compared against.   

(4) “Generalizability Dissemination”: The final category of the conceptual model encompasses articles that explore 
the process of leveraging generalizability assessments to explicitly inform clinical trial design. Although we found no 
qualifying articles, we proposed this category to enumerate a pathway in which generalizability findings can 
potentially be leveraged to inform clinical trial design. 

Figure 1. Proposed conceptual model of RWD use in clinical trial conduct, including number of relevant research 
articles identified within each category 

 

Discussion 

In the context of all available clinical trials, we found a surprisingly low number that specified using RWD within 
their execution and designs. This finding could potentially allude to practical barriers in RWD attainment, lack of 
reporting within publication, or an actual reflection in minimal use of RWD within US-specific trials. Among the trials 
identified, the majority were focused on effectiveness. In contrast, the majority of generalizability articles focused on 
comparing approximations from RWD to efficacy trials. Despite these differences, our synthesis suggests a potential 
cyclical process in using RWD within the conduct of clinical trials. The categories of process, dissemination, and 
generalizability assessment reflect the generation, communication, and evaluation of medical evidence from clinical 
trials, respectively. This suggests RWD is a promising catalyst to improve the consistency and impact of clinical trials. 

There exists a number of gaps for using RWD within the conduct of clinical trials, including underuse of RWD for 
planning processes and few articles exploring an explicit dissemination methodology from clinical trials to 
generalizability assessments, and vice versa. Potential opportunities for research explorations include better 
incorporating RWD into efficacy designs, incorporating RWD into real-time planning, and better coordination of 
clinical trial efforts and generalizability efforts. One example opportunity is to incorporate optimization of eligibility 
criteria in trials through RWD analyses, exploring potential strengths and limitations of criteria, individually or jointly.  

Acknowledgments: This project was funded by NLM grants R01LM009886, R01LM006910 and 5T15LM007079.  
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Introduction

We focus on applying supervised learning to prognostication to improve decisions affecting the end of life of cancer
patients, such as timing for goal of care conversations1, to increase alignment of care delivery with their priorities,
decrease chemotherapy use in the last two weeks of life and increase length of stay in hospice. Several works on this
topic have been published recently2, 3.

Machine learning solutions are best employed as tools to augment clinical decision making, not simply taken at face
value. Therefore if a machine learning model is not directly interpretable (e.g. as a decision tree), its predictions
should be delivered with explanations. Explanations can improve a clinician’s ability to discern the validity of a
prediction. SHapley Additive exPlanations (SHAP)4 is an approach to produce model explanations via game theory.
For a prediction, the explanations consist in weights ranging from -1 to 1 associated to each feature. A value close
to 1/ − 1 indicates high weight in predicting the positive/negative class. Values close to 0 carry negligible weight.
A machine learning model can have several hundreds of features (variables). Therefore, the SHAP explanations of a
prediction consist in hundreds of values in the (−1, 1) range. In such a format, they would be only understandable to
machine learning experts, especially if associated to highly engineered features. Hence, we needed to further process
the SHAP explanations to support clinicians. To the best of our knowledge, this is the first clinical decision support
dashboard for mortality prediction that automatically translates SHAP explanations for clinicians.

Methods

With the goal to predict 90 day mortality (potentially useful to time goal of care conversations for cancer patients),
we considered a cohort of 18, 797 in/outpatients and their EHRs between the years 2013 and 2017. From patient
demographics and time series of variables in the EHR such as lab results, vitals and functional scores, we extracted
205 features (e.g. median and standard deviation of the albumin level over an observation period up to 6 months). We
split the cohort into a cross-validation/training set (n = 14, 431) and an evaluation set (n = 4, 366) using a temporal
criterion to reduce risk of leakage. About 2.5% of the patients in the evaluation set died within 90 days from the
dates of prediction. The median ages of the alive and deceased patients were 62 and 65, respectively. We used 5-fold
cross-validation to tune a gradient boosted tree model (XGBoost implementation).

We produce prediction explanations via SHAP. The explanations with the highest weights towards the positive class
are automatically translated into clinically understandable language via rules based on feature name, value and cohort
ranges. We define most of the feature names with the format <variable> <operator> (e.g. albumin max), to allow
a broad application of few translation rules. Our model uses multiple features for each clinical variable (e.g. median
and min values of the Albumin labs in the 6 months up to the date of prediction). The highest cumulative weights of
the SHAP values for a clinical variables determine the plots to display on the dashboard and are potentially associated
with the highest impact on mortality. Generally, the set of the most salient plots varies across patients.

Results

On the evaluation set, areas under the receiver operating characteristic curve (AUROC) and under the precision-recall
(AUPRC) curve were 0.89 and 0.41, respectively. We set a decision threshold for a precision of 70% to limit potential
falsely flagged cases. The consequent recall was 16.4% equivalent to 29 flagged patients (0.66% of the set), 20 of
which true positives. We validated prospectively a version of the model, based on demographics and lab time series,
via a silent pilot running daily since the end of September 2019 (for 9.29-11.30.2019: n = 37, 485, AUROC = 0.85,
AUPRC = 0.39).

We display the simplified components of the dashboard for one of the false positive patients in Table 1 and Figure 1.
The patient was predicted to die within 90 days but actually was still alive over one year after the date of prediction.
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Table 1: Translated explanations of the 10 most predictive variables for an incorrectly flagged patient.

Variable Value L ref U ref Clinical Translation

min(albumin) 2.7 3.5 5 Albumin range is 2.7-3.7 during observation period
latest lower gap(albumin) -0.3 3.5 5 Latest albumin test is 0.3 below lower reference value
latest lower gap(ALP) 597 38 126 Latest Alk. Phos. test is 597 above lower reference value
std(weight[kg]) 4 Large fluctuations for weight in Kg
count(weight[kg]) 18 Weight in Kg ordered/taken many times during observation period
max(ALP) 635 38 126 Alk. Phos. range is 115-635 during observation period
max(Karnofsky) 70 80 100 Karnofsky range is 40-70 during observation period
latest upper gap(ALP) -509 38 126 Latest Alk. Phos. test 509 above upper reference value
std(BMI) 0.85 18.5 30 Large fluctuations for BMI

Figure 1: Plots of the 4 clinical time series with highest cumulative SHAP weights (ALP, albumin, weight[Kg], Karnofsky score)
for a falsely flagged patient. Lab tests are mostly outside reference ranges, but Karnofsky score trends towards improvement.

Discussion

In this example, the plot showing performance status (Karnofsky) improvement may queue clinicians to the false
positive nature of this prediction (Fig. 1). Generally, explanations of predictions of machine learning models do not
have the ability to discern clinical causes of events. For example, a high count of weight taken (Tab. 1) is not by itself
a risk factor for mortality. However, it may be correlated with high counts of visits, long in-hospital stays and hence
with possibly worsening patient’s conditions.

Machine learning has great potential to augment clinical decisions. We plan to further refine the dashboard and
evaluate extensively how it can help clinicians to better interpret and debug predictions of machine learning models.
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Introduction 

In December 2019 a novel coronavrius (COVID-19) was discovered in Wuhan, China. By mid-February 2020, the 
virus spread across the US, resulting in hundreds of deaths. To prevent greater transmission, our urgent care clinic 
developed a video visit home-screening program for patients with respiratory symptoms to avoid the further spread 
during transportation or while waiting for appointments or diagnostic tests. 

Methods 

This presentation will describe how we addressed the challenges of increasing our video visit capacity and 
establishing a wholly virtual COVID-19 video visit screening clinic, called the Virtual Acute Care Clinic (VACC). 

Program Description: We utilized Epic electronic health record (EHR), and Zoom for video visits. These were 
“unintegrated” visits (patients logged separate from any patient portal, providers logged in outside of the EHR). This 
allowed for provider flexibility if Zoom failed (to switch to alternative video service), and the patient did not require 
access to the MyChart patient portal. The VACC evaluated medium risk patients (triaged as needing evaluation 
within the next 48 hours) (Figure 1). Providers evaluated patients via video, and ordered any necessary diagnostics 
or therapies. COVID-19 tests and chest X-rays were performed at COVID-specific Respiratory Screening Clinics 
(RSCs). The core VACC team included just four people, a medical director, project coordinator, program manager, 
and technical lead. Details of their contributions will be discussed during the presentation. 

Key Elements: At our COVID Surge planning meeting on March 8, 2020, we identified key components of a 
successful virtual screening clinic: 1) widespread provider video visit training by leveraging a telehealth resource 
center (TRC), 2) developing efficient communication systems to deliver updated screening and testing protocols to 
providers, and 3) deploying direct patient self-scheduling to avoid tying up phone lines.  These interventions were 
implemented in just a two week span between March 11 and March 20. 

For recruitment and training, we used a redeployed workforce of quarantined or furloughed providers. Baseline 
telehealth experience varied greatly from having performed over 100 primary or urgent care video visits to surgical 
providers who had never done a video visit or used the Epic Ambulatory environment. The TRC website hosted 
training videos, and daily interactive Zoom “drop in” sessions. VACC-specific workflows were available on Google 
Slides, and discussed an hour prior to a shift to provide just-in-time updates to our referral and testing protocols. 

We developed novel and efficient communication systems for the virtual clinic environment. Our COVID note 
templates had embedded text-based clinical decision support (CDS) updated daily to reflect risk algorithms. Slack 
(not email) was used for cross departmental coordination, since the VACC sat at the intersection of our offices of 
Population Health (central scheduling), Ambulatory/Urgent Care, Emergency, Hospital Incident Command, and 
Clinical Informatics. The Voalte group chat feature (a HIPAA secure messaging service) created a virtual provider 
workroom where a clinician with urgent care video triage experience (medical director or her delegate) was always 
available for technical or medical advice. 

Lastly, self-directed symptom based triage and direct scheduling via our patient portal (Epic MyChart) allowed for 
rapid scaling without additional scheduling staff (Judson, 2020). We will discuss the strategic planning and key 
collaborations between clinical departments, as well as lessons learned for future large scale implementations. 

Outcomes and Lessons Learned 

Video visits increased in response to news and concern over the spread of COVID-19 (Figure 2). The number of 
VACC providers increased from 2 to 28, and patient visits went from 3 to 40 per day. The VACC provided up to 72 
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virtual visits per day for 8-12 hours a day. Clinic hours and staffing based on day/time demand data from prior 
week. Overall 1,508 visits were completed in VACC in the first three months.  

The VACC ultimately served as a learning lab to develop best practices in workflow and virtual clinical evaluation. 
Continuous communication and constant iteration were crucial to success, and aided by shared online tools. As 
COVID-19 case counts decreased in the Bay Area in May 2020, our providers became more experienced with video 
visits, and the video triage function was absorbed by the primary care practices. However, the VACC infrastructure 
is easily redeployable as a separate entity in the event of another pandemic or surge. 

Effective planning and communication between organizational departments, as well as strong institutional support in 
a time of crisis allowed for a rapid deployment of a video visit pilot to mitigate disease spread, and engendered a 
significant transformation of our delivery model in a very compressed time. 
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Figure 1. VACC Referral Flow and Triage 

 
Figure 2. Video Visit Trends over Time 
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Introduction 

Hypoglycemia related to anti-diabetic drugs (ADDs) is an important iatrogenic harm in hospitalized patients.(1) The 

National Quality Forum (NQF) has previously endorsed an electronic clinical quality measure (eCQM) for inpatient 

hypoglycemia reporting (NQF 2363).(2) The objectives of this study were to develop electronic queries of 

augmented Patient Centered Outcomes Research Network (PCORnet) data in three hospitals to measure inpatient 

hypoglycemia event rates according to NQF specifications, and validate query findings with manual chart review.   

Methods 

NQF 2363 Rate Calculation. The numerator was defined as hypoglycemic events (<40 mg/dL or <54 mg/dL) 

preceded by administration of rapid or short-acting insulin within 12 hours or an ADD other than rapid or short-

acting insulin within 24 hours, and not followed by a blood glucose (BG) value >80 mg/dL within 5 minutes, and at 

least 20 hours apart. The denominator was defined as an ADD day, which is an inpatient day with at least one ADD 

administered. The inpatient hypoglycemia rate for a defined period was the percentage of total number of events 

meeting the numerator case definition divided by the total number of ADD days.  

PCORnet Data and Electronic Query Development.  PCORnet is composed of clinical data research networks with 

shared informatics and governance structures.(3) PCORnet data tables from three hospitals were used to capture 

ADD information and BG results, and augmented with bed information tables for this study. SQL-based queries 

were centrally developed to identify BG events and ADD days based on NQF criteria, and distributed to sites.(4) 

Manual Chart Review Validation. Stratified random sampling for manual chart review was performed among 

inpatients who received ADDs between January 1, 2016 and December 31, 2016 at all sites, and yielded 321 BG 

events for numerator validation and 959 inpatient-days for denominator validation.  Manual chart review was 

considered the reference standard for determining if electronically-generated numerator and denominator data 

conformed to NQF electronic clinical quality measure criteria. Each BG event and ADD day were classified as 

either manual chart review positive or negative (MCR+/MCR-) or electronic clinical quality measure positive or 

negative (eCQM+/eCQM-). Sensitivity and specificity of the electronic queries were calculated with manual chart 

review as the reference standard.  

Results 

The sensitivity and specificity of electronic queries for hypoglycemia events were 97.3% (95% CI, 90.5%-99.7%) 

and 100.0% (95% CI, 92.6%-100.0%) respectively for BG <40 mg/dL, and 97.7% (95% CI, 93.3%-99.5%) and 

100.0% (95% CI, 95.3%-100.0%) respectively for BG <54 mg/dL (Table 1). The sensitivity and specificity of the 

query for identifying ADD days were 91.8% (95% CI, 89.2%-94.0%) and 99.0% (95% CI, 97.5%-99.7%). Of 48 

events missed by the queries, 37 (77.1%) were due to incomplete identification of insulin administered by infusion. 

Query misclassification from failed detection of insulin drips was related to intermittent and irregular documentation 

of insulin infusions in the electronic health record (EHR), which translated to less than up-to-the-minute capture of 

insulin administration in PCORnet datasets. Facility-wide hypoglycemia rates were 0.4%-0.8% (BG <40 mg/dL) 

and 1.9%-3.0% (BG <54 mg/dL); rates varied by patient care unit (Table 2).  
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Table 1. Performance Characteristics of Electronic Queries for Capturing NQF 2363 Criteria, 2016* 

 Sensitivity (95% CI) Specificity (95% CI) 

Measure Numerator MCR+ MCR-  

Blood glucose <40 

mg/dL 

eCQM+ 70 0 
97.3% (90.5% – 99.7%) 100.0% (92.6% – 100.0%) 

eCQM- 2 47 

Blood glucose <54 

mg/dL 

eCQM+ 125 0 
97.7% (93.3% – 99.5%) 100.0% (95.3% – 100.0%) 

eCQM- 3 76 

Measure Denominator MCR+ MCR-  

ADD days eCQM+ 506 4 
91.8% (89.2% – 94.0%) 99.0% (97.5% – 99.7%) 

eCQM- 45 404 
*Data are from a stratified random sample of N = 321 patients (321 BG events) receiving ADDs during hospitalization whose medical charts 
were reviewed to determine the accuracy of the queries in capturing NQF quality measure 2363. MCR (+) refers to identification of a BG event 

meeting all NQF numerator criteria based on manual chart review. MCR (-) refers to a BG event not meeting all NQF numerator criteria, or a BG 
event that meets NQF numerator criteria, but according to the medical chart, laboratory result is attributable to a measurement error and not a true 

hypoglycemia event. eCQM (+) refers to identification of a BG event meeting all NQF numerator criteria based on electronic data queries. eCQM 

(-) refers to a BG event not meeting all NQF numerator criteria, or a BG event that fails to appear in the results of the electronic data queries.  
ADD, anti-diabetic drug; BG, blood glucose; CI, confidence interval; eCQM, electronic clinical quality measure; MCR, manual chart review. 

 

Table 2. Hospital-wide and Unit-specific Hypoglycemia Event Rates as Defined by NQF 2363 Criteria and 

Captured by Electronic Queries, 2016* 

Location Blood Glucose Threshold 
Event Rate (%),  

BG <40 mg/dL (95% CI) 

Event Rate (%),  

BG <54 mg/dL (95% CI) 

All units <40 mg/dL <54 mg/dL ADD days   

Hospital A 134 473 20341 0.7 (0.6 to 0.8) 2.3 (2.1 to 2.5) 

Hospital B 183 665 22147 0.8 (0.7 to 1.0) 3.0 (2.8 to 3.2) 

Hospital C 78 340 17783 0.4 (0.4 to 0.5) 1.9 (1.7 to 2.1) 

MICU 

Hospital A 10 26 1525 0.7 (0.3 to 1.2) 1.7 (1.1 to 2.5) 

Hospital B 27 78 1699 1.6 (1.1 to 2.3) 4.6 (3.6 to 5.7) 

Medical-surgical wards 

Hospital A 89 341 15144 0.6 (0.5 to 0.7) 2.2 (2.0 to 2.5) 

Hospital B  --- --- --- --- --- 
*Unit-specific information was not available from hospital C. Hospital B does not have combined medical/surgical units.  
ADD, anti-diabetic drug; BG, blood glucose; CI, confidence interval; MICU, medical intensive care unit.  

 

Discussion 

Electronic queries were highly accurate in capturing inpatient hypoglycemia across three hospitals with different 

EHR systems that mapped their data to an augmented PCORnet common data model. Use of the common data 

model fostered efficient capture of the electronic quality measure across institutions.  Success across three EHR 

systems suggests the potential to extend hypoglycemia measurement to additional hospitals. Misclassification 

primarily resulted from failure of the queries in detecting all instances where insulin was administered by continuous 

infusion (‘insulin drips’), and was related to less than up-to-the-minute capture of insulin administration in the EHR. 

Substantial variation in inpatient hypoglycemia rates was found among the three participating sites, and among 

comparable intensive care units between sites. Such variation indicates potential opportunities for improvement 

through inter-institutional rate comparisons. Implementation of electronic capture of inpatient hypoglycemia events 

in non-PCORnet-participating facilities should be assessed, with particular attention to capture of insulin infusions.  
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Abstract  

We examined use of electronic health records (EHR) and electronic health information exchange HIE based on data 

from the 2017 National Survey of Substance Abuse Treatment Services among hospital-based substance use 

disorder (SUD) programs. Only 64.4% reported use of “basic” EHR functionality (i.e., approximating the ONC 

definition of adoption of “basic EHR with notes”); acute care hospitals, non-profits, and those providing SUD 

medication treatment were more likely to do so. In addition, use of “basic” EHR functionality was the strongest 

predictor of electronic health information exchange (HIE), highlighting the importance of EHR adoption in 

specialty SUD settings.  

 

Introduction 

Substance use disorders (SUD) cause significant morbidity and mortality.1 Individuals receiving specialty SUD care 

in hospital settings are often among those with the most severe SUD and associated health complications. EHRs 

should play a critical role in managing the care of patients with SUD in these settings, and in facilitating electronic 

health information exchange (HIE) to next level of care providers. The Office of the National Coordinator (ONC) 

for Health Information Technology estimates that as of 2015, 96% of acute care hospitals had adopted at least basic 

EHR functionality in at least one unit of a hospital2 and as of 2017, 88% electronically sent HIE to next level of care 

providers.3 However, use of basic EHR functionality and electronic HIE from hospital-based specialty SUD 

programs may be lower. This is because specialty SUD providers are subject to a federal health privacy standard (42 

Code of Federal Regulations Part 2) that is considerably stricter than the Health Insurance Portability and 

Accountability Act (HIPAA), and EHRs have limited ability to manage these additional privacy requirements. 

Further, Part 2 covered programs may be disproportionately located in psychiatric hospitals—hospitals identified as 

having much lower ‘basic’ EHR adoption rates.2 The aim of this study is to estimate the use of EHR technology in a 

national sample of hospital-based specialty SUD programs and determine hospital characteristics that are predictors 

of using EHR technology and sending electronic HIE from these settings. 

Methods 

The National Survey of Substance Abuse Treatment Services (N-SSATS) is an annual census conducted by 

SAMHSA on all known SUD treatment facilities in the U.S.  In 2017, N-SSATS asked facilities whether their staff 

routinely used: 1) computer/electronic only, 2) paper only, or 3) both electronic and paper resources to accomplish 

specific clinical tasks. Specifically, whether a facility used any computer/electronic (i.e., computer/electronic only or 

both paper and electronic/computer) for: 1) assessment, 2) client progress monitoring, 3) treatment planning, 4) 

discharge, 5) issue/receive lab results and, 6) medication prescribing and dispensing. From these questions we 

defined an outcome of interest that approximates the ONC’s definition of adopting “basic EHR with notes” in at 

least one unit of the hospital. As a second outcome of interest we examined the use of sending electronic HIE, i.e., 

using either “computer/electronic only” or “both electronic and paper” (vs. paper only) to “send client health and/or 

treatment information from providers or sources outside your organization.” We computed estimates of “basic” EHR 

and of HIE from hospital-based N-SSATS providers, and using logistic models, examined the associations of each 

of these two outcomes with hospital characteristics available in the N-SSATS. Both models (“basic” EHR and HIE) 

included as explanatory variables: 1) hospital type (general hospital, psychiatric hospital, other), 2) profit-status (for-

profit, non-profit, government [state and local]), 3) whether the hospital accepts Medicaid, and, 4) whether the 

hospital provides medication to treat alcohol or opioid use disorders (i.e., SUD medications). Hospital profit status 

was included because it has been associated with EHR adoption4 and recent research suggests it may play a role in 
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quality of care in hospital psychiatric settings.5,6 Whether or not the facility accepted Medicaid was included because 

of its important role in funding SUD care for the poor. Whether the hospital provided SUD medications was 

included because it is an important evidence-based care for alcohol and opioid use disorders and we wanted to 

understand if hospital SUD programs that use these important evidence-based treatments are associated with the 

EHR and HIE outcomes. In addition to these hospital characteristics included in both models, the model predicting 

sending HIE additionally included whether the hospital reported use of “basic” EHR. We excluded from the analysis 

hospitals that had missing information regarding the “basic” EHR or the HIE outcome.  

Results 

Of the 1,024 hospitals responding to the 2017 NSSATS, N=124 (12.1%) were excluded from the “basic” EHR 

analysis due to missing EHR information. Of those remaining, 65.8% were acute care, 30.1% psychiatric and 4.1% 

other hospitals. Nearly two-thirds (64.4%, N=580) of these analyzed hospitals reported using “basic” EHR 

functionality in their SUD programs. In multivariate analyses, psychiatric hospital SUD programs were less likely 

than acute care hospital SUD programs to adopt “basic” EHR functionality (OR[95%CI]=.68[.48, .96]), as were for-

profit and government owned hospitals, compared to nonprofits (.24[.17, .36] and .55[.36, .83]). Hospital SUD 

programs providing SUD medications were more likely to use “basic” EHR functionality (1.50[1.05-2.16]). For the 

HIE analysis, an additional 149 hospitals were excluded due to missing HIE survey response.  Of the remaining 751, 

70.3% (N = 528) reported sending electronic HIE from their SUD programs, with “basic” EHR functionality 

(5.10[3.53, 7.29]) as the strongest predictor. Also predictive of HIE was being a government owned hospital 

(1.72[1.01-2.93]). Hospitals missing EHR information were relatively more likely to be acute care and relatively less 

likely to have more intensive SUD treatment programs or provide SUD medications. 

Conclusion 

Using “basic” EHR functionality and sending electronic HIE lag far behind among hospital-based specialty SUD 

programs compared to the use of these technologies in acute care hospitals. While earlier research noted that 

psychiatric hospitals had lower rates of EHR adoption compared to acute care hospitals,2 our current analysis finds 

that rates of basic EHR functionality is also lower in acute care hospital SUD programs compared to EHR adoption 

in acute care hospitals more generally. Hospital-based SUD programs providing SUD medications were more likely 

to use “basic” EHR functionality than programs not providing medications. Overwhelmingly, in specialty SUD 

programs the strongest predictor of sending electronic HIE was use of basic EHR functionality.  Two important 

limitations of this study are that the N-SSATS EHR functionality measures do not entirely map on to the ONC 

definitions of “basic EHR with notes”, and 12.1% and 30.3% of hospitals were excluded from the analysis due to 

missing EHR or HIE information respectively. Thus, our estimates may be biased by these exclusions. Nonetheless, 

this analysis offers new and important information regarding the use of important HIT functionality in hospital-

based specialty SUD settings. Policy efforts are needed to accelerate EHR/HIE adoption in psychiatric hospitals 

(such as through engaging the Centers for Medicare and Medicaid Innovation (CMMI) to test incentive payments 

for MH/SUD providers to adopt certified EHRs, as Congress has authorized in the SUPPORT Act of 2018). Efforts 

are needed to understand barriers to EHR/HIE use in SUD settings in acute care hospitals as well. Additionally, 

future policy efforts should aim to match the definitions of adoption in the N-SSATS with those used by the ONC.  
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INTRODUCTION 
Patient representation learning refers to learning a dense mathematical representation of a patient that 
encodes meaningful information from Electronic Health Records (EHRs). This is one particular promising 
direction of combining representation learning1 and large EHR datasets. In this study, we aim to investigate 
the methods of representation learning and the field of patient representation learning from EHRs through 
a methodological review of the literature. Research questions regarding learning resources, methods, 
applications, and potentials are desired to understand. We further discuss the challenges and potentials from 
the key findings of data extraction and conclude with a broader view. 

METHODS 
We identified studies developing patient representations from EHRs with deep learning methods from 
MEDLINE, EMBASE, Scopus, Association for Computing Machinery (ACM) Digital Library, and 
Institute of Electrical and Electronics Engineers (IEEE) Xplore Digital Library.  Papers that are eligible for 
inclusion in this review are characterized by (a) focus on patient representation learning, (b) use of patient 
data from longitudinal EHRs, and (c) utilization of deep learning or neural network models.  These criteria 
were applied to generate keyword searching queries for literature database search. Five databases were 
queried on Dec 31, 2019 with the following query:  

(“deep learning” OR “neural network”) AND patient AND (vector OR representation OR embedding 
OR vec) AND (“electronic health records” OR ehr OR “electronic medical records” OR emr).  

We followed the PRISMA guideline2 for literature screening. The full text of the included papers were  
reviewed to extract: publication date, venue/journal, representation learning approach, patient data type, 
EHR resources, proposed model(s), additional attributes to enhance the model, input data format, 
preprocessing methods, clinical outcome tasks, objective functions, evaluation metrics, disease(s), 
interpretability, computational cost, deep learning framework (e.g., TensorFlow) and code reproducibility. 

RESULTS 
After screening 362 articles, 48 papers were included for a comprehensive data collection. Publications 
developing patient representations almost doubled each year until 2019 (Figure 1). We noticed a typical 
workflow (Figure 2) starting with feeding raw data, applying deep learning models, and ending with clinical 
outcome predictions as evaluations of the learned representations. Specifically, learning was mainly 
performed in a supervised manner (29 studies) optimized with cross-entropy loss, while unsupervised 
learning was applied in 11 studies, and self-supervised methods were used in 8 studies.  

We also observed the following study characteristics. First, learning representations from 
structured EHR data was dominant (36 of 48 studies); another 6 studies used unstructured notes; and the 

      
    Figure 1. Publications per year.   Figure 2. Patient representation learning workflow. 
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remaining 6 papers used both structured codes and unstructured notes jointly. Secondly, Recurrent Neural 
Networks were widely applied as the deep learning architecture (Figure 3: 13 LSTM, 11 GRU). 
Convolutional Neural Networks are also common with 11 studies.  

Next, as the availability of EHR 
data is essential to advance research, we 
observed that the prominent dataset is the 
Medical Information Mart for Intensive 
Care (MIMIC-III)3, where 21 of 48 studies 
have used this dataset. Other publicly 
available datasets include the Parkinson 
Progression Marker Initiative (PPMI), the 
Alzheimer's disease neuroimaging 

initiative (ADNI), the i2b2 obesity challenge, and the eICU Collaborative Database. Moreover, studies 
involving patient representation learning evaluate their representations based on risk predictions. The most 
common clinical task (30 studies) is disease diagnosis prediction; mortality prediction is the second-most 
common task with 11 studies. In addition, visualizations are often performed to construct qualitative 
clusters of patient cohorts to provide a degree of interpretability of the learned representations. Such 
techniques included t-Distributed Stochastic Neighbor Embedding (t-SNE), Multidimensional Scaling 
(MDS), Principal Component Analysis (PCA), and Uniform Manifold Approximation and Projection 
(UMAP). Last but not least, reproducibility in patient representation learning is difficult due to the variety 
of data resources, learning methods and architectures, data preprocessing steps, and privacy concerns. We 
found that 20 of 48 studies have provided code links on GitHub, which can aid reproducibility.  

DISCUSSION & CONCLUSION 
The majority of existing predictive models only focus on the prediction of single diseases, rather than 
considering the complex mechanisms of patients from a holistic view. We show the importance and 
feasibility of learning comprehensive representations of patient EHR data through a systematic review. We 
observe a growing trend of developing deep learning-based patient representations from EHRs. The 
capability to develop effective patient representations derives primarily from how to model the pertinent 
characteristics of EHR data. Leveraging the inherent structure between complicated clinical events is a key 
factor to consider. Additional components can be added into the deep learning models to enhance 
representation power, such as capturing a hierarchical representation from event-level, to visit-level, to 
patient-level; encoding the longitudinal factors between clinical events; incorporating domain knowledge 
into the representation; and adopting multiple modalities of EHR data. 

Building upon current promising trends in learning meaningful patient representations, we believe 
the growth will continue, algorithm and model development continues to enhance in order to adequately 
consider and model EHR data. Advanced learning techniques including transfer learning, multi-task 
learning, and meta-learning can combat data scarcity and label insufficiency to some extent. Future work 
will still be devoted to leveraging rich, yet varied, information in EHRs. Integrating multi-source 
information and different modalities of EHR data is critical to achieving both scalability and 
generalizability of the patient representations. Reproducibility and transparency of reported results will 
hopefully improve. Knowledge distillation and advanced learning techniques will be exploited to assist the 
capability of learning patient representation further. Overall, we believe a growing number of advanced 
methods will be continuously developed to learn meaningful patient representations, and these 
representations will play a greater and greater role in clinical prediction tasks. 
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Figure 3. Deep learning architectures used in the included studies. 
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Introduction 

Now, more than ever, an integrated health approach is needed to reduce the inequalities in social and economic 

conditions that influence health throughout life.1 However, to achieve greater health equity, disaggregated data and 

robust information systems are critical for health care organizations to make informed decisions, produce better health 

outcomes, and track the progress of the Sustainable Development Goals.2 

In Perú, the Social Determinants of Health (SDH) information is currently limited to mathematical estimates from 

surveys and census data. While some additional SDH information is being collected during patient care visits in most 

health centers, this collection is mostly done via hand-written forms.3,4 This limits its value for decision-making in 

both public health and clinical care because the information is not in a standardized format and is not digitized. Once 

it has been recorded, its re-use for other purposes becomes much more difficult. A standards-based application to 

collect, store, and access SDH would enhance communication between information systems of the health subsectors 

and would be a step toward systemic interoperability.5,6 As in any software development process, one of the first steps 

is the analysis of current needs and documenting data requirements. 

In this study, we performed an analysis of how SDH data is collected in healthcare facilities in Perú to guide the 

development of an application with the ability to improve patient-level and population-level response to SDH risks. 

This work was performed in collaboration between the National Institute of Health of Peru, the University of San 

Marcos in Lima, Peru, and the Department of Biomedical Informatics at the University of Utah in Salt Lake City, 

USA. The project was funded by a WHO/PAHO IS4H grant. 

Methods 

In October and November of 2019 four researchers from the University of Utah, together with a research team in 

Lima, Perú, coordinated with the Ministry of Health (MINSA) to visit six key healthcare organizations within the 

Peruvian health system: two primary care centers, two hospitals, and two specialized healthcare institutes. During 

these visits, patient and clinical workflows were analyzed and documented through direct observation. 

Then, through the National Transparency Portal, the research team contacted all the hospitals and specialized institutes 

in Lima from the different health subsectors (MINSA, EsSalud, Armed Forces, Police) to identify which collected 

SDH data within their workflows and request the forms they used. We worked with all the forms submitted within 30 

days. The focus of the analysis was how SDH was collected in each of these different organizations. 

Finally, we convened a 4-day workshop and working session, which included input from important healthcare 

stakeholders. Physicians, epidemiologists and software engineers from the different health subsectors worked together 

and received training in the utility of SDH data management, the basics of modeling SDH information using the Fast 

Healthcare Interoperability Resources (FHIR) standard, and about how interoperability using international standards 

set by HL7-FHIR can facilitate the implementation and integration of electronic applications into already running 

clinical systems. With the input of interested parties, the research team was able to determine the local reasons for 

collecting specific SDH data and how this data could be used to benefit health. 
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Results 

The health organizations visited handled different SDH workflows, and a variety of SDH forms were found. Most of 

the health systems use paper forms, but some electronic forms were found, too.  

Fifteen institutions responded to the request and 40 different forms that collected SDH data were obtained. Data 

elements found included Socio-economic evaluation sheets, Civil registers, Health Surveillance Systems, National 

Surveys, Encounter Forms and Hospital Social Worksheets. In almost all cases, data capture occurred on paper and 

was then tabulated into a digital registration system. No SDH data captured was capable of being accessed by clinical 

information systems or with other systems. 

There was a lack of standardization across forms in the SDH elements and in the definitions in which a specific 

element could be represented. In hospital settings, SDH was often collected during several moments of the care 

process. Thus, the same SDH could be collected more than once per person and in different ways (e.g.—Use of 

Encounter Forms in an outpatient office and use of Social Work Sheets during hospitalization.) 

As a final product of the 4-day workshop, the participants designed non-functional prototypes (mockups) as proposals 

to collect SDH and, through consensus, the main variables for the creation of a single registry of SDH were agreed 

upon. The SDH disaggregated data consider categories as: Patient information (e.g.—name, gender, birth, telephone, 

address, race), life situation (e.g.—Housing, family), financial security (e.g.—Employment status, income), social and 

emotional aspects (e.g.—education, relationships) and environmental aspects (e.g.—violence, security) 

The models and variables defined through the training process will be used to create a web application based on the 

FHIR standards to collect patient-level SDH information. 

 

Discussion 

The information provided in this document shows the current status of how SDHs are collected and measured in Peru. 

Despite their implications in health, SDH data are an underutilized source in healthcare workflows in the organizations 

observed in the study. SDH data is being collected in an inconsistent and unstructured way. It was possible to develop 

a structured and standardized method of collecting SDH that could improve individualized treatment and health care. 

This process could be replicated in other countries.  

This application seeks to improve healthcare outcomes by providing healthcare providers with necessary SDH 

information to understand how to provide the best treatments to patients. These results will also inform healthcare 

system and public health system policies to improve their capabilities.7,8 The first version of the software is currently 

being tested in a high complexity hospital in Perú.  
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Introduction 

A variety of risk factors are known for suicides, suicide attempts, and suicide ideation1. Public surveillance of such 
risk factors could lead to community-level interventions2. However, real-time community-level data is hard to obtain. 
We observe that many important risk factors are reflected in human mobility. For example, homelessness is a risk 
factor for suicide and is associated with being located in a homeless shelter. Mobility data can now be obtained for a 
fairly large sample of the population using location based services (LBS) from cell phone apps. In this abstract, we 
show how LBS data can be used to capture movement patterns that reflect potential risk factors for suicide in a 
community. We evaluate our approach on demographically similar rural counties in Florida by determining whether a 
county's suicide rate correlates with more mobility to types of locations indicating suicide risk. 
Methods 
We use two data sources: 1) LBS data: This data includes around 10% of the Florida population from August to 
October 2017. The data is obtained from cell phone apps, and each record provides time, latitude, longitude, and an 
anonymized user ID that protects the identity of the app usera. The data typically has 10m resolution and are collected 
around 150 times a day per user. We use this data to identify residents of a region and the places visited. 2) Public 
health data: We targeted rural counties because they tend to have higher suicide rates than urban areas. The selected 
counties are noncore-nonmetrob based on the Office of Management and Budget standards, indicating the most rural 
areas. Among such counties, we identified a subset with consistently high, medium, or low suicide rates in recent 

years. Lastly, we selected a smaller subset of 
demographically similar counties, so demographics could 
not easily predict the differences in suicide rates. These 
selected counties, listed in Table 1, fall in North West and 
North East Florida.  

Analysis: We identified the residency of users in the 
selected counties based on their late-night locations from 
LBS data. We then chose a priori locations that are potential 
predictors of increased suicide risk1,3-6, and some that are 
not, as shown in Table 2. For these locations, we identified 
the coordinates of facilities in areas visited, even if those 
sites were outside the counties chosen, using the Google 

Places API. For each (user, predictor) pair, we counted 

the number of days in which the activity included that predictor.  
To evaluate its usefulness in the analysis of suicides, we computed 
the number of users in each county having some risk associated 
with a predictor. These risks could be a combination of basic 
predictors. We identify a user as being at risk with respect to a 
predictor if they satisfy the criterion mentioned in Table 2. If LBS 
data were effective for suicide analysis, then we would expect 
predictors related to known risk factors would be strongly 
correlated with suicide rate while other predictors would not.  
Results 
Table 3 shows the Pearson correlation coefficient between a few predictors and the average per capita suicide rates in 
the selected counties in the 2016-2018 time-span. Fig. 1 illustrates the effectiveness of one predictor. 

                                                        
a The vendor includes only de-identified data, and only from adult users who have explicitly opted in to share their 
data anonymously. It is fully GDPR and CCPA compliant. 
b CDC WONDER Online Database, Underlying Cause of Death, Multiple Cause of Death. 

County Popula
tion 

Suicide rate per 
100,000 persons 

Per 
capita 

income 2018 2017 2016 
Lafayette 8,732 0 0 0 $20,452 
Madison 18,529 5 13.4 0 $20,829 
Hamilton 14,310 6.1 0 13.3 $19,978 
Dixie 16,700 9.7 9.3 11.8 $18,859 
Franklin 11,736 11.6 11 12.8 $22,386 
Calhoun 14,587 14.3 15.4 15 $18,878 
Holmes 19,477 11.9 18.4 16.4 $20,229 
Taylor 21,623 21.2 25.4 14.2 $21,067 
Union 14,940 20 20.1 33.1 $16,001 
Washington 24,880 33.6 20.1 26.9 $19,888 

Table 1. Suicide rates of selected counties 
Predictor Risk criterion 
Late night activity Above average 
Homeless shelter Any visit 
Mental health facility Any visit 
Veterans center Any visit 
Gun store & shooting range Any visit 
Bar & liquor store Any visit 
Religious place Below average 

Table 2. Criteria to decide risk factors for users 
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Discussions 
Visits to mental health facilities and homeless shelters are the most correlated with the suicide rate amongst the basic 
predictors. Mental health problems and homelessness are known to be significant suicide risk factors, which is 
reflected in this result3,4. Visits to veterans centers are negatively correlated, which may appear to contradict 
established results5. However, the result above is for the situation when a user is located in a veterans center but has 
no other risk. If we include results where veterans have other risk factors, then the correlation coefficient is 0.18. We 
also see that combinations of predictors provide much stronger signals than the individual predictors. For example, 
visits to veterans centers and mental health facilities predict suicide risk best. This is a well-known risk factor. These 
results indicate that risk factors inferred from movement data using LBS correlate well with known risk factors. In 
contrast, visits to bars and liquor stores, which is not a known risk factor, has a correlation coefficient of -0.08. 
Researchers can also use LBS data to examine details of how interactions between factors predict suicide risk. For 
example, visits to shooting ranges and bars are strongly negatively correlated with suicide risk. A plausible explanation 
is that those users have lower social isolation, which is a risk factor for suicides3. However, when visits to shooting 
ranges are accompanied by visits to homeless shelters and veterans centers by residents of a county, then there is a 
strong positive correlation with suicide risk there. It is known that homeless veterans are at high risk of suicide, and 
the availability of guns is a known risk factor in suicides6. The combination of gun availability and suicide tendency 
could explain the correlation. In future work, we will examine deeper interaction patterns, such as social isolation, and 
a broader set of counties to validate our results. While we have performed the analysis at the county level, it is possible 
to perform such analysis at a finer granularity, such as the zip code level. Public health agencies may use this 
information to plan and partner with community organizations for community-level interventions. 
Conclusions 
We identified potential predictors of suicide from LBS data. We show that certain combinations of these predictors, 
which are related to known risk factors for suicide, correlate strongly with county-level suicide rates with a correlation 
coefficient over 0.8 for the best one. Our method can be used by researchers to identify predictors of suicide risk, 
while practitioners can use it to identify communities to target for intervention. 
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Predictor Correlation 
Late night activity -0.29 
Homeless shelter 0.43 
Mental health facility 0.21 
Veterans center -0.23 
Gun store & shooting range 
+ Bar & liquor store 

-0.61 

Veterans center + Mental 
health facility 

0.83 

Homeless shelter + Mental  
health facility + Religious  
place 

0.77 

Homeless shelter + Veterans  
center + Gun store &  
shooting range 

0.68 

Figure 1. Relationship of suicide rate to fraction of users who 
went to veterans centers and mental health facilities Table 3. Correlation of suicide rate and predictors 
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Introduction 

Direct Primary Care (DPC) is a model for improving timely and personalized ambulatory and preventive services to 

achieve the Institute for Healthcare (IHI) Quadruple Aim. DPC, a low-to-no-cost primary care option in traditional 

preferred provider organization (PPO) insurance seeks to: a) improve patients’ experience by reducing barriers to 

timely direct access and communication to providers, b) improve population health by assuring and measuring 

evidence-based preventive care, c) reduce per capita costs through early intervention/prevention and utilization 

monitoring, and d) reduce obstacles and burdens of care to providers by lowering panel sizes and administrative 

work. This investigation examines the development of predictive models using machine learning on electronic 

health record (EHR) and administrative (claims/billing) data, and electronic provider-patient communication (e.g. 

secure email, phone, text messaging, mobile app) metadata (e.g. length and time-stamps of provider-patient 

communication, not the actual content of the communication) to discover which patient factors are related to active 

utilization of evidence-based preventive care services (PCS) within a DPC practice. Results provide insights to 

guide practice and technology use patterns to better engage DPC enrollees to utilize PCS. 

Methods 

R-Health offers an option for members to participate in DPC at no additional cost. Members who enrolled in R-

Health’s DPC program between October 2016 and November 2019 were retrospectively studied. Members not 

enrolled in DPC for at least one year were excluded. Specific source data (linked but deidentified) included: a) DPC 

clinical (EHR) encounters, laboratory and test data, b) external claims and claim events data for services provided 

elsewhere, and c) electronic communications.  

 

Documented preventive care measures included: (1) (labeled) preventive ambulatory care visits, (2) breast cancer 

screening for women aged 52-74 who have not undergone bilateral or two unilateral mastectomies, (3) cervical 

cancer screening (Pap only) for women aged 24-64 excluding those with previous hysterectomy and no cervix, (4) 

colorectal cancer screening for men and women aged 51-75 excluding those who have had colorectal cancer or a 

total colectomy, and (5) diabetes hemoglobin A1c testing for men and women aged 18-75 with type 1 or type 2 

diabetes excluding gestational or steroid-induced diabetes. CPT and ICD-10 codes for these measures were used in 

queries to collect the data. 

 

Multiple predictive models were built using machine learning to address the study objectives. Various machine 

learning approaches (Linear Support Vector Classification, Logistic Regression, Neural Network, Random Forest, 

AdaBoost, and Extreme Gradient Boost) were used to build classifiers for predicting which members would or 

would not obtain preventive care from R-Health providers using member and provider data as input features. Data 

generated as a result of preventive care visits were withheld. Separate models were developed to predict members 

receiving preventive screening tests. This cohort was limited to members with preventive care visits at R-Health and 

excluded minors. These models were then analyzed to identify members most likely to skip their recommended 

preventive visits and screening tests as well as identify the factors linked to these decisions. 

 

Results 

Analysis was performed on 7,040 DPC patients: 4,341 (61.66%) female, 6,160 (87.50%) adults, with mean age of 

39 years [25%: 25, 50%: 41, 75%: 53]. A cohort of 3,707 (52.65%) members met the criteria of being enrolled in 

DPC for at least one year: 2548 (69.00%) received preventive care from R-Health while 1159 (31.00%) did not, 

although some did visit external primary care providers. Preventive screening test rates for eligible patients engaged 
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in preventive care for one year or more were: breast cancer (0.88), colorectal cancer (0.52), cervical cancer (pap 

only) (0.60), and hemoglobin A1C test (0.60).   

Predictive modeling performance for each machine learning technique was evaluated with 5-fold cross-validation. 

Extreme Gradient Boost method1, an implementation of gradient tree boosting which produces an ensemble of 

decision trees, performed best for all the prediction tasks.  It predicted ambulatory preventive care visits with an 

accuracy of 0.86 and F1 of 0.89. Model accuracy for preventive screening tests were breast cancer (0.92), colorectal 

cancer (0.70), cervical cancer (0.66), and hemoglobin A1c test (0.61). The models were significantly superior to 

guessing the majority class (95% CI) except for the A1c test, which is excluded from further analysis. 

For the model predicting preventive care visits, Figure 1 shows the features with the highest SHAP (Shapley 

additive explanation) value applied to gradient boosted trees.2 The top three features associated with preventive care 

visits are related to the timing and duration of any type of provider-patient communications and call frequency. 

 

 
Figure 1: Feature importance (gain) for preventive care visits. Each feature’s magnitude of importance is shown with 

bars indicating whether the feature is positively or negatively associated with preventive care visits. Features with * 

relate to the time period prior to first visit to exclude temporal effects of the visit from prediction.    

Table 1 shows the key factors identified by the models for predicting the preventive screening tests and whether the 

factor is positively or negatively associated with the screening performed. Increasing member age is associated with 

lower likelihood of having preventive screening. The remaining group of factors relate to how extensively members 

utilize non-primary care and imply healthier members may not be adhering to preventive screening guidelines.  

 

Table 1. Key Factors, their importance, and positive or negative association with preventive screenings 

Factor for predicting whether 

preventive screening was performed 

Breast Cancer 

Screening 

Colorectal Cancer 

Screening 

Cervical Cancer 

Screening 

Member age 1.21 (-) 0.56 (-) 0.21 (-) 

Plan payments (all time) 0.30 (+) 0.41 (+) 0.08 (+) 

Number of specialist visit 0.28 (+) 0.10 (+) 0.22 (+) 

Months of claims 0.21 (+) 0.28 (+) 0.32 (+) 

Number of surgeries (non-screening)     - 0.49 (+)     - 

 

Discussion 

This study developed machine learning approaches for identifying features and factors related to preventive care use 

in a multi-dimensional DPC data set consisting of EHR, claims, and telehealth app metadata. Patient-provider 

communication, higher member age, and overall member health appear to be most significantly associated with the 

use of PCS. DPC providers should consider increased and targeted communication efforts and targeting members in 

these categories to be more proactive with their preventive screenings. Additional investigations, including 

intervention studies, are required to understand the potential impact these efforts may have on PCS use. 
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Introduction 

Spatial Systems for Decision Support (SSDS) are a subset of data visualizations that allow decision makers to complete 
spatially related tasks more efficiently and effectively. We introduce a new type of SSDS, interactive vulnerability 
mapping tools, which can help decision makers in global health preparedness identify spatial areas that are at risk for 
disease outbreak. Decision makers and users include epidemiologists, public health planners, vector control 
specialists, and directors, who might use this information to allocate resources or plan outreach activities to high risk 
regions. Although there have been recent outbreaks of several vector borne diseases, visualization tools to address this 
public health information need have not been collaboratively designed with end users and evaluated for usability. Our 
work builds on previous research on using climate data in predicting dengue outbreaks1 and a peer reviewed and 
accurate vulnerability model that was used during the Ebola outbreak in west Africa2. As disease outbreak and global 
preparedness becomes ever more critical to public health efforts across the world, findings from this research provide 
insight on how to design and evaluate tools that help public practitioners visualize critical vulnerability data and make 
data-driven decisions for preparedness. 

In this podium session, we will present findings from two different interactive mapping tool development projects: 1) 
dengue vulnerability in Peru and 2) Rift Valley fever (RVF) vulnerability in Kenya. In both projects, we worked 
closely with local and national stakeholders in country to collaboratively design and evaluate the usability of tools. 
Our research suggests design standards for information visualizations for global health preparedness, including 
preferences for color, layout, and approach. Further, we demonstrate a methodological approach for usability testing. 
Our research addresses 2 of the 5 recommendations, namely design standards and usability methods, from a recent 
JAMA article to address usability problems in health information technology3. 

Methods   

For the design of the tool in Peru, we engaged stakeholders using storyboards to define context and needs, identified 
user groups, created wireframes, and performed a landscape analysis to select a visualization platform. We then built 
alternative prototypes that concretely illustrate functional requirements for an interactive mapping tool for dengue. 
We then tested the acceptance and satisfaction of the tool in a usability workshop held in Lima, Peru, using the group 
usability methodology4. During the half day workshop, participants used individual laptops to complete usability tasks 
and respond to surveys about their design preferences, and then discussed their perceptions of usability in small groups 
with trained bilingual facilitators. Focus groups were recorded, transcribed, and translated to English. We used 
thematic analysis of the qualitative data from the group discussions and analyzed summary statistics for quantitative 
data from the survey and task analysis exercise.  

Based on our experience in Peru, we refined our methodology to adapt the vulnerability mapping tool for RVF in 
Kenya. We held a co-design session in country with local and national partners that was longer to allow for more 
background, assessment of needs, and greater depth of usability testing. During this full day program, we described 
the vulnerability model and data sources used to generate the data visualization in the mapping tool. We then asked 
probing questions regarding data needs, users, and use cases for the tool. To conclude the session, we broke into 2, 
topic-specific groups to discuss requirements specific to users involved in either animal health versus or human health. 
Using findings from our co-design session, we iteratively improved the next version of the tool for usability testing. 

Results  

Peru experience: During our design activities in Peru, we identified user needs and functional requirements from 
meetings with key stakeholders. We gathered feedback from partners, who are from a major national university and 
are familiar with dengue surveillance, during monthly conference calls and created multiple iterations of wireframes 
using Sketch software. After achieving consensus on the design, these specifications guided our development of a 
high fidelity, interactive prototype of the mapping tool for dengue vulnerability in Tableau Version 2019.2.0. We also 
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created 7 versions of wireframes to differentiate specific design features for preference selection, including 3 options 
for color, 2 options for layout, and 2 options for design approach.  

For the evaluation, 20 participants attended the group usability workshop in Lima. Participants completed the 5 
usability tasks during the task analysis exercise in under 50 minutes (range 23-49). There was 100% accuracy for 3 
tasks in the analysis section and 89% and 33% for the others. We believe that the lower accuracy was related to 
confusion around the final task question rather than inability to complete. We used the System Usability Scale5 as a 
benchmark for usability (mean score = 74). Participants preferred a contrasting color scheme (preferred by 95% of 
participants), a single map layout with a descriptive tooltip (63%), and a story telling design approach (68%). 
Participants found all 3 design features important and rated them, on average, as an 8 or above on a 10-point scale. 
Finally, qualitative data analysis of the focus groups produced the following emergent themes: access to this type of 
information was highly valued, incorporating case and vector data would improve understanding, mistrust was tied to 
confusion about the model, and participants felt sustainability should be prioritized.  

Kenya experience: We built on findings from Peru to guide the design of our methods and tool for Kenya. We held 
the co-design session with 21 participants from the Ministry of Health, CDC Kenya, Food and Agriculture 
Organization, veterinary services, laboratories, epidemiology, and county health departments. Participants identified 
major use cases, such as accessing separate animal and human health views, using the tool to develop a 5-year plan, 
and understanding where livestock vaccine campaigns should be conducted. Participants requested incorporating 
additional data sources to have a more comprehensive understanding of vulnerability, including geocoded RVF case 
reports, location of livestock markets, location of national parks, and number of providers in a geographic area.  

Discussion  

We synthesized and translated insights from our design of the dengue vulnerability mapping in Peru to shape and 
improve both the dengue and RVF interactive mapping tools. Key takeaways are the importance of building trust in 
the tool and design concept with stakeholders, particularly in global settings where there may not be existing 
relationships and other cultural considerations. We built trust by engaging with local users often and validating that 
their feedback was heard and incorporated in the tools. We are working with stakeholders to develop maintenance 
plans for capacity building and long-term ownership. For the design across countries, we found that our user groups 
could be distinguished by two levels of use: policy level and analyst level. We structured our design to allow for a 
high level, general view which may be useful at the policy level and more detailed view with interactive features for 
the data analyst level. Finally, we enriched our methods in Kenya based on our experiential learning in Peru, including 
a co-design session and think aloud usability testing. The co-design session held multiple purposes; we understood 
additional information needs earlier in the project and started building trust and understanding of the project. Think 
alouds add granularity to usability testing and offer data for triangulation with data collection from the workshop.  

Conclusion 

Our research contributes to the knowledge base spanning global health informatics and human computer interaction 
by providing actionable, validated tools for visualizing disease vulnerability, namely usable interactive mapping tools 
designed for and with public health decision makers in Peru and Kenya. We also provide empirical data on the design, 
data visualization preferences, usability, and acceptance of SSDS for disease vulnerability in global health settings 
and a demonstration of a methodological approach for usability evaluation in global public health settings.  
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Introduction 

A hospital-acquired Pressure Injury (PI) is a localized injury to the skin and underlying soft tissues. The incidence of 

PI in the United States ranges from 3-24% in critical care patients and it is highly associated with negative outcomes, 

increased mortality, hospital stays, and costs.1 Clinical practice guidelines reveal the importance of early risk 

assessment for the prevention of PI.2 According to the guidelines, nurses have a significant role in PI prevention and 

PI outcomes are used as an indicator of the quality of nursing care. In our study hospitals, documentation requirements 

include nursing assessment of PIs on patient admission to a unit and reassessment every shift. 

PI complexity and multiple risk factors make it difficult for clinicians to prevent PIs. Existing PI prediction models 

have several weaknesses: 1) they use indirect phenotyping methods to define PI, 2) were tested on small sample sizes, 

and 3) were tested in a single site study.1.3 However, we expect that the vast amount of data stored in electronic health 

records (EHRs) and advanced data analytics can provide a better foundation for the development of a PI prediction 

model. The purpose of this study was to build a PI prediction model using features that directly reflect PI characteristics 

within nursing assessment data from multiple hospitals. 

Methods 

The National Institute of Nursing Research (NINR)-funded Communicating Narrative Concerns Entered by RNs 

(CONCERN) database was extracted from five Harvard-affiliated, Partners Healthcare (PHS) hospitals. Patients 

(n=188,512) with an admission lasting 24 or more hours on any acute and/or intensive care unit at the study hospitals 

were included. Nursing flowsheets were used to identify the PI phenotype. The nursing flowsheet is a record of clinical 

observations, including the head-to-toe assessment and vital signs, that serves as a historical and real time display of 

patients’ hospital encounters. There is a required section of the flowsheet dedicated to skin assessment that is 

completed by nurses daily based on their observations. Patients with at least one record of PI within this section were 

included in the case group. Patients without any PI injury record or suspected risk of PI (Braden Scale scores 19-23), 

matched with age and gender, were included in the control group. Other relevant features, including patient 

demographics, lab tests, pain scores, chronic diseases (e.g., spinal cord injury, diabetes, stroke), and multiple nursing 

flowsheet features, such as the Glasgow coma scale and mobility, were also extracted from the CONCERN database. 

Four pressure injury prediction models were trained on these EHR-derived features, including logistic regression, 

support vector machine (SVM), random forest and neural network. The sensitivity, specificity, and area under the 

receiver operating characteristic curve (ROCAUC) were used to evaluate the performance of each model. A five-fold 

cross-validation was conducted to prevent overfitting. The data pre-processing was conducted using R (version 3.3.3). 

The algorithm training and validation were conducted using Python (version 3.7.3). 

Results 

To predict the risk of pressure injury, we conducted a literature review and generated a list of relevant features based 

on previous studies.3,4 These features were then reviewed by our clinical experts and validated in the CONCERN 

database.  

Using the inclusion criteria described above, we created our study cohort (n=16,419), which included 7,271 patients 

who developed a PI during their hospital stay (based on the required documentation of skin assessment in the nursing 

flowsheet). There were 9,148 control patients, matched on age and gender. Data were collected from the time period 

between May 2015 to December 2018. A subset of 27 potential predictive variables were selected based on previous 

work, including demographics, lab tests, patient functional status, and comorbidities (see Table 1). Variables that 

changed over time (e.g., lab results, functional status) were sorted chronologically for each patient. Four predictive 

models (Table 2) were implemented with five-fold cross validation and were compared using sensitivity, specificity, 

and AUROC. Two models, Random Forest and Neural Network, achieved the best predictive performance, with an 

AUC=0.92.  
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Among the statistically significant predictors from the logistic regression model, the Glasgow coma scale, a 

consciousness evaluation score, was found to have the most impact on the risk of PI. Among chronic diseases, spinal 

cord injury was the most significant feature related to complications.  

Table 1. Summary of EHR-derived measures for pressure injury and predictor variables 

Definition  EHR Measures 

Pressure Injury 
Pressure Injury Properties – Date and Time First Assessed, Present on Admission, Location, 

Location Orientation, Staging, Wound Description 

Demographic Race, Gender, Age 

Nursing Features Glasgow Coma Scale, Level of Consciousness, Gait/Transferring, Activity, Braden Scale  

Clinical Features Pain score, Diabetes, Peripheral vascular disease, Spinal cord injury, Stroke, Anemia 

Lab tests 
Albumin, Blood urea nitrogen, Chloride, Potassium, Sodium, Creatinine, Glucose, 

Hemoglobin, White blood cell count 

Table 2.  Summary of model performance and top features for the logistic regression model 

Model AUC (SD) Precision (SD)  Recall (SD) Specificity (SD) Sensitivity (SD) 

Logistic Regression  0.86 (0.01) 0.81 (0.01) 0.80 (0.02) 0.79 (0.02) 0.79 (0.03) 

Support Vector 

Machine 
0.88 (0.00) 0.83 (0.01) 0.81 (0.01) 0.81 (0.01) 0.80 (0.01) 

Random Forest 0.92 (0.01) 0.86 (0.01) 0.87 (0.01) 0.83 (0.02) 0.87 (0.02) 

Neural Network 0.92 (0.00) 0.85 (0.02) 0.86 (0.02) 0.86 (0.02) 0.82 (0.03) 

Significant Predictors (p<.05, based on Logistic Regression) 

Glasgow coma scale (Standardized coefficient = -4.1); Albumin (-1.6); Hemoglobin (-1.22); Gait & transferring 

(1.1); Functional status (0.99); Blood urea nitrogen (0.68); Level of consciousness (0.43); Creatinine (-0.34); Spinal 

cord injury (0.31).    

Discussion and Conclusion 

This study overcomes the weaknesses of existing PI prediction models. Using a new phenotyping method in our model 

to define PI, we obtained accurate data for the presence of PI and the time it was measured. This improved the 

predictive performance of our model compared to other studies that utilized International Classification of Diseases 

(ICD) codes, which underestimates and inconsistently measures PI prevalence, and the Braden Scale, which is for PI 

risk assessment and less optimized in PI prediction3,5. A strength of our method is the use of nursing assessment 

features, which serve as significant predictors similar to risk factors identified in previous studies6, to boost the 

prediction rate. 

Our study used a dataset extracted from multiple hospitals within an integrated health care system to enable the 

collection of a relatively large sample size for the development of a data-driven, generalizable PI prediction model. 

We expect our PI prediction model can be used as a prediction tool in clinical practice and as a baseline model in 

future PI studies.    
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Introduction 

Applications of machine learning algorithms for disease risk 

prediction using electronic health record (EHR) have 

demonstrated promising results. A major challenge in 

analyzing EHR data stem from its high dimensionality and 

heterogeneous nature; for example, a patient status can be 

represented by laboratory tests, medications, historical 

diagnoses, etc. and the feature spaces are inherently 

interrelated because they describe the same patient. To 

represent such a heterogeneous feature space, two 

straightforward strategies are: (1) concatenation – 

combining all feature spaces into one feature space (Figure 

1a); and (2) separation – considers each feature space 

separately (Figure 1b). Most EHR-based machine learning 

tasks are performed using the concatenation strategy; 

however, it ignores the differences among feature spaces 

while the separation strategy considers each feature space as 

independent but ignoring the mutual information. To address this challenge, we propose to represent the heterogeneous 

feature spaces of patients in the form of multiple views (Figure 1c) and explore multi-view learning to jointly consider 

relationships among the multiple views of patients for prediction and feature selection. Multi-view learning is a new 

and rapidly growing field in machine learning with great success in improving classification1. The consensus is that 

different views are interlaced or complementary for common knowledge, i.e. each view contains specific information 

that others do not have as well as some common one. In recent years, several methods have been proposed to solve 

the high-dimensional problem in multi-view learning to simultaneously select the most discriminative features from 

multi-views by considering both view and feature significance2-3. However, these previous studies were all regression-

based algorithms with linearity assumptions. In this study, we developed a multi-view gradient boosting tree (MV-

GBT) method that eliminated the linearity assumption and at the same time considers both sample significance and 

view significance during learning. We assessed the performance of MV-GBT in predicting acute kidney injury (AKI), 

which is a highly lethal health problem in hospitalized patients. 

Methods 

Data Source: A retrospective cohort of 153,821 eligible inpatient encounters was extracted from the University of 

Kansas Hospital from January 2010 to November 2018 with moderate-to-severe AKI (i.e. AKI stage 2 and AKI stage 

3) defined using KDIGO serum creatinine criteria. Predictors extracted from our de-identified EHR repository 

included demographics, vitals, labs in LOINC, medications in RxNorm, historical diagnoses in CCS groupings, and 

procedures in CPT and ICD codes, which resulted in 32,135 unique variables. 

Multi-view Gradient Boosting Tree (MV-GBT): The classic gradient boosting algorithm (GBT) has been 

successful in achieving good prediction performance by iteratively re-weighting samples and emphasizing learning 

on hard-to-classify samples; however, it searches feature space in a completely random fashion. Here, we extended 

the re-weighting scheme of GBT to enable stratified sampling within feature space by focusing more on the view of 

features with better clinical modifiability. More specifically, we categorize all the features into two groups: a 

modifiable group or view (𝑀), and a non-modifiable group or view (�̅�). 𝑀 includes labs, vitals, medications, and 

procedures during the hospitalization, while �̅� includes demographics, days since admission, and historical 

diagnosis. In order to control the weights between modifiable view and non-modifiable view, we introduce a view-

specific weighting parameter, 𝑤. Let {(𝑿𝑖 , 𝑦𝑖)}𝑖=1
𝑛  be 𝑛 observed samples, with 𝒙𝒊 being a vector of 𝑝 features, such 

that 𝑝 = |𝑀| + |�̅�|. The learning problem can be formulated as (1): 

                                   min
𝑤,𝐹,𝛾

1

𝑛
∑ 𝐿(𝑦𝑖 , 𝐹(𝑥𝑖 , 𝑤))𝑛

𝑖=1 + 𝛾 (𝑙 +
1

2
∑ 𝑠𝑗

2𝑙
𝑗=1 )  (1) 

where 𝐹(𝑥𝑖 , 𝑤) denotes the collection of week classifiers (i.e. decision trees) with feature sampling weighting 

scheme as 𝑤 ∙ 𝑀 + (1 − 𝑤) ∙ �̅�, and 𝛾 is the regularization term controlling model complexity with 𝑙 being  

Figure 1. Feature representation strategies 
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the number of leaves and 𝑠𝑗
2 being the score on the 𝑗th leaf.   

Experimental Design: We held-out inpatient encounters occurring after January 1, 2017 as the temporal validation 

set (27,603 encounters), with the remaining encounters as derivation set. We trained a MV-GBT model for AKI 

prediction using the derivation set and evaluated it on the temporal validation set. To alleviate computational overhead, 

we first performed an embedded feature selection with golden section search4 to identify a minimal feature set prior 

to model development, which reduced the feature space to 592 features. The key to train a MV-GBT model is to tune 

𝑤 along with other GBT-specific hyperparameters. As a “proof-of-concept” step, we performed a crude grid search 

with 𝑤 ∈  (0.5, 0.6, 0.7, 0.8, 0.9, 0.99) to demonstrate that by modifying the feature sampling weights between 

different views, we are able to a) obtain a better predictive model; b) shift model’s focus to views of better clinical 

usability (i.e. modifiable features) without impairing model performance. Model performance is evaluated by AUC 

on the temporal validation set. To control for overfitting, we made sure that both validation sets were never seen by 

the classifiers or feature selectors. Feature importance is ranked according to the cumulative improvement of AUC 

attributed to that feature.  

Results 

Within the minimal set of 592 features, there were 11 demographic features, 62 historical diagnoses, 189 labs, 228 

medications, 97 procedures, and 6 vitals. Corresponding to the increasing weight vector w, the testing AUCs were 

0.800, 0.802, 0.797, 0.793 and 0.794, respectively. Note that 𝑤 = 0.5 is the baseline model without any weighting 

adjustments, while 𝑤 = 0.6 yielded a local optimum at 0.802. In Figure 1, we demonstrated how “ranking tier” 

(defined as every 100 features along the feature importance list) distribution changes with respect to increasing 𝑤 

for each data view. Each panel represents a data view, with each line within the panel showing how proportions of 

important features (i.e. Tier) changes with 𝑤. Modifiable features, such as Medications and Procedures, were 

preferred when 𝑤 increased, as the Tier1 concentration (i.e. proportion of features contributing to Tier1) increased 

from 0% to above 15% for Medications, and from 9% to 36% for Procedures, while the Tier1 concentration of non-

modifiable features such as Demographics dropped from 36% to 10%.  

 
Figure 1 – Ranking Tier Distribution of Different Feature Types with Varying Weights on Modifiable Features 

Discussion and Conclusion 

Our preliminary experiments successfully demonstrated that the MV-GBT model could potentially improve the model 

performance, and appropriately switch the model’s focus on features of better clinical interest without impairing its 

prediction performance. We are currently working on refining the designs and implementing a dynamic learning 

procedure to obtain a global optimum for the view weighting matrix 𝑊.  
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Introduction 

The 21st Century Cures Act (CURES) seeks to give Americans greater control over their medical information in and 
out of the clinical context. Healthcare already entails complex multi-recipient information flows, but Americans may 
not recognize that data sent to outside entities are not governed by HIPAA and other protections1,2. Research shows 
that information self-management places an undue burden on individuals to direct information flows3,4. We evaluate 
the extent of confidence in ability to self-manage health information, a key expectation of CURES, and its association 
with individual characteristics and expectations about institutionalized information protections.   

Methods 

Utilizing nationally representative survey data (n=2113) from the 2019 AmeriSpeak panel, we evaluate responses to 
the statement “I am confident in my ability to manage how my health information is used,” (1=“very true” and 
0=“fairly true, somewhat true, and not true”). We consider the association between confidence and sociodemographic 
factors (self-reported male/female sex, age, education, and race & ethnicity),  health care factors (self-reported health 
status, care in the past year, regular provider, insurance status, and care satisfaction), and information protections  
(legal, health care organizations’ (HCOs) practices, health care providers’ (HCPs) confidentiality).  

Results 

Table 1 presents descriptive statistics of all variables, along with odds ratios from bivariate and multivariable logistic 
analysis. Only about 16% of respondents reported they felt very confident in their ability to self-manage their health 
information. Bivariate analysis shows women (p=0.05), those over 65 (p=0.03), and non-Hispanic black respondents 
(p<0.01)  are significantly more likely to report they are confident compared to counterparts; while those with at least 
a college degree (p=0.02) are significantly less likely to say they are confident. In multivariable analysis, only black 
respondents remain significantly more likely to be confident. Healthcare factors, including excellent or very good self-
reported health status (p=0.05), care in the past year (p=0.05), regular provider(p=0.05), and care satisfaction (p<0.01), 
but not having health insurance (p=0.21), are significantly and positively associated with confidence. In multivariable 
analysis, only care satisfaction (p<0.01) remains statistically significant. Finally, in both bivariate and multivariable 
analysis, all beliefs are significantly positively associated with confidence: confidence in legal protections (p<0.01), 
HCOs’ disclosure of conflicts of interest (p<0.01), HCO’s transparency (p<0.01) about information and security 
breaches (p<0.01), and trust of HCPs’ confidentiality (p<0.01).  

Discussion 

Despite CURES endorsing health information self-management, few adults report confidence in their ability to do so. 
Confidence is highly positively associated with beliefs in systemic protections. Although increased information 
exchange is expected to benefit both patients5 and providers6, policies that put the burden of privacy management on 
individuals, few of whom feel capable of doing so, may not yield benefits and may produce problematic unintended 
consequences. It’s not a matter of better individual decision-making. Support such as embedding protective defaults, 
including minimal disclosure and short expiry, in technology design would better limit privacy risks as medical 
information flows become increasingly complex. 
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Table 1. Descriptive statistics and Odds Ratios from Bivariate and Multivariable Logistic Analysis of 
Confidence in Self-management of Health information, N=2113 

    

Bivariate Logistic 
Analysis 

Multivariable Logistic 
Analysis 

  N % 
Odds 
Ratio P-value 

Odds 
Ratio P-value 

Dependent Variable Very Confident Self-Manage Health Information  335 15.85 n/a n/a n/a n/a 

So
ci

od
em

og
ra

ph
ic

 

Gender                                                             Male 1036 49.03 REF REF REF REF 

    Female  1077 50.97 1.26 0.05 1.17 0.26 

  Age                                                               21-34 500 23.66 REF REF REF REF 

35-49 years old 540 25.56 1.25 0.21 1.39 0.12 

50-64 years old 596 28.21 1.26 0.18 1.19 0.41 

65+ years old 477 22.50 1.47 0.03 1.26 0.30 

 Race & Ethnicity                  White, Non-Hispanic  1,230 58.21 REF REF REF REF 

    Black, non-Hispanic  333 15.76 1.94 <0.01 1.72 <0.01 

    Hispanic  410 19.40 1.31 0.08 1.33 0.13 

    Other  140 6.63 0.75 0.31 0.77 0.42 

Education             High School Graduate or Below  454 21.49 REF REF REF REF 

    Some college   972 46.00 0.81 0.15 0.87 0.43 

    College Graduate or Above  687 32.51 0.69 0.02 0.96 0.84 

R
el

at
io

ns
hi

p 
to

 
H

ea
lth

ca
re

 S
ys

te
m

 Very Good or Excellent Self-rated Health  665 31.47 1.28 0.05 1.27 0.11 

Healthcare visit in past 12 months 1800 85.19 1.43 0.05 1.11 0.67 

Has Regular Provider 1701 80.50 1.38 0.05 1.12 0.57 

Insured  1869 88.45 1.28 0.21 0.99 0.96 

Satisfied with Care 809 38.29 3.46 <0.01 1.79 <0.01 

Ex
pe

ct
at

io
ns

  
 o

f  
Pr

ot
ec

tio
ns

 Very Confidence in legal protections  207 9.80 6.98 <0.01 1.86 0.02 

HCOs disclose conflicts of interest 117 5.54 5.23 <0.01 2.07 0.03 

My HCO is transparent about use of HI 233 11.03 11.31 <0.01 3.32 <0.01 

My HCO would notify me of HI security breach 463 21.91 7.34 <0.01 2.64 <0.01 

Trust HCPs use information responsibly 327 15.48 6.11 <0.01 2.33 <0.01 
Notes: HCO=health care organization; HI=health information; HCP=health care provider
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Introduction 

Asynchronous messaging is an integral but potentially inefficient means of communication in clinical settings. The 
varied acuity of medical needs contained within messages often require providers to constantly manage their 
incoming messages throughout the day. To improve provider workload, clinic staff are often tasked to manage 
clinical communication to ensure that a patient’s care is timely and coordinated, which can lead to reduced job 
satisfaction, exhaustion, and burnout1. Electronic tools are integral to support communication, but few studies have 
been conducted to assess the EHR-related work associated with managing asynchronous clinical messages. One 
previous study found that physicians received an average of 83 clinical messages per week2. However, in our 
previous work to assess communication patterns to coordinate breast cancer treatment, we found that physicians 
account for only 18% of the employees involved in messaging and 19% of the total messages3. Similarly, previous 
work has focused on message volume and time spent messaging, which neglects to identify hidden work such as 
interruptions and additional EHR use required to respond to messages. In this study, we seek to quantify the hidden 
EHR-work performed by breast cancer care team members to manage asynchronous clinical communications. 
 
Methods 

From the EHR we extracted secure messaging transaction logs corresponding to a viewed or sent message between 
January 1, 2015 and November 1, 2017 about any patient seen by a breast medical or surgical oncologist and at the 
Vanderbilt Breast Center during 2015 and 2016. We grouped clinical messages into threads, representing a sequence 
of messages sent about a unique patient by a set of care team members. We mapped each unique employee identifier 
to their job description as indicated in the EHR and classified each job description by care team role. We modeled 
the messaging data as a directed social network, such that each node represented a care team member connected by a 
message sent to the next care team member who sent the subsequent message in the thread. To identify individuals 
highly involved in breast cancer care, we performed hierarchical clustering on the network to identify communities 
of team members who share structurally similar communication patterns. We defined the breast cancer care team as 
any individual who was placed in a cluster with at least one breast medical or surgical oncologist. For each breast 
cancer care team member identified through our cluster analysis, we extracted page-level access logs from the EHR 
between January 1, 2015 and November 1, 2017. We combined EHR access logs and secure messaging logs into 
sessions of activity, defined as any sequence of events that occur within fifteen minutes of any other event by the 
same employee about the same patient. We calculated breast cancer care team messaging and session statistics.   
 
Results 

Between January 1, 2015 and November 1, 2017, there were 7194 employees who sent 1265110 messages about 
9761 patients who had appointments with medical or surgical breast oncologists. Our cluster analysis identified 114 
care team members who were highly involved in breast cancer treatment (Table 1). These employees performed 
messaging actions in 516325 (37.5%) sessions, averaging 29.8 messaging sessions per day. Similarly, 63.3% and 
54.5% of all sessions by administrative and clinical staff, respectively, included messaging actions. Messaging 
sessions lasted an average of 1.1 minutes longer than sessions that did not include messaging. Across all roles, 
82.5% of messages were initially read and subsequently sent in the same session. During days in which cancer 
providers had clinical duties, 18 (24.3%) of the daily EHR sessions involved messaging actions, compared to 12 
(38.7%) of the sessions on days without clinical duties. 
 
Discussion 

Clinical messaging is a primary work product that is integral to delivering and coordinating care across all roles. 
Recent studies have related asynchronous messaging work to professional burnout among the healthcare workforce. 
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This study is one of the first to investigate the electronic work of asynchronous communication on care team 
members. Measuring the electronic work of asynchronous communication among care team members affords the 
opportunity to systematically identify opportunities to improve employee workload by reducing unnecessary 
interruptions. By better understanding how asynchronous messaging relates to EHR work, we can begin to create 
and evaluate informatics initiatives to support meaningful message triage and reduce unnecessary work. 
 

Table 1: Session Statistics for Employees Identified in Sub-Group Analysis 
  Administrative 

Staff Clinical Staff Cancer 
Providers Other All Care Team 

Members 
Number of Care Team Members 46 41 20 7 114 
Total Number of Sent Messages (%) 139722 (30.1) 217374 (46.9) 94936 (20.5) 11592 (2.5) 463624  

Mean (Range) 5138.3 
(186, 11207) 

14860.7 
(446, 27106) 

7537.9 
(409, 12451) 

1768.6 
(1006, 2306) 

10103.8 
(186, 27106)  

Median 4504 14198 6989 1647 8059 
Total Number of Sessions (%) 269155 (19.6) 571285 (41.5) 480453 (34.9) 55744 (4.0) 1376637  

Mean (Range) 10009.2 
(1091, 19009) 

28396.9 
(1646, 62975) 

36015.2 
(3302, 61818) 

9798.3 
(1290, 13477) 

26946.7 
(1091, 62975)  

Median 8726 27177 31503 9869 23505 
Number of Messaging Sessions (%) 153124 (29.7) 238067 (46.1) 112343 (21.8) 12791 (2.5) 516325  

Mean (Range) 5797.7 
(199, 11429) 

15339.4 
(533, 15298) 

9012.7 
(513, 15665) 

2032.6 
(938, 2563) 

11125.4 
(199, 27457)  

Median 4678 15298 8394 2147 8636 
Number of Daily Sessions 

     
 

Mean (Range) 35.8 (1, 172) 70.1 (1, 291) 70.9 (1, 321) 35.2 (1, 328) 62.7 (1, 328)  
Median 30 66 67 26 56 

Number of Daily Messaging Sessions 
    

 
Mean (Range) 22.1 (1, 93) 39.7 (1, 179) 18.3 (1, 72) 8.2 (1, 45) 29.8 (1, 179)  
Median 19 36 16 6 23 

Minutes per Session (No Messaging) 
    

 
Mean (Range) 1.5 (0, 63) 2.1 (0, 134.8) 2.8 (0, 86.0) 2.1 (0, 68.4) 2.3 (0, 134.8)  
Median 0.2 0.2 0.3 0.2 0.2 

Minutes per Messaging Session 
     

 
Mean (Range) 3.9 (0, 83.3) 3.4 (0, 138.7) 2.9 (0, 107.6) 3.3 (0, 73.9) 3.4 (0, 138.7)  
Median 2.1 1.3 0.9 1.1 1.4 

Number of Messages Read and Sent 
in Same Session (%) 78723 (80.0) 139437 (83.9) 54827 (82.1) 6816 (84.0) 279803 (82.5) 

Minutes between First Read and Send 
    

 
Mean (Range) 153.8 

(0, 20160.9) 
119.0 

(0, 20158.6) 
212.3 

(0, 20028.1) 
155.2 

(0, 18768.2) 
148.3 

(0, 20160.9)  
Median 2.5 0.8 0.7 0.9 1.1 
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Introduction 

Opioids are commonly prescribed for chronic pain, yet the safety and drug-specific risk of long-term exposure to 
opioids remain poorly understood. Opioid adverse events (OAEs) have been linked to worse care outcomes and 
increased costs.1 In an individual, OAEs can be nonspecific (e.g., constipation) or even fatal (e.g., respiratory arrest). 
Understanding the OAE phenotypes in those individuals chronically exposed to specific opioid medications can 
inform pharmacogenomic studies that ultimately support safer prescribing practices. Electronic health records (EHRs) 
have been used for longitudinal studies of chronic disease cohorts. The phenotype risk score (PheRS) is one method 
used to identify potential cases of Mendelian disease from phenotypes in the EHR.2 We hypothesized that we could 
leverage PheRS in non-Mendelian disease to quantify the OAE. Using EHR data, we identified chronic opioid users 
and OAEs occurring in periods of opioid exposure, or drug epochs. We aimed to (1) develop a drug-based PheRS to 
measure the OAE, and (2) differentiate OAEs by drug, with the goal of facilitating future pharmacogenomic studies 
of propensity for an OAE. 

Methods 

We identified opioid-exposed individuals as those with an inpatient or outpatient prescription containing an RxNorm 
opioid ingredient at Vanderbilt University Medical Center (VUMC) between Jan 1, 2012, and Mar 8, 2020. We defined 
chronic users as those with a ≥ 90-day supply of opioids with a < 30-day gap in supply over 180 days, or ≥ 10 opioid 
prescriptions in a year, per Calcaterra et al.3 We assumed full adherence and completion of prescriptions. Individuals 
with a history of a bone marrow transplant were excluded to maximize sample capture for future genetic studies. 

To develop a PheRS for OAEs, we captured OAEs using International Classification of Diseases (ICD) Clinical 
Modification (CM) billing codes (ICD-9-CM and ICD-10-CM) documented within 30 days of opioid exposure. We 
applied text mining to clinical notes to identify those OAE features that were not described by billing codes (e.g., 
torsades de pointes). Naloxone and methylnaltrexone exposures were identified by RxNorm ingredients. We mapped 
OAE phenotypes to phecodes (grouped ICD codes) and assigned weights based on the frequencies of phecodes among 
opioid-exposed individuals. Each weight was the negative log of the phecode frequency, such that rarer phecodes had 
greater weights. An individual’s PheRS was calculated by summing pertinent phecode weights.  

For each individual, we derived a baseline PheRS (PheRS0) to account for pre-existing conditions that might have 
overlapping features with our OAE phenotype. PheRS0 approximated the phenotypic pattern present before the first 
opioid exposure – the pre-exposure period. For a given individual, PheRS0 was the median across all PheRSs 
calculated at each outpatient or emergency department visit in the pre-exposure period. To obtain the PheRS most 
likely corresponding to an OAE, we used the maximum drug epoch PheRS, or drug PheRS (PheRSdrug). OAEs from 
a discontinued drug were accounted for by setting PheRS0 to zero when it was greater than PheRSdrug. The raw OAE 
PheRS was obtained by subtracting PheRS0 from PheRSdrug.  

The raw score was normalized using a generalized linear model that adjusted for the age at OAE, years between the 
first visit and OAE, gender, race, the number of opioid ingredients the individual was ever exposed to, and the change 
in Elixhauser Comorbidity Index from pre-exposure to OAE. The OAE date was the PheRSdrug date for those 
individuals with OAEs, and the end of the last drug epoch for those without OAEs. The studentized residuals from 
this model were the residualized PheRSOAE (PheRSOAE). The Wilcoxon rank-sum test was used to evaluate differences 
in the pseudomedians of PheRSOAE for chronic and non-chronic groups. To evaluate the impact of opioid exposures 
on PheRSOAE, we generated drug epochs of nonsteroidal anti-inflammatory drug (NSAID) exposures. We divided this 
NSAID-exposed group into those exposed to opioids and NSAIDs (Opioid-NSAID), and those exposed only to 
NSAIDs (NSAID Only). We also compared PheRSOAE across different opioids.  

Results 

Within the opioid-exposed group (N = 254,092), we identified 34,327 chronic opioid users. The Opioid-NSAID group 
(N = 85,692) had 21,341 chronic NSAID users, and the NSAID Only group (N = 56,432) had 13,071 chronic NSAID 
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users. Compared to non-chronic users, PheRSOAE was greater for chronic users in the opioid-exposed and Opioid-
NSAID groups (P < 0.001), and lower for chronic NSAID users in the NSAID Only group (P = 3.43e-25). For all 
opioids with the exception of meperidine, PheRSOAE was significantly greater among chronic users than non-chronic 
users (P < 0.001) (Figure 1). Compared to those exposed to other opioids, PheRSOAE was highest among methadone, 
hydromorphone, and oxymorphone users. Methylnaltrexone prescriptions were most common among patients 
prescribed oxymorphone. Hydromorphone use was associated with the greatest risk of developing torsades de pointes 
(RR = 12.1), a potentially life-threatening arrhythmia. Oxymorphone was associated with the greatest risk of having 
several OAEs including myoclonus and constipation. 

Discussion 

In our study, we used medication and billing data to identify chronic opioid users and OAEs. PheRSOAE distinguished 
chronic opioid users from their non-chronic counterparts. This signal did not persist within the NSAID Only group, 
suggesting that PheRSOAE detected OAEs related to opioid use. The usage of more potent opioids was linked to higher 
PheRSOAE. Each opioid ingredient was differentially associated with OAE phenotypes. PheRSOAE offers a novel, high 
throughput method for capturing and comparing drug-related adverse event profiles. In addition to including 
commonly observed OAE phenotypes (e.g., constipation), we incorporated medication data that are likely indicative 
of OAEs, such as methylnaltrexone and naloxone exposures. By identifying those individuals most affected by OAEs, 
PheRSOAE has the potential to inform genetic studies that can help reduce opioid-related mortality. 

PheRSOAE has three main limitations. First, we assumed drug adherence for outpatient prescriptions. This 
simplification may have overestimated our chronic opioid user cohort. Second, phenotypes that are commonly 
observed, but rarely billed for (e.g., dry mouth), were not well-represented. Third, the VUMC EHR transitioned to a 
different vendor in 2017, potentially inducing inconsistencies in medication data. Future work might incorporate 
clinical text to capture those OAEs that are uncommonly billed for. Additional structured data elements, such as 
morphine milligram equivalents (MMEs), might strengthen this analysis. Other studies might consider assessing the 
adverse events of other drugs, such as statins. We plan to explore genetic factors contributing to the burden of OAEs 
among chronic opioid users. Identifying genetic and phenotypic targets conferring risk for OAEs can ultimately inform 
the intervention and prevention of OAEs. 

Optional Illustrations 

Figure 1. Phenotype risk scores of opioid-exposed individuals and relative risks of adverse event phenotypes, by 
opioid. A) Counts and p-values from Wilcoxon rank-sum test of PheRSOAE for chronic and non-chronic users. B) 
Heatmap of difference in pseudomedian of PheRSOAE between chronic and non-chronic users of the same opioid 
(diagonals) and between all users of different opioids (off-diagonals). C) Relative risk of having phecode given 
exposure vs. no exposure to specific opioid. Phecodes ordered by frequency (aspiration is the rarest). 
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Introduction 
Application interoperability is a major problem for the healthcare industry.[1] One factor contributing to this 
problem is the multitude of data standards that exist, without consensus across the healthcare system for how and 
when to apply each. The current landscape is due, in part, to the initial desire of organizations to create “best-of-
breed” clinical information systems.[2] This resulted in the development of myriad unique interfaces to support 
communication between the various systems (e.g. lab, imaging, and financial). These interfaces continue to add 
significant cost to the healthcare industry.[1] 

In 2014, Health Level Seven International (HL7) released the first draft standard for trial use (DSTU) of Fast 
Healthcare Interoperability Resources (FHIR). Since then, a number of organizations have demonstrated the 
feasibility of the standard for clinical use. A large factor contributing to the increase in adoption of FHIR is its use of 
open internet standards and easily consumable web formats.[3] A number of electronic health record (EHR) vendors 
have already instituted some level of support for the specification. 

However, few studies exist that discuss the level of support for the standard provided by commercial EHRs, which 
has significant implications on interoperability. Additionally, while many studies have demonstrated the utility of 
FHIR in a particular clinical domain, few, if any, have measured the evolution of the standard over time. Our work 
aims to fill this gap in the literature. In this study, we compared the FHIR standard as specified by the international 
standards organization HL7, and the standard as implemented by one commercial EHR in the context of the 
functional requirements of a real-world clinical application. 

Methods 
Study Setting – We evaluated the FHIR specification at two general levels: (1) the standard as specified by HL7; and 
(2) the specification as implemented by our commercial EHR (Epic Systems Inc., Verona, WI). To conduct the 
evaluation, we focused on how a single clinical application used the FHIR standard at Children’s Hospital of 
Philadelphia (CHOP). We evaluated this usage over two distinct time periods. 

Standard Selection - For the purpose of this analysis, we limited our evaluation to two implementations of a clinical 
application that provided support for asthma patients within CHOP’s Emergency Department and outpatient Allergy 
clinics. While the departments differ in acuity, the information required for each care area was similar (e.g. both 
required information about medications and encounters). The broad class of FHIR resources we evaluated included 
those that could retrieve information about: (1) the patient; (2) encounters; (3) medications; (4) conditions (problem 
list and encounter specific); (5) procedures; (6) care locations; and (7) disease-specific (asthma) treatment plans. 
Development of the first application began in early 2017 using FHIR DSTU2. Development of the second instance 
of the application began in 2019 using FHIR Standard for Trial Use (STU) 3. We chose to use STU3 instead of 
Release 4 (R4) to allow our EHR vendor the opportunity to implement the latest version, which wasn’t released until 
December 27, 2018. 

Evaluation – We evaluated the standard across 4 different categories: (1) DSTU2 as defined by HL7; (2) STU3 as 
defined by HL7; (3) DSTU2 as implemented by the EHR during 2017; and (4) STU3 as implemented by the EHR 
during 2019. Particular emphasis was placed on the differences between categories that affected our ability to 
implement the clinical application. FHIR R4 was included as a secondary evaluation based on documented support 
in future EHR versions. 

Results 
In 2017, FHIR DSTU2 specified a total of 93 resources across 6 categories. At this time, the specification provided a 
resource for all of the general information we required. However, our EHR provided only limited support of FHIR 
(Table 1). For example, the encounter resource was not implemented and the MedicationOrder resource did not 
provide inpatient medication orders. In 2019, FHIR STU3 contained 117 resources across 5 categories. This release 
maintained the ability to conceptually meet our general information requirements. During this same period, the EHR 
did not provide support for all required STU3 resources. However, certain requirements of our application were 
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provided by earlier releases of the FHIR standard (e.g. Medication – DSTU2). The remaining resources did not 
contain specific information that was required for our application. For example, the Encounter resource did not 
include internal identifiers that are required to access other functionality provided by the EHR (i.e. navigation within 
the medical record). Additionally, the status field of the encounters provided in the web service did not match up 
with the EHR database (e.g. a patient with a status of “discharged” in the EHR database may have a status of 
“triaged” in the FHIR payload). Our EHR does not currently support profiling of FHIR resources. 

 
Discussion 
Our work analyzed the feasibility of using the FHIR specification as a data exchange standard for the development 
of a custom information visualization application over two time periods. We found an increase in the clinical 
coverage provided by the FHIR specification. However, we also identified a large gap between the standard as laid 
out by HL7 and the resources implemented by our commercial EHR. Much of the earlier work related to FHIR-
based applications focused on the ability of FHIR as a standard to provide value for health information technology. 
Our work is important in that it identifies clear gaps in the implementation of FHIR by commercial EHRs, which 
will have significant impacts on achieving application interoperability across organizations. 

This work also highlights the potential barriers of utilizing the FHIR standard, as implemented by our EHR, for the 
development of provider-facing applications. Previous work has identified the importance of health information 
systems providing appropriate content to the user.[4] We found a substantial discordance between what is recorded 
in the EHR and what is provided by the FHIR resource when obtaining the status of individual encounters. This lack 
of consistency could lead to serious adverse events as information is either filtered or represented incorrectly by the 
receiving system. 

This work was limited to a single institution and is focused on the real-world requirements to implement a single 
disease-specific application. It is possible that different organizations are using more recent versions of our EHR and 
other commercial EHRs are further along the FHIR implementation path. 

HL7’s FHIR standard can be used to develop advanced clinical decision support applications and should be 
considered as a replacement for older health information exchange methods. However, caution is advised, as support 
for the FHIR specification is highly dependent on what has been implemented by the EHR. Our evaluation revealed 
a large gap between the specification and what is provided by our commercial EHR as well as data integrity issues 
among those resources our EHR has implemented. 
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HL7 EHR HL7 EHR HL7 EHR
Patient Patient Full Full Full Full Full Full*

Encounter Full - Full Partial Full Partial*
Appointment Full - Full RO Full -
Medication Order Full Partial Full Partial Full Full*
Medication Details Full Full Full RO Full RO
Procedure Completed Full - Full - Full Full*
Procedure Order Full - Full Full Full -

Problem Condition Full Partial Full Full Full Full*
Care Plan Asthma Treatment Plan Full Partial Full - Full -
Location Care Location Full - Full RO Full RO*

Table 1: Mapping of Information Requirements to FHIR from HL7 and Vendor EHR

1. First evaluation period (2017); 2. Second evaluation period (2019); * Support in future verisions of EHR.

Encounter

Medication

Procedure

DSTU21 STU32 R4
Category Data Type
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Abstract (50 to 75 words) 

Lifestyle behavior largely impacts people’s health; however, changing these behaviors is challenging as a one-size-

fits-all approach cannot work for everyone. Recent advances in mobile technologies can revolutionize the delivery of 

personalized support to users. We conducted a systematic review evaluating personalized mobile interventions and 

found a positive, moderate effect on lifestyle behavior change. We identified that their effectiveness can be increased 

by using system-captured data for personalization and boosting retention rate.  

Introduction 

Today’s sensor and mobile applications, and advances in artificial intelligence can revolutionize behavior change 

science by providing personalized support to users. Specifically, personal data captured by sensor and mobile 

technologies can be analyzed by a range of algorithms (e.g. IF-THEN rules, machine learning) to reveal patterns about 

human behavior and enable the provision of just-in-time support1. The aim of this systematic review is to examine the 

effects of personalized mobile interventions on lifestyle behavior change (i.e. physical activity, diet, smoking and 

alcohol consumption).  

Methods 

We searched Medline, Embase, CINAHL, Scopus and The Cochrane library until Feb 2020, using terms related to 

mobile technologies, personalization and lifestyle behavior. Two independent investigators screened and included any 
randomized control trials (RCTs) that assessed a personalized mobile app or tracker and reported a health behavior 

change outcome (e.g. step count). Study quality was assessed using Cochrane’s risk of bias tool. A meta-analysis 

pooled together all reported outcomes and transformed all effect sizes into standardized mean difference (SMD). Meta-

regression was conducted to explore any observed statistical heterogeneity. All analyses were conducted using random 

effects model with the method of moments estimation and the improved variance estimator of Hartung-Knapp. This 

systematic review is compliant with the PRISMA statement.  

Results 

The database search retrieved 3261 unique articles; 13 RCTs were included in the meta-analysis (n=3765, 48.7% 

women). The average study duration was 14 weeks. The included studies were published from 2014 to 2019, and 

nearly 40% (5/13) studies were from the USA2-6. Seven studies had at least three out of five categories assessed as 

low risk of bias2, 4, 5, 7-10. Five interventions targeted physical activity3, 4, 6, 8, 10, three targeted alcohol use7, 9, 11, two 

targeted diet12, 13, and three targeted both physical activity and diet2, 5, 14. Retention rate (i.e. % of participants who 
completed the study) varied between 40% and 100% for the intervention group (mean: 85%). All studies included a 

mobile app as part of the intervention, three used an app in conjunction with a tracker or pedometer5, 10, 12. 

The most common personalized feature was the content of behavior recommendation, goal setting and feedback. Other 

than content, only one intervention personalized the delivery of intervention based on user gender and preferred 

conversation form (formal versus informal)13. In terms of the personalization algorithm, only three out of 13 studies 

explicitly mentioned the algorithm used. Two used machine learning methods2, 6, and one used rule-based approaches9.  

Ten interventions collected behavior data for personalization2, 3, 5-8, 10-13. Four interventions collected demographic 

information7, 10, 13, 14. One intervention collected user preference data for personalization13, and one collected user’s 

emotions9. Regarding the source of data, seven interventions collected user-reported data3, 7, 9, 11-14, three used phone 

sensors or trackers to capture data automatically5, 6, 8, and three used both2, 4, 10. 

The meta-analysis showed a positive effect on lifestyle behaviour favouring personalised mobile interventions (SDM 
0.618, 95% CI 0.172 to 1.064). Univariate meta-regression showed that interventions that used system-captured data 
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for personalization had higher effectiveness (i.e. reported more positive behavior change outcomes) than those that 

used user-reported data or both (p=0.004). Studies with higher retention rate also showed higher effectiveness 

(p=0.036). Due to the reporting of included studies, it was not possible to evaluate the impact of different 

personalization algorithms (e.g. machine learning) on lifestyle behavior outcomes. 

Conclusion 

Our meta-analysis shows that personalized mobile technologies can improve lifestyle behavior outcomes. This review 

extends the existing literature on personalized mobile interventions for behavior change by identifying factors 

associated with higher effectiveness, namely the use of system-captured data for personalization and high retention 

rate. Sensor and mobile technologies can automatically capture large amount of real-time data to provide the most 

updated information about the users and their contexts, and thus, enable the delivery of highly relevant, personalized 

support. Additionally, using system-captured data reduces the need for user input, and consequently, the cognitive 

load on users. This could potentially increase user engagement and retention, leading to higher effectiveness as 

observed in our meta-analysis. Future research should explore the potential of using system-captured data for 

personalization to maximize intervention effectiveness on behavior change.  
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Introduction 

The process of creating the 11th revision of the International Statistical Classification of Diseases and Related Health 
Problems (ICD-11) involves a fundamental change in the methodology for developing new classifications at the World 
Health Organization (WHO). Major departures from past ICD revisions include the development of an information 
model of ICD categories called the Content Model [1], the maintenance of all-inclusive knowledge about ICD-11 
content, called the Foundation, and the ability to create specialized classifications, called linearizations, for a range of 
use cases.  

In addition to ICD, the WHO Family of International Classifications (WHO-FIC) includes as reference classifications 
the International Classification of Functioning, Disability, and Health (ICF)[2]; and the emerging International 
Classification of Health Interventions (ICHI)[3]. The three classifications together allow the coding of diseases and 
disorders, functioning and disabilities, and health interventions, covering the main parameters of health and the health 
system. The goal of this work is to develop a harmonized WHO-FIC Content Model that defines the information 
structure of the entities in these classifications and their semantic roles. Such an overarching model will allow uniform 
modeling of WHO-FIC classifications, a common development and update infrastructure, and consistent references 
and joint use of the classifications. 

Methods 
We abstracted generic elements of the ICD-11 Content Model as the initial prototype for a harmonized WHO-FIC 
Content Model and then analyzed the structures of ICD, ICF, and ICHI to determine their shared and unique features. 
Given ICHI’s definition of health interventions in terms of targets, actions, and means and ICF’s coding scheme 
requiring body structure, body function, activities and participation (A&P) life areas, and environmental factors be 
combined with their associated qualifiers, features absent in ICD, major extensions to the ICD-based harmonized 
model are necessary. We iteratively revised the model as we received feedback from experts in each classification. 
We formalized the model and its specialization in each classification using the Web Ontology Language (OWL) to 
verify that they are sufficient for the information content in the three classifications. 

Results 

We conceptualize the harmonized WHO-FIC Content Model as consisting of the following: (1) Codable entities in a 
classification: These are the categories that represent phenomena that a classification is designed to encode. For ICD, 
diseases, disorders, and injuries are examples of codable entities. For ICHI, health interventions are the codable 
entities. In ICF, codes for body structure, body function, and activities and A&P life areas, used in conjunction with 
qualifiers such as those for body function impairment, activity limitations and participation restrictions, are used to 
assess functioning and disability, which we provisionally denote as functioning situations. Similarly, ICF 
environmental factors and their qualifiers are used to assess the roles environmental factors play in these functioning 
situations. These environmental factor roles are part of what ICF is designed to encode. (2) Structural component: 
These are the entities that help to define the meaning of codable entities. For ICD, because of the heterogeneous nature 
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of ICD categories and because no such structural component entities had been defined, we defer the modeling of 
ICD’s structural components to the future. For ICHI, we designate the targets, actions, and means entities that define 
health interventions the structural components in ICHI. For ICF, body structure, body function, A&P, and 
environmental factors play similar roles as structural components that help to define the functioning situations and 
environmental factor roles. (3) Defining qualifiers: In ICF, qualifiers such as the extent of impairment qualifier, are 
necessary for the definition of codable entities. (4) Extension codes: These are optional entities that, such as severity 
scales in ICD and the location of impairment qualifier in ICF, can be used to add details to the codable entities. (5) 
Properties of the classification entities: These include informational properties, such as title and definition, and post-
coordination properties that represent axes along which the entities can be defined logically or specialized. Table 1 
lists examples of these entities and properties in ICD, ICF, and ICHI. 

As part of the WHO-FIC Content Model, a post-coordination model specifies how the structural components, defining 
qualifiers, and extension codes can be used, in conjunction with post-coordination properties, to define and extend 
codable entities. Finally, a linearization model specifies what entities and relationships are necessary to describe any 
linearization in the Foundation. It allows the specification of the entities that should be included in a linearization. 

Table 1. Examples of codable entity, structural components, defining qualifiers, extension codes, and properties in 
ICD, ICHI, and ICF 

 Entities 

Properties (Examples) 
 

Codable Entity 
(Examples) 

Structural 
Components 

Defining 
Qualifiers 
(Examples) 

Extension Codes 
(Examples) 

ICD Disease, Injury, 
Symptom, 
Injuries 

None None Infectious agents, 
Fracture types 

title, definition, synonym, 
hasMechanismOfInjury, 
hasSeverity, hasCausingCondition 

ICF Unimpaired 
body function, 
Impaired body 
function, 
Limited activity  

Body structure, 
Body function, 
A&P, 
Environmental 
factor 

Extent of 
impairment 
qualifier, 
Extent of 
barrier or 
facilitator 
qualifier 

Location of 
impairment qualifier 

title, definition, inclusionTerm, 
hasFunctioningComponent, 
hasImpairmentNature 

ICHI Health 
Intervention 

Target, Action, 
Means 

None Assistive device, 
Specific anatomy 

title, definition, hasTarget, 
hasAction, hasMeans, 
hasAssistiveDevice 

We used Protégé [4] to formalize the WHO-FIC Content Model as an OWL ontology, which is imported into another 
ontology that extends the model to include all specific concepts and properties of the three WHO-FIC reference 
classifications, creating a single Foundation where all knowledge about the three classifications are represented. 

Discussion 

ICD and ICHI can easily be formulated in this framework. For ICF, we propose the introduction, as codable entities, 
of (1) functioning situations and (2) environmental factor role that are not explicitly modeled in the current formulation 
of ICF. The post-coordination model defines the semantic roles that each type of entity plays in the information model. 
Having the three classification in a common model opens up the possibility of seamless joint use of entities from 
multiple classifications with uniform syntax, thus providing consistent coding schemes for diagnosis, functional 
assessment, and interventions. 
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Introduction 

Previously, a mathematical model of primary tumor (PT) growth and secondary distant metastasis (sdMTS) growth in 

breast cancer (BC) (CoMPaS), considering the TNM classification, was presented [1]. Goal: To detect the diagnostic 

periods for visible sdMTS via CoMPaS in patients with different subtypes ER/PR/HER2/Ki-67 of breast cancer.  

Methods 

The model CoMPaS is based on an exponential growth model and complementing formulas, and the model 

corresponds to the TNM classification and subtypes ER/PR/HER2/Ki-67 classification. CoMPaS allows calculating 

the tumor volume doubling time (TVDT) of the PT and sdMTSs and the earliest diagnostic period of sdMTSs. The 

CoMPaS model reflects: 1) subtypes of BC such as ER/PR/HER2/Ki-67, where Luminal A = HR(+)/HER2(–), 

Luminal B = HR(+)/HER2(+), Luminal B = HR(+)/HER2(–), HR(–)/HER2(+) and HR(–)/HER2(–), depending on 

the TVDTMTS; 2) the growth processes of the PT and sdMTSs in BC patients without or with lymph node metastases 

(MTSs) in accordance with the 8th edition AJCC prognostic staging system for breast cancer [2]. 

Results 

Critical growth periods of BC are defined via CoMPaS: (1) the non-visible growth period of the PT; (2) the non-visible 

growth period of the sdMTSs; and (3) the visible growth period of the sdMTSs. CoMPaS correctly describes the 

growth period of the PT, which corresponds to the TNM and ER/PR/HER2/Ki-67 subtypes classification, the growth 

period of the sdMTSs and the 1-15-year survival of BC patients, taking into account TNM and ER/PR/HER2/Ki-67 

subtypes classification. CoMPaS correctly describes the growth of the PT in ER/PR/HER2/Ki-67 subtypes of BC 

patients and helps to calculate the different diagnostic periods, depending on the TVDTMTS, when sdMTSs might 

appear. 

Discussion 

CoMPaS and the corresponding software tool can help: (1) to optimize the process of detecting the different diagnostic 

periods for sdMTSs in BC patients with different tumor subtypes ER/PR/HER2/Ki-67 and the growth rate of the PT 

and sdMTSs; (2) to start the early treatment of small sdMTSs in BC patients with different tumor subtypes 

ER/PR/HER2/Ki-67; (3) to increase the survival of BC patients with sdMTSs of different tumor subtypes 

ER/PR/HER2/Ki-67; and (4) to consider the patient to be almost healthy if sdMTSs do not appear during the different 

diagnostic periods. 

References 

1. Tyuryumina E., Neznanov A. Consolidated mathematical growth model of the primary tumor and sdMTS of 

breast cancer (CoMPaS). PLoS One. 2018; 13(7): e0200148. https://doi.org/10.1371/journal.pone.0200148 

PMID: 29979733  

2. Hortobagyi GN, Connolly JL, D'Orsi CJ, Edge SB, Mittendorf EA, Rugo HS, et al. Breast. In: Amin MB, Edge 

S, Greene F, Byrd DR, Brookland RK, Washington MK, et al; editors. American Joint Committee on Cancer 

(AJCC). AJCC cancer staging manual. 8th ed. New York, NY: Springer; 2017. pp. 589-628. 

https://www.springer.com/gp/book/9783319406176#aboutBook 

 

1653

https://doi.org/10.1371/journal.pone.0200148
https://www.springer.com/gp/book/9783319406176#aboutBook


Screening Social Determinants of Health Using Health Information Exchange 
and Mobile Technology 

  
Melissa S. Van Cain, MD, MBI1; Jennifer G. Faries, MBA, MA2; Juell B. Homco, PhD, 

MPH1; Blake J. Lesselroth, MD, MBI1; David C. Kendrick, MD, MPH1,2 

1University of Oklahoma School of Community Medicine, Tulsa, Oklahoma; 2MyHealth 
Access Network, Tulsa, Oklahoma 

 
Introduction 
Social determinants of health (SDoH) are an important driver of health care utilization, spending, and patient 
outcomes.1 In 2016, the Centers for Medicare & Medicaid Innovation (CMMI) awarded 32 cooperative 
agreements to Accountable Health Communities (AHC) to assess the impact of screening and intervention on 
five health-related social needs (HRSN) including housing instability, food insecurity, transportation needs, 
utility needs, and safety/interpersonal violence.2 Despite a range of published approaches to HRSN screening, 
few are scalable or generalizable to all healthcare settings. Traditionally, data gathered through screening has 
been difficult to share between facilities and aggregate for public health surveillance.3 The purpose of this 
project was to design and implement a screening process that was automated, scalable, and standardized to 
accelerate practice adoption and characterize population-level HRSN. 
 
Methods 
MyHealth – a regional non-profit health information exchange (HIE) organization – led an inter-agency 
consortium of Oklahoma stakeholders to develop and deploy a consumer smartphone application and related 
workflow linking providers, patients, and community resource agencies. The Route 66 AHC Consortium 
designed and implemented a novel solution that leverages HIE and mobile technology to screen patients during 
clinical intake. The local electronic health record (EHR) sends an automated admit, discharge, transfer (ADT) 
message to MyHealth. MyHealth sends a text to the patient’s phone with a secure link to the AHC HRSN 
screening tool. Patients with an identified need receive a follow-up text with a community resource summary 
(CRS) and tailored referrals to local agencies. Community-dwelling Medicare and Medicaid patients with 
social needs, and at least two emergency department visits in the preceding 12 months, are assigned a personal 
navigator. Providers receive secure online reports about their patients. This program qualifies practices for the 
CMS Merit Incentive Payment System (MIPS) requirement and is an approved methodology for the 
Comprehensive Primary Care Plus (CPC+) Program. 
 
Results 
Between August 2018 and December 2019, MyHealth enrolled 90 Oklahoma practices (Figure 1).  
MyHealth sent 536,156 SDoH screening messages to 234,040 unique patients; 447,027 (83%) were 
successfully delivered. Figure 2 shows the number of screening responses received over time. 58,479 (13%) 
responses were received and, of those, 13,935 (24%) screened positive. The majority of responses were linked 
to primary care visits (83%); the remainder originated at other treatment locations (Figure 3). The response 
rate from each type of site is shown in Figure 4; Obstetrics/ Gynecology clinics had the highest response rate 
at 17%.  
 
Discussion 
The Route 66 AHC Consortium – led by MyHealth – successfully developed and implemented a novel SDoH 
screening process using regional data exchange and a consumer-centered technology. This approach is unique 
in that it (1) provides a scalable solution for screening large populations; (2) decreases missed screening 
opportunities through automation; (3) improves continuity of care by enabling screening at any practice 
location using HIE; (4) improves response consistency by creating a standardized data pipeline; and (5) 
generates aggregate data on the social needs of populations that can be used by policymakers to identify needs 
and prioritize allocation of resources. Challenges encountered included convincing health systems to deploy a 
novel screening solution, response rate variability between sites, and ensuring clinical staff continue to focus 
on the AHC introduction with competing priorities during the coronavirus pandemic.   
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Conclusion 
The Route 66 AHC Consortium developed a digital and consumer-centric system that addresses many 
practice-level barriers to SDoH screening and intervention. Some limitations to the approach include the 
presence of a potential single point of failure (i.e., the HIE) for population screening and a technological 
barrier to screening for patients without smartphones. Lessons learned include how to create community 
partnerships for large scale interventions, the importance of real-time screening and reporting of critical events, 
and the increased need for services during the coronavirus pandemic. Our next steps in the product lifecycle 
include increasing the number of sites enrolled and using this infrastructure for other healthcare screenings 
such as depression and adverse childhood experiences. 
 

       
Figure 1. Number of Accountable Health      Figure 2. Number of HRSN Screening Responses  
Communities Screening Sites Added by Month    by Month 
 

      
Figure 3. Source of HRSN Screening    Figure 4. HRSN Screening Response Rates by Practice Type 
Responses by Practice Type  
 
The project described was supported by Funding Opportunity Number CMS- 1P1-17 -001 from the U.S. 
Department of Health & Human Services, Centers for Medicare & Medicaid Services. “The contents provided 
are solely the responsibility of the authors and do not necessarily represent the official views of HHS or any of 
its agencies.” 
 
References  
1. Nuruzzaman, N., Broadwin, M., Kourouma, K., & Olson, D. P. (2015). Making the Social Determinants of Health 
a Routine Part of Medical Care. Journal of Healthcare for the Poor and Underserved, 26(2), 321-327. 
2. Billioux, A., MD, DPhil, Verlander, K., MPH, Anthony, S., DrPH, & Alley, D., PhD. (2017). Standardized 
Screening for Health-Related Social Needs in Clinical Settings: The Accountable Health Communities Screening 
Tool. National Academy of Medicine Perspectives, 1-9. 
3. LaForge K, Gold R, Cottrell E, et al. How 6 Organizations Developed Tools and Processes for Social 
Determinants of Health Screening in Primary Care: An Overview. J Ambul Care Manage. 2018;41(1):2–14.  

0

20

40

60

80

100

Aug
-18

Oct-
18

Dec-
18

Feb
-19

Apr-
19

Jun
-19

Aug
-19

Oct-
19

Dec-
19

N
um

be
r o

f S
ite

s

Month
Number added each month Total sites enrolled

0

2000

4000

6000

8000

10000

Aug
-18

Oct-
18

Dec-
18

Feb
-19

Apr-
19

Jun
-19

Aug
-19

Oct-
19

Dec-
19

N
um

be
r o

f R
es

po
ns

es

Month
Responded Responded with at least 1 need

83%

17%

Primary care clinics Other practice types

14%

9%
6%

17%
13%

0%

4%

8%

12%

16%

20%

Primary care
clinic

Emergency
department

Hospital
outpatient

Obstetrics/
gynecology

clinics

Other
specialty

clinic

R
es

po
ns

e 
R

at
e

Practice Type

1655



Wh-EHR is the "Hidden" Decision Maker?  

A Novel Service-Based Approach to Supervising Resident Role Attribution 
Michael D. Wang, MD1, Benjamin I. Rosner, MD, PhD1, Jen J. Gong, PhD1,  

Julia Adler-Milstein, PhD1, Glenn Rosenbluth, MD1 
1University of California, San Francisco, San Francisco, CA 

Introduction 

Correct attribution of patients to clinicians is an important but under-recognized class of problems. In team-based 

care settings such as residency programs, attribution is essential for retrospectively establishing the chain of 

responsibility of care, and for identifying the correct patients for follow up learning opportunities. In non -training 

settings, it is also essential in evaluating an individual provider’s performance metrics. Unfortunately,  inpatient 

physician schedules are typically built on a mosaic of siloed electronic and manual tools that are rarely in a single 

machine-readable format.  As a result, electronic health record (EHR) data has been proposed to infer attribution and 

remove the dependency on hard-to-access schedules.   

Attribution models using access logs of the EHR - consisting of time-stamped provider activities - have been used to 

attribute patients to a “frontline provider” such as an intern.1 However, these models have limited use for providers 

such as supervising residents and fellows who may be “digitally silent” without explicit EHR -based patient 

responsibilities. Variation in team dynamics, including the degree to which supervisors trust supervisees, may result 

in supervisors touching the EHR in limited ways, or not at all. (Figure 1A) Other examples include supervising 

consultants (e.g. chart review as part of an informal “curbside” consult), and cross coverage. Distinguishing the 

potentially silent supervisor from other users is particularly important because the former is often the primary 

decision maker in a patient’s care. To attribute supervising residents, we developed a logistic regression model using 

access log activities, as well as a novel, clinical service-centered approach to feature generation. 

Methods 

The study population was drawn from the 163 bed University of California, San Francisco (UCSF) Benioff 

Children’s Hospital. Inpatient hospitalizations were studied on weekdays from July 1, 2018 to June 30, 2019, 

excluding university holidays. These criteria were chosen to focus on days with the most representative day -team 

structure, consisting of two interns, a  supervising resident, and a supervising attending physician. Features  were 

generated for hospitalized patients on Pediatric Hospital Medicine inpatient teams (Peds). To examine for 

generalizability, the feature sets were also generated for Adult Hospital Medicine teaching service teams at the 600 

bed UCSF Moffitt-Long Hospitals (Medicine).  An online schedule (Amion) was used as a reference standard for the 

supervising resident for each day.  EHR data was extracted with SQL Server; analysis was performed on R 3.5.0. 

Feature extraction 

Patient-centered (PC) and service-centered (SC) feature sets were generated for each of the clinical sites, resulting in 

four feature sets: a  pediatric PC, a pediatric SC, a medicine PC, and a medicine SC feature set. All sets contained the 

post graduate year of a resident, the first/last hours of daily EHR activity, and the percentage of the resident ’s 

activity occurring between 1AM and 4AM (to distinguish night resident activity from day resident activity).  

The PC sets calculated the proportion of activity performed on a particular patient-day by a resident for notes, 

orders, and all EHR activity as measured by the access log. A row was generated for each resident-patient-day for 

residents that had at least one digital action on that patient-day; the row’s label was 1 if the row’s user matched the 

reference supervising resident for that patient-day and 0 otherwise.  If a  resident was digitally silent on a given 

patient-day, no row would be generated for that resident. The SC sets, on the other hand, generated features for the 

proportion of resident activity performed on a particular service-day across all patients on that service for notes, 

orders, and total EHR activity. In addition to the proportion of activity across the entire service, the SC set s 

calculated the proportion of patients on that service where the resident had notes, orders, or total EHR activity. A 

row was generated for each resident-service-day; the row was labeled 1 if the row’s user matched the reference 

supervising resident for that service-day. Features in both sets were normalized between 0 and 1 prior to modeling.  
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Modeling 

Each feature set’s data were split into a 70:10:20 training, validation, and test set. Logistic regression models were 

trained on each of the feature sets, with tuning performed on the pediatric SC validation set.  Logistic was chosen 

over linear regression  as we anticipated sigmoid relationships for several variables such as number of notes written 

and post-graduate year.  For any given patient-day or service-day, the supervising resident was selected by 

identifying the user from among all residents with the highest predicted score. Accuracy was calculated as the 

percentage of patient-days in which the supervising resident was correctly identified against the reference label. To 

determine significance, we evaluated the models on 100 bootstrapped samples. 

 

Fig 1A: Residents with known attribution to patients (green solid lines) identified by user EHR activity in the 

patient’s chart. When there is no EHR activity by the resident for a given patient -day, a PC model fails in attribution 

(e.g. resident 1 to Patient C; resident 2 to Patients E, G). However, an SC model can infer these attributions (purple 

dashed lines). Fig 1B: Model accuracy of SC vs PC approaches. 

Results 

Pediatric and medicine feature sets evaluated 80 candidate pediatric residents for attribution across 1,100 patients 

and 4,496 inpatient-days, and 201 candidate medicine residents across 1,399 patients and 4,397 inpatient -days 

respectively. 204/4,496 (4.5%) of pediatric inpatient-days had no supervising resident EHR activity, and 233/4,397 

(5.3%) of adult medicine inpatient-days had no such activity. The pediatric PC model had 72% accuracy 

(95%CI:71-73%), which increased to 85%(95%CI:85-86%) with the SC model approach (Figure 1B, p<0.001). The 

medicine SC model increased accuracy from 76% (PC, 95%CI: 76-77%) to 89% (SC, 95%CI: 89-90%) (p<0.001). 

Significant features in both SC models included: 1. the proportion of patients on the service interacted with by the 

resident, 2. post graduate year, and 3. the proportion of nighttime EHR events across the service (1AM-4AM). 

Conclusion 

SC modeling is a novel approach to attribution, particularly for providers such as supervising residents who may be 

“digitally silent” on a given patient-day(~5% of patient days in our data). Adding SC features resulted in absolute 

increases in accuracy of 13% for both pediatrics and medicine, suggesting not only that this approach improves 

attribution accuracy, but that it appears to generalize across different clinical specialties at our institution. 

Limitations include the model’s dependence on a single supervising resident per day -team structure, and a shift 

structure in which the primary service is a day-only service, with resident cross coverage (non-primary service) at 

night. The model requires availability of a clinical roster of eligible providers and daily patient assignment to 

service, both of which are common across multiple clinical settings (primary or consultant teams) and subspecialties. 

As such, this approach may have utility in solving provider attribution problems in many settings.   
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Introduction and Background 

With the increasing digitization of healthcare institutions, the resulting wealth of computationally 

accessible data has led to a digital health revolution. There is an ever-increasing amount of interest in 

leveraging this wealth of digitized data to drastically transform all aspects of modern clinical practice and 

research, particularly to discover new diagnostic and treatment methodologies and to develop analytics 

tools capable of performing clinically relevant predictions and assist in the formation of clinical decisions. 

There has been a plethora of developments in utilizing statistical models to perform various clinical tasks, 

including phenotyping and predictive modeling. In particular, usage of deep learning strategies has been 

particularly promising due to the ability to achieve high performance with minimal feature selection and 

relatively moderate labeled dataset size. Despite this, adoption of such models has been limited in clinical 

settings, due in large part to their limited transparency and tractability being in contravention of clinical 

care requirements and associated governmental regulations
1
.  

Nevertheless, these deep learning approaches are valuable as the computer is capable of deriving 

knowledge from the labeled data that may not even be known to the human experts, a key component of 

any computational learning healthcare system. It is therefore desirable to have the capability to mine this 

knowledge in an interpretable form. This is problematic as traditional frequency-based approaches to this 

knowledge mining task require an extremely large amount of labeled data. Additionally, the large 

dimensionality of the input data typically used for deep learning imposes computational limitations.  

We theorize that it may be possible to use trained deep learning algorithms to generate a large weakly 

labeled dataset for knowledge mining purposes, and use query expansion approaches from the 

information retrieval domain to do feature selection and reduce dimensionality for interpretable models, 

such as decision trees. In this study, we present a pilot project implementing such an approach to extract 

the underlying knowledge model being used by a deep neural network backed algorithm.  

 

Materials and Methods  
We chose to utilize a priorly developed algorithm for detecting mentions of white matter disease (WMD) 

within radiology reports2 using a convolutional neural net to generate a large weakly-labeled dataset 

consisting of 71,411 distinct radiology reports (n=5,117 positive cases). This cohort of documents and 

their associated labels were then used for our downstream knowledge model mining task.  

We note that the completeness of our model can be estimated using a decision tree: if the underlying 

knowledge captured by the statistical model is completely extracted, the decision tree’s performance 

should be near that of underlying statistical algorithm. We thus recast this problem as a distantly 

supervised prediction task and split this labeled dataset into 70% training and 30% testing sets, after 

which the corresponding radiology reports and labels were fed into an Apache Spark job.  

When addressing the question of what features should be selected for our downstream decision tree (i.e. 

our knowledge model), we refer to a paradigm within information retrieval algorithms termed pseudo-

relevance feedback, where retrieved results that are assumed accurate are used to generate additional 

query terms. We repurpose the algorithm used for this purpose in the currently most popular open-source 

information retrieval framework, Elasticsearch, here, called the 𝐽𝐿𝐻 algorithm
3
.  Briefly, we first tokenize 

all documentation in 𝐶 and 𝐶𝑡𝑔𝑡, then the JLH score for each token 𝑡 given a target corpus 𝐶𝑡𝑔𝑡 and a 

background corpus 𝐶 can be described as 𝐽𝐿𝐻(𝑡, 𝐶𝑡𝑔𝑡, 𝐶) = 𝑝(𝑡, 𝐶𝑡𝑔𝑡 )/𝑝(𝑡, 𝐶)  × (𝑝(𝑡, 𝐶𝑡𝑔𝑡 ) − 𝑝(𝑡, 𝐶)) 
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where 𝑝(𝑡, 𝐶) indicates the proportion of documents in 𝐶 that possess the token 𝑡. When determining 

candidates, we select the top 20 tokens 𝑡 where 𝑡 ∈ 𝐶𝑡𝑔𝑡 ordered by descending JLH scores. We present 

our overall algorithm below: 

Trained Deep 
Learning 
Model

Weakly 
Labeled 

Large Dataset

Manually 
Labeled Small 

Dataset

Decision Node Candidate Generation
(JLH – Append New Candidates)

Decision Tree 
Training

F1 Performance 
Evaluation

Satisfactory?

70%

30% Increase 
Recall?

Increase 
Precision

Set 𝐶𝑡𝑔𝑡 as False 

Negatives from 
Running Trained DT 

on Training Set

Set 𝐶𝑡𝑔𝑡 as False 

Positives from 
Running Trained DT 

on Training Set

No No

Yes

Set 𝐶𝑡𝑔𝑡 as subset 

with target label

Save DT 
Model and 

Features

Yes

 

Results and Discussion 

Our pipeline completed after 3 iterations. The final decision tree consisted of 12 decision nodes with 

terms all directly related to white matter disease (e.g. “leukoaraiosis” as well as the explicit words “white” 

and “matter”) generated from our iterative candidate generation steps, with a final 𝑓1 measure of 0.983 

and a recall and precision of 0.978 and 0.989 respectively. Considering the high performance of 

prediction on the distantly supervised dataset and the fact that the extracted decision nodes are all very 

closely related to the prediction task (WMD), we believe that our pilot results suggest that our approach 

may be feasible to extract important portions of the knowledge model underlying deep learning models 

for manual review and incorporation as part of transparent learning healthcare system implementations.  

 

We note however, that the prediction task being done here has limited inference involved, as the deep 

learning task was for retrospective phenotyping rather than prediction. The capabilities being 

demonstrated here would be much more valuable as applied to inference tasks. As such, we plan to 

evaluate and refine this methodology against a model designed for predictive tasks as part of future work.  
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Introduction: 

Each day, 130 people die from opioid overdose in the United States.(1) These deaths are attributed to prescription 

opioids (i.e. oxycodone, hydrocodone, morphine, tramadol, etc.), illicit opioids (i.e. heroin, illicitly manufactured 

fentanyl and analogs), and frequently both as their use is heavily associated (80% of heroin users report using 

prescription opioids prior to heroin).(2) Despite an overall reduction of opioid prescribing nationwide, mortality due 

to prescription opioids increased by 15% since 2012 and has doubled when including non-prescription opioids.(3) 

Tennessee has a higher-than-average opioid overdose death rate, with 1,776 deaths in 2017, the last year with data 

available.(4) 

 

Any patient using opioids can overdose, but factors including high dose, concomitant use of benzodiazepines, use of 

non-prescribed opioids and history of substance use disorder are known to increase the risk of death from overdose. 

 

Naloxone is a competitive opioid antagonist that can quickly reverse the respiratory depression and sedation caused 

by opioid overdose.(5) When administered in the setting of overdose, naloxone can be life-saving, and studies have 

shown that providing patients with naloxone reduces opioid overdose deaths.(6, 7) Therefore, the Center for Disease 

Control and the US Office of the Surgeon General recommended increasing access to this life-saving medication and 

offering naloxone to patients at risk for overdose.(8) 

 

Methods: 

To increase prescribing of naloxone in our organization, we developed an alert in our electronic health record (Epic), 

which alerts providers when patients have a high risk of opioid overdose based on high dose (morphine equivalent 

daily dose [MEDD] >= 90 

morphine milligram equivalents 

[MMEs] per day), concomitant 

benzodiazepine prescription or 

history of opioid use disorder or 

opioid overdose.  

 

The alert gives relevant 

information to the prescriber at 

the time of alerting and allows 

the prescriber to easily prescribe 

naloxone nasal spray or auto-

injector. Figure 1 shows a 

screenshot of the alert. The alert 

fires at the time a relevant order 

is signed. Once the patient is 

prescribed naloxone, the alert 

will not show again. 

 

We extracted data on the number 

of outpatient naloxone 

prescriptions, per day, from our 

clinical data warehouse before 

and after the alert went live.  Figure 1. Screenshot of naloxone co-prescribing alert. © 2020 Epic Systems 
Corporation. Used with permission. 
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Results: 

Prior to the alert, providers at Vanderbilt 

University Medical Center wrote an average of 

18.3 outpatient naloxone prescriptions per 

week.  Over the subsequent 7 weeks after the 

alert went live, the average increased to 132.3 

(P < 0.0001, using Student’s t test).  Figure 2 

shows the rate of change per week.  

 

Discussion: 

An automatic naloxone alert for providers 

managing patients at high risk of overdose was 

highly effective and led to an increase in 

naloxone prescriptions at Vanderbilt University 

Medical Center. Potential positive 

contributors include: 

 

1. The alert is highly targeted, and only fires for patients at high risk of overdose. 

2. The alert provides detailed information, including MEDD calculations, details on why it fired and links to 

external references. This allows providers to quickly survey the situation. 

3. The alert is actionable, and the default action (consistent with the surgeon general’s recommendation) is to 

prescribe naloxone. 

 

Anecdotally, one provider also told us that he used the detailed display of the alert to show patients their total MEDD 

and risk factors, and to encourage them to reduce their use of opioids to reduce their risk of overdose. This was an 

unintended benefit of the detailed design of the alert. Additional provider feedback allowed us to increase the 

specificity of the alert and prevent it from firing in scenarios where one-time benzodiazepines are prescribed for 

procedures. 

 

In future work, we plan to evaluate whether patients filled these prescriptions (to the extent that pharmacy fill data is 

available) and whether patients receive a refill of naloxone (suggesting that they may have used their supply). We also 

plan to analyze whether the prescribing rate plateaus over time, as more at-risk patients have received a prescription. 

 

Conclusion: 

At Vanderbilt University Medical Center, an electronic health record alert which suggested prescribing naloxone to 

at-risk patients was highly effective, and relatively easy to build. We recommend that other organizations implement 

similar clinical decision support. 
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Introduction 
Hospitalization and emergency department (ED) visits lead to high healthcare expenditures.1 Many patients who are 
hospitalized or admitted to the ED for mental health disorders (MHDs) have limited use of outpatient mental health 
services,1 both before admission and after discharge. For patients who had no previous encounter with outpatient 
services, earlier diagnosis and interventions offered by outpatient mental health services might potentially prevent 
future, preventable hospitalizations or ED admissions.2 In addition, adequate aftercare and follow-up treatment after 
discharge are necessary for recovery and reducing readmission rates.3 Whereas the utilization of healthcare services 
among patients hospitalized for MHDs have been well studied for Medicare beneficiaries,4–6 few research has focused 
on commercially insured beneficiaries, despite the fact that this group accounts for the majority of the insured 
population in the US.7 To fill in this gap, in this study, we use claims data to characterize the healthcare utilization 
patterns of commercially insured patients before and after a psychiatric hospitalization admitted through the ED (“ED-
referred psychiatric hospitalization”).  

 

Methods 
The Health Care Cost Institute (HCCI) is a non-profit independent research institute which currently holds nationwide 
de-identified health insurance claims data of beneficiaries covered by commercial or Medicare Advantage plans from 
four major health insurance companies in the US.8 Using insurance claims data from the HCCI database, we identified 
patients who had an ED-referred psychiatric hospitalization with an MHD-related primary diagnosis (index event) 
between 1/1/2012 and 12/31/2014. MHDs were defined by the following International Classification of Diseases, 
Ninth Revision, Clinical Modification (ICD-9-CM) codes: 290-319, 648.4, E950-E959, V11, V40, V62.84, V62.85, 
V71.0, and V79. For patients with multiple encounters in the study window, the first encounter was used as the index 
event. To fully capture the utilization patterns, the study sample was further restricted to patients with continuous 
enrollment at least 12 months before and 12 months after the index event. 

 

Results 

In total, 48,736 patients met our inclusion criteria. The number of healthcare encounters peaked one week before and 
two weeks after the index event (Figure 1). In particular, one week before the hospital admission, 19.4% (n=9,457) of 
the patients had healthcare encounters, among which 45.01% (n=4,257) received an MHD diagnosis; one year before 
the hospital admission, 75.80% (n=36,942) had healthcare encounters, among which 47.71% (n=17,626) received an 
MHD diagnosis. The post-discharge healthcare utilization patterns were similar, but more frequent. Two weeks after 
the hospital discharge, 34.79% (n=16,953) of the patients had any healthcare encounters, among which 59.62% 
(n=10,107) received an MHD diagnosis, suggesting that almost half of the patients had not received any follow-up 
mental health services. One year after the discharge, 81.59% (n=39,766) of the patients had healthcare encounters, 
among which 63.32% (n=25,178) received an MHD diagnosis. The cumulative post-one-year MHD-related hospital 
readmission rate was 28.76% (n=14,016), among which 41.59% (n=5,829) of the patients did not use any outpatient 
services. The cumulative post-one-year MHD-related ED readmission rate was 31.36% (n=15,283), among which 
46.96% (n=7,177) had no prior use of outpatient services. 

 

Discussion 
Our study showed that the majority of patients covered by commercial or Medicare Advantage insurance plans with 
ED-referred psychiatric hospitalization had healthcare encounters one year before the index event, but only half of 
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them received an MHD-related diagnosis; this finding is consistent with previous studies.9,10 Encounters with the 
healthcare system increased after the index event, yet one third of them had no follow-up visits one year after the 
hospital discharge, and the post one-year hospital- and ED-readmission rates were both around 30%. This suggests 
that lack of follow-up services and continuity of care may lead to an increase in hospital- and ED-readmissions. To 
the best of our knowledge, this is the first study that provides the national level summary of healthcare utilization 
patterns on commercially insured beneficiaries who had psychiatric hospitalization admitted through the ED. Our 
findings provide evidence of under-diagnosis of MHDs, fragmentation of care, and high hospital- and ED-
readmission rates, suggesting opportunities to improve outpatient mental health services and continuity of care.  
 

 
Figure 1. Cumulative and weekly utilization encounters before and after a psychiatric hospitalization admitted through 
the emergency department (ED) 
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Introduction 

Alzheimer's disease (AD), a progressive and irreversible neurodegenerative disease with insidious onset, affects more 
than 5 million people in the United States. Most existing data-driven research for AD utilizes cohort study data, where 
rigorous inclusion-exclusion criteria are applied for patient enrollment which often makes the study findings less 
generalizable1. Electronic health records (EHRs), which capture a wide variety of important health events and include 
patients with the most severe manifestations of AD or disability, can serve as a useful source of information to identify 
new targets for intervention and help improve AD care. In this study, we sought to assess longitudinal EHRs using 
machine learning (ML) methods to computationally derive AD subtypes. We hypothesize that the cluster analysis 
would reveal groups of AD patients with distinct patterns of clinical manifestations.  

Methods 

A retrospective analysis of EHR data from a cohort of 7,587 patients (792 cases; 6,795 controls) seen at a large, multi-
specialty urban medical center in New York was conducted. Subtypes were derived from 792 “probable AD” patients 
(cases) with age≥65 who had received at least one diagnosis of AD (487 female [61.5%]; mean (SD) age, 78.4 (5.4) 
years) based on SNOMED codes (378419, 4218017, 4220313) using hierarchical clustering2. The other 6,795 patients 
(4,175 female [61.4%]; mean (SD) age, 78.5 (5.4) years), labeled as controls, were randomly selected in the ratio of 
9:1 by matching age and gender with the cases. This ratio was determined based on an estimated prevalence of 10% 
of AD in the general population of 65 years and older4. The 6-month, 1-year, 2-year and 3-year prediction models 
with ML algorithms were trained on this cohort using 5-fold cross-validation. Area Under the receiver operating 
characteristic Curve (AUC) was chosen as the primary evaluation metric. A decision-tree-based ensemble ML 
algorithm, Xgboost3, was used to rank the variable importance in distinguishing probable AD patients and controls. F 
score is used as a variable importance metric. 

For probable AD patients, we extracted EHR data for up to 8 years prior to their AD diagnosis. For the controls, we 
extracted the latest 8 years or more worth of EHR data. The extracted data included demographics, comorbidities, and 
medications, where comorbidities were derived based on the Chronic Condition Data Warehouse (CCW) algorithms5. 
Medications were mapped to drug classes derived from the Anatomical Therapeutic Chemical (ATC) 3rd level. 
Uniform 10-bins discretizer and one-hot encoding were chosen to encode age and gender variables. By determining 
whether a patient has received a diagnosis or medication in those categories; the final study CCW and ATC categories 
included 32 different diagnoses and 171 medication classes, respectively. Therefore, data derived for each patient 
could be modeled as a 215-length Boolean 1-D array.  

Results and Discussion 

Four AD subtypes were computationally derived as shown in Figure 1. Subtype A (n=273; 28.2%) was mainly 
characterized by individuals with cardiovascular diseases. 70.7% of the patients in Subtype A had hypertension, and 
75.1% of the patients took lipid-modifying agents. Subtype B (n=221; 27.9%) was mainly characterized by individuals 
with mental health illnesses where 31.7% of the patients had depression and 45.7% of the patients took antidepressant 
medications, 21.7% of the patients had anxiety and 24% of the patients took anxiolytic medications. Patients in 
Subtype C (n=183; 23.1%) were overall older (mean (SD) age, 79.5 (5.4) years) and had the highest number of 
comorbidities including diabetes, cardiovascular diseases, and mental health diseases. 86.3% of the patients had 
hypertension, 62.3% had diabetes, and 60.1% had depression. Accordingly, 74.9% of the patients took lipid-modifying 
agents, 79.2% of the patients took antidepressants, and 60.3% of the patients took anxiolytics. Subtype D (n=115; 
14.5%) included patients who took anti-dementia drugs and had sensory problems such as deafness and hearing 

1664



 
 

impairment. 75.7% of the patients took anti-dementia drugs and 45.2% of the patients had sensory problems like 
deafness and hearing impairment. Significant differences between the resulting subtypes were found for diabetes 
(p≤0.001), chronic kidney disease (p≤0.05), and the use of lipid-modifying agents (p≤0.001), antidepressants 
(p≤0.05), anxiolytics (p≤0.05), beta-blocking agents (p≤0.05) and antiepileptics (p≤0.05). 

The 6-month prediction model for probable AD achieved an AUC (SD) of 0.751 (0.02); the 1-year model, 0.752 (0.02); 
the 2-year model, 0.749 (0.03); and the 3-year model, 0.735 (0.03). The top-ranked comorbidities verified by Xgboost 
included depression, stroke/transient ischemic attack, hypertension, anxiety, mobility impairments, and atrial 
fibrillation. The top-ranked medications included anti-dementia drugs, antipsychotics, antiepileptics, angiotensin II 
antagonists, adrenergic, and antidepressants. Several differences were observed in the top important features across 
the different prediction windows. For instance, depression became more distinguishable between probable AD patients 
and controls the closer the patients got to AD diagnosis (F score was 16 in 3-year model and became 33 in 6-month 
model). Hypertension, as a common chronic disease, also played a more important role several years before the 
patients received an AD diagnosis. Anti-dementia drugs are the most important variable in prediction models at any 
time point (F score was 40, 41, 40, 40 in 3-, 2-, 1-, 0.5-year model). 

 
                        (a)  All subtypes combined                                                 (b) All subtypes separated 

Figure 1. Chord diagrams showing relatively frequent variables by subtypes. 

Conclusion 

Using routinely collected longitudinal EHR data and ML algorithms, we computationally derived AD subtypes that 
can potentially guide improved diagnosis and treatment of AD patients. The derived subtypes had statistically 
significant differences with respect to patient demographics, comorbidities, and treatment suggesting that despite 
converging to a final common clinicopathological endpoint, AD is a heterogeneous disorder with multiple phenotypes. 
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Introduction 

Hospitalized patients have a high prevalence of food and drug allergy, and are at high risk for prescriber ordering 
errors, allergy events, and adverse reactions.1 Allergy events can be identified from hospital safety reports with 
keyword searching, but which is of low productivity and infeasible for monitoring all allergy safety events in 
healthcare.2 Deep learning has shown great power of representing free-text and classifying documents. In this study, 
we aimed to design a deep learning model to identify allergy events from free-text hospital safety data. Various state-
of-the-art statistical models and deep learning settings were compared, the model’s generalizability was evaluated on 
a different hospital, and the model’s interpretability was demonstrated. Our model demonstrates promise for allergy 
safety and other patient safety efforts that benefit from automated surveillance. 

Methods 

Data Preparation. We retrieved 9,107 hospital safety reports among all the reports documented between April 1, 
2006 and February 29, 2016 from the Massachusetts General Hospital (MGH), a large academic medical center in 
Boston, using 101 allergist- and pharmacist-curated keywords related to allergic symptoms, treatments, and common 
culprits. Each report has a brief, free-text description of the safety event. Two allergy-trained annotators, between 
whom with an inter-annotator agreement of 0.82 (Cohen’s kappa score), manually reviewed the free-text description 
and labeled each report as an allergy event or not. We also prepared two hold-out datasets to evaluate the model’s 
generalizability: new MGH reports (March 1, 2016 – June 30, 2018; 174,799 reports) and safety reports from a 
different hospital (Brigham and Women’s Hospital [BWH]; May 1, 2004 – January 1, 2019; 124,229 reports). 
Model Development. We defined the task of automatic allergy event identification as a document classification 
problem and designed a hierarchal attention deep neural network (ADNN) to achieve the task (Figure 1). Due to the 
low accuracy of sentence boundary detection in the clinical text, our ADNN model regarded each report document as 
a sequence of words. ADNN contains four layers. The first layer is a character-level convolutional neural network 
(CNN) used to capture the morphological features of the words. In the second layer, a long short-term memory (LSTM) 
recurrent neural network was used to extract the contextual representation of the words. An attention layer was applied 
on top of the LSTM layer to assign a weight that representing the word importance in the prediction of the model to 
each word. We then built the document representation using a weight sum method to aggregate all the word 
representations as a document vector. In the last layer, a cross entropy-based document classifier was trained based 
on the document representation vector. 
Baseline Models. We implemented various baselines ranging from statistical to deep learning-based methods, 

                                                        
* Denoted as co-senior author. 

Figure 1. Hierarchal neural network architecture. green, red, yellow and blue circles represent character 
embeddings, word embeddings, character level representations, and document representations, respectively. 
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including: (1) four state-of-the-art statistical models, i.e., support vector machine (SVM), XGBoost, logistic regression, 
and random forest, for which we used the unigram tf-idf as  input features, we also added bigram tf-idf features but 
they showed no improvement ; (2) five deep neural network models: ADNN model without attention and hierarchal, 
ADNN model without hierarchal structure, ADNN model without attention layer, and ADNN with the word LSTM 
replaced with feedforward network, ADNN with the word LSTM replaced with CNN structure.  
Model Validation. We used 5-fold cross-validation to evaluate the models’ performance. Area under the receiver 
operating characteristic curve (AUROC) values and precision-recall curves (AUPRC) were used as the metrics. For 
the generalizability evaluation, we used the metric of  precision @ top-100 and precision@top-1000. Specifically, we 
used the model to predict all the reports of the evaluated dataset and sorted the reports using the predicted probability 
assigned to each report in descending order. The top 100 (1000) reports with the highest probabilities of being the 
allergy event were manually reviewed and the precisions of the top 100 (1000) were evaluated. 

Results 

The ADNN model 
achieved an AUROC 
of 97.9% and an 
AUPRC of 80.9%. 
Overall, it achieved 
better AUROC and 
AUPRC comparing to 
four statistical models 
and five other deep 
learning models 
(Table 1). We then 
used ADNN model to predict the allergy events on two different datasets to evaluate its generalizability. ADNN model 
achieved precisions of  96.0% and 57.3% on the top 100 and 1,000 model-identified cases in new MGH reports, 
respectively. For the reports in BWH, our ADNN had the precisions of 99.0% and 74.2%  on the top 100 and 1000 
model-identified cases. For each report, the weights of the words extracted from the attention layer during the 
prediction were informative of which words were predictive. Figure 2 shows two exampled case reports and the 
attended words (e.g., itchy, hive, Isovue) by the ADNN during the predictions. We can see the attention layer can 
automatically extract important words from the input free-text, even the keywords didn’t exist in the original keyword 
set (e.g. “itchy”, the original keyword list only includes “itching”). Compared to the keyword-search approach, our 
ADNN model reduced the number of cases for manual review by 64% while identifying 25% more positive cases. 

Discussion and Conclusion 

In this study, we built a large set of annotated 
hospital safety reports to develop and evaluate 
classification models using statistical machine 
learning algorithms and deep learning models to 
identify allergy events. Results show that the 
ADNN model gave the best performance 
compared with 4 state-of-the-art statistical 
models and 5 deep learning models. Ablation test 
showed that both the attention layer and the 
hierarchal structure improved model 
performance. The allergy event is very rare in all 
hospital safety reports (< 2%), our model can 
achieve more than 95.0% precision of top 100 predictions and more than 55% precisions of top 1,000 predictions on 
two hold-out datasets, this demonstrated the good generalizability of our deep learning model in identifying allergy 
events from new MGH reports and reports from a different hospital (BWH), and our model can significantly improve 
the efficiency of rare case identification. By utilizing the attention layer, our model showed the interpretability by 
highlighting the important keywords during prediction. The proposed attention-based deep learning model is a 
potential tool for real-time hospital safety event monitoring and allergy knowledge mining. 
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Figure 2. Examples of attention weight visualization. The 
deeper background represents larger attention weight. 

PT immediately started sneezing x2 after injection of isovue 300 . He

developed a stu↵y nose 4 minutes after injection . Took him to RN

station to be examined by RN and Radiologist . He developed a hive on

left arm and heavy 15 min after injection .

PT received 100cc ’s of Isovue 300 . Immediately following the injection

the PT experienced itchy eyes , face and throat . He also had a racing

heart and di�culty breathing . Dr ’s Smith and Brown responded

immediately . Vitals BP 130/80 , HR 95 . 200ml normal saline was

hung and 60mg po Benedryl was administered by Dr. Smith . He was

monitored here for approximately 20 minutes . As symptoms resolved

we notified his nurse .

Table 1. Model performance of the state-of-the-art statistical models and deep learning. 
Model Type Models AUROC (%) AUPRC (%) 

Statistical 
Models 

XGBoost 96.26 (CI, 95.19-97.36) 73.21 (CI, 68.58-77.97) 
Logistic Regression 97.37 (CI, 96.69-98.07) 78.48 (CI, 74.77-82.19) 
Support Vector Machine (SVM) 96.89 (CI, 95.95-97.82) 80.35 (CI, 76.87-83.78) 
Random Forest 97.03 (CI, 96.08-97.99) 80.42 (CI, 76.93-83.91) 

Deep Learning 
Models 

ADNN – Attention -Hierarchal 96.36 (CI, 95.25-97.46) 79.44 (CI, 75.74-83.24) 
ADNN - Attention 97.56 (CI, 96.83-98.29) 80.41 (CI, 76.88-84.03) 
ADNN - Hierarchal 97.69 (CI, 97.05-98.34)  79.04 (CI, 75.15-83.01) 
ADNN (word Feed forward) 96.65 (CI, 95.64-97.66) 76.83 (CI, 73.09-80.65) 
ADNN (word CNN) 97.76 (CI, 97.12-98.41) 78.60 (CI, 74.78-82.51) 
ADNN 97.92 (CI, 97.33-98.52) 80.91 (CI, 77.30-84.54) 
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ABSTRACT 

Introduction 

The past decade has seen increasing needs and efforts to integrate quality improvement (QI) into healthcare. However, 

delays in the process of practice facilitation may hinder QI implementation. The success and efficacy of practice 

facilitation require close monitoring of when and how often facilitation activities occur. Receiving regular feedback 

on practice performance and making timely adjustments to facilitation activities are vital to practice facilitation. 

Delays in practice facilitation are likely to result in discontinued follow-up activities and failure to accomplish the 

project. Conversely, timely activities will help the practice facilitation team identify the resources needed, prepare for 

upcoming activities, and avoid additional costs. Thus, it is imperative to track the progress of practice facilitation and 

identify significant delays and barriers. Early identification of delays in practice facilitation could enable facilitators 

and practices to resolve the issues timely. This could also inform the design of a QI management system that sends 

notifications to facilitators when a potential delay is detected. This study aimed to identify significant delays in the 

implementation of a facilitator-supported QI program and factors leading to such delays. 

Methods 

We conducted a secondary analysis of a 12-month, randomized study in 226 primary care practices from 3 different 

states in the U.S. Time series analysis was performed to identify significant delays in practice facilitation, which were 

labeled “Alerts”. Given the longitudinal nature of this study, time series analysis was employed to map out and identify 

significant delays in 4,457 practice facilitation activities. There have been substantial advances and applications in 

time series methods, but they have been rarely applied to QI facilitation. In this study, we used Exponentially Weighted 

Moving Averages (EWMA) to detect a significant delay, which were labeled “Alerts”. We used this term because we 

aimed to design a QI management system that automatically sends notifications to facilitators when a significant delay 

is likely to occur. Qualitative content analysis was conducted to categorize the barriers to practice facilitation based 

on 4,358 notes written by program facilitators. Following Krippendorff (1980), two authors (J.Y and R.Z) first 

randomly selected 10 percent (n = 436) of all the notes and independently coded them. This process generated 27 

categories of the barriers to QI implementation. Disagreements were resolved through rigorous discussion until 

consensus was reached. The intercoder reliability was 92.8% with a Krippendorff’s alpha of 0.852, suggesting strong 

agreement. The two authors (J.Y and R.Z) then grouped categories that were conceptually similar and developed a 

codebook encompassing 16 distinct categories. The remaining notes (n = 3,922) were evenly divided and 

independently coded by the two authors. The codebook was refined iteratively throughout the coding process. After 

completing coding, the research team met and discussed the results. Categories that lacked representation in the data 

were dropped, and similar categories were combined. Among the 4,358 notes, 852 notes described the barriers to QI 

facilitation. The final 9 categories of barriers were further grouped into 3 domains: clinic environment, implementation 

process, and intervention material. In addition, regression analyses were used to examine the association between the 

barriers and significant delays during the intervention period. 

Results 

Time series analysis illustrated the occurrence of Alerts in each practice during the facilitation process. The number 

of Alerts were negatively related to QI intervention completion rate. Overall, 468 Alert I and 326 Alert II were 

generated across the four waves. The median number of activities ranged from 15.5 to 21.5. The median number of 
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Alert I ranged from 1 to 2, and the median number of Alert II ranged from 0 to 1. Alert rates were calculated as the 

number of Alerts within 100 days for each practice. Moreover, qualitative analysis revealed key barriers to practice 

facilitation, such as lack of time and staff, lack of staff engagement, technical issues. These barriers were positively 

associated with the number of Alerts in practices. Statistical analysis showed that Alert I was significantly and 

negatively related to ICR (β = -0.113, 95% CI: [-0.17, -0.05]). Similarly, Alert II was negatively related to ICR (β = -

0.129, 95% CI: [-0.22, -0.04]). This suggests that significant delays in practices may negatively affect the completion 

of QI interventions. Regression analysis showed that lack of time/staff, lack of staff engagement, technical issues in 

clinics, and staff turnover were significantly associated with Alerts. In particular, lack of time/staff was positively 

related to Alert I (β = 0.16, 95% CI: [0.08, 0.24]) and Alert II (β = 0.08, 95% CI: [0.02, 0.14]); lack of staff engagement 

was positively related to Alert I (β = 0.19, 95% CI: [0.01, 0.36]) and Alert II (β = 0.15, 95% CI: [0.02, 0.27]); technical 

issue in clinics were positively related to Alert I (β = 0.29, 95% CI: [0.14, 0.44]) and Alert II (β = 0.13, 95% CI: [0.02, 

0.24]); and staff turnover was positively related to Alert I (β = 0.48, 95% CI: [0.15, 0.82]) and Alert II (β = 0.32, 95% 

CI: [0.06, 0.55]). 

Discussion 

This study is the first attempt to identify significant delays and contributing factors to these delays in QI practice 

facilitation. The findings of this study could inform the design of QI management systems that send automated Alerts 

to facilitators so as to reduce potential risks to QI implementation. 

The goal of this study was to identify significant delays in practice facilitation of QI programs in small and medium-

sized primary care practices, as well as factors leading to such delays. Drawing on data from a 12-month QI facilitation 

in 226 practices, we employed time series analysis to identify the number of Alerts that occurred in each practice, 

which was negatively related to completion of QI interventions. Qualitative analysis of facilitators’ field notes revealed 

a number of barriers to practice facilitation, such as limited time, staff shortage, lack of staff engagement, and technical 

issues. These barriers were positively associated with the number of Alerts. This study is, to the best of our knowledge, 

the first to empirically examine the relationship between delays in practice facilitation and completion of QI 

interventions, highlighting the importance of timely practice facilitation in the success of QI initiatives.  

This study used a novel approach to identify and visualize significant delays in practice facilitation. The results showed 

that practices had approximately 1-2 Alerts during the intervention period, and the number of Alerts was negatively 

related to intervention completion rate (ICR). This finding corroborates previous research suggesting that significant 

or unexpected delays in practice facilitation will hinder the project completion. It highlights the need for monitoring 

and tracking the progress of practice facilitation to reduce potential risks to completion of QI interventions. The 

methods we used to identify delays may inform the design of a QI facilitation management system that automatically 

detects delays and sends notifications to practice facilitators and program leaders. Such a facilitation decision support 

system could serve as an efficient management tool and a possible risk-reduction strategy, ensuring the progress of 

facilitator-supported QI programs. 

 
Figure 1. Healthy Hearts in the Heartland (H3) Workflow 
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Introduction 

Ovarian cancer is one of the deadliest cancers in women worldwide, causing 151,900 deaths per year1. Histopathology evaluation 
is the gold standard for diagnosing ovarian cancer and identifying the histological types2. Pathology assessment of ovarian tumors 
is best performed by pathologists with expertise in ovarian tumors, but inter-observer variation in grading has been reported 
(k=0.25-0.58)3-4. In addition, the relationship between histopathology, molecular alterations, and treatment responses is not fully 
understood. With the recent advances in the reliability of whole-slide histopathology scanners and high-throughput omics 
profiling coupled with innovative machine learning algorithms and computer vision techniques, it is now possible to discover 
the previously-unknown associations between microscopic tumor cell morphology and molecular pathways. In this study, we 
developed convolutional neural network models to analyze cellular patterns and morphology in a series of patients with serous 
ovarian carcinoma, predicted histology grade and transcriptomic subtypes, and classified patients with different response to 
platinum-based chemotherapy. The development of these prediction algorithms will contribute invaluable information to 
precision cancer care. 

Methods 

587 serous ovarian carcinoma patients participated in The Cancer Genome Atlas (TCGA)5 were included in this study. Whole-
slide histopathology scans, pathology reports, and RNA-sequencing data were acquired from the Genomic Data Commons. 
Transcriptomics subtypes were defined by the method proposed by TCGA Research Network5,6, and four different subtypes, 
including differentiated, immunoreactive, mesenchymal, and proliferative subtypes, were identified6. AlexNet, GoogLeNet, and 
VGGNet (16-layer configuration) architectures were employed to build classification models to distinguish the histopathology 
slides with tumor cells from slides of adjacent benign tissue. Pre-trained models with optimized weights from the ImageNet 
dataset were used as the baseline models, and the weights are fine-tuned by the histopathology images. The TCGA dataset was 
randomly divided into distinct training (80% of all cases) and test sets (20%), in order to evaluate the classification performance 
objectively. To visualize and interpret the weights of the trained neural network models, gradient-weighted class activation maps 
(grad-CAMs)7 were used to identify the relative importance of the regions in the input images to the classification tasks. We 
employed the STRING tool8 to conduct the gene ontology enrichment and protein-protein interaction analyses. Following the 
literature on the clinical response to chemotherapy9, we used platinum-free interval (PFI), the time interval between the 
completion of chemotherapy treatment and the onset of tumor relapse, to estimate the efficacy of platinum-based chemotherapy. 
To delineate the morphological patterns of tumor tissues associated with the platinum response, a subset of patients with PFI 
information was identified, and convolutional neural networks with regression output were developed and applied to their 
histopathology images. Due to the limited number of cases with platinum response information, five-fold cross-validation was 
used to evaluate the performance of the neural network models. These machine-learning models computed a predicted response 
index for each patient, and the median index observed in the training set was employed to divide the patients in the test set into 
an early-relapse group and a late-relapse group. The log-rank test was used to examine the differences in platinum response 
between the two predicted groups. 

Results 

Our convolutional neural networks accurately identified the images with cancer cells from those of adjacent benign tissue, with 
areas under the receiver operating characteristics curve (AUC) > 0.95 (Figure 1A; AUC of AlexNet: 0.955 ± 0.010; GoogLeNet: 
0.974 ± 0.004; VGGNet: 0.975 ± 0.001). GradCAMs confirmed that clusters of tumor cells received higher weights in 
differentiating malignant cells from the adjacent dense benign tissue. Our approaches also distinguished the images of lower-
grade (grades 1-2) cancer from those of higher-grade (grade 3) cancer (AUC of AlexNet: 0.760 ± 0.082; GoogLeNet: 0.810 ± 
0.067; VGGNet: 0.812 ± 0.088). We further performed differential expression analyses and revealed that the expression levels 
of 32 proteins are significantly associated with the observed tumor grade under the microscope. Gene Ontology enrichment 
analyses showed that these proteins are enriched in the immune reactions and catabolic processes. The proteins related to tumor 
grade possess significant protein-protein interactions (protein-protein interaction enrichment P-value = 6.66*10-16; Figure 1B). 
In addition, the 4,096 histopathology image features extracted by VGGNet are strongly associated with the four major 
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transcriptomic subtypes (Kruskal-Wallis test P-value < 0.0001 in PC1, P-value = 0.0001 in PC2). We further showed that there 
are moderate correlations between the transcriptomics-defined and the histopathology-predicted subtype scores (Spearman’s 
correlation: 0.235 for differentiated; 0.328 for immunoreactive; 0.576 for mesenchymal; and 0.111 for proliferative subtypes). 
These results indicate the substantial connections between histologic morphology and the molecular patterns underpinning the 
subtypes. 

Leveraging the image-based prediction framework described above, we further established a machine learning workflow to 
predict the PFI of each patient using histopathology images. Results showed that our VGGNet-based model accurately 
distinguished the histopathology images of patients with shorter PFI from those with longer PFI (log-rank test P=0.003; Figure 
1C). Grad-CAMs showed that our prediction model highlighted regions occupied by the tumor cells, indicating tumor cell 
morphologies are associated with patients’ PFIs. To characterize the molecular processes underpinning chemotherapy responses, 
we conducted proteomic analyses on the same cohort and revealed that the expression levels of 72 proteins are significantly 
associated with PFI (Benjamini-Hochberg corrected P-value < 0.05). These proteins are significantly enriched in biological 
processes involved with purine ribonucleoside metabolic processes and ATP metabolic process. 

 

 

 

 

 

 

 

 

 

 

Figure 1. Integrative histopathology-functional omics analyses on serous ovarian carcinoma. (A) Convolutional neural networks 
identified regions with tumor cells. Receiver operating characteristic (ROC) curves of deep learning models that classified 
regions with tumor cells from those of adjacent benign tissue in the independent test set are shown. Areas under the receiver 
operating characteristic curves (AUCs) in the independent test set: AlexNet = 0.955 ± 0.010; GoogLeNet = 0.974 ± 0.004; 
VGGNet = 0.975 ± 0.001. (B) The interaction network of the proteins associated with tumor grade. The expression levels of 32 
proteins are significantly correlated with tumor grade, and these proteins possess enriched protein-protein interactions (P < 
6.66*10-16). (C) Convolutional neural networks stratified serous ovarian carcinoma patients with different platinum-based 
chemotherapy response (log-rank test P=0.003). Kaplan-Meier curves of the image-based stratification in the test set are shown. 

Discussion 

We demonstrated the utility of convolutional neural networks in identifying tumor cells, classifying tumor grades and 
transcriptomic subtypes, and associate histopathology morphology with patients’ PFIs. We further complemented the image-
based predictions with functional omics analyses to elucidate the molecular processes underpinning tumor cell differentiation 
and treatment response. The identified correlations between histopathology patterns and chemotherapy response could facilitate 
treatment selection and prognosis prediction for ovarian cancer patients. Since histopathology evaluation is routinely used in the 
diagnosis of serous ovarian cancer2, our approach to treatment response prediction does not require additional laboratory 
measurement of the tumor samples, such as sequencing or biochemical profiling. Our results indicate that the morphological 
patterns of tumor tissue may contain previously-overlooked signals related to molecular subtypes and clinical prognosis. The 
developed machine-learning-based methods are extensible to other tumor types and treatment modalities. 
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Background 

The advancement of next-generation sequencing and the wide adoption of electronic health records (EHRs) have 

generated a wealth of data for clinical and translational research. Genetic information from genetic tests remains 

mostly in an unstructured format
1
. Natural language processing is an important tool for extracting data from 

unstructured clinical notes
2
. Here we proposed a rule-based system to extract BRCA1/2 genetic information stored 

in unstructured clinical notes. Genetic information refers to wildtype (negative), pathogenic variants (positive) or 

variants of unknown significance (VUS) information in regard to a specific gene. Our system is able to distinguish 

between general discussions and genetic information of BRCA1/2.  

Methods 

Cohort and Corpus 

Our cohort includes 196 gynecology (breast, ovary, cervix, and uterus) cancer patients. We extracted BRCA1 and 

BRCA2 gene mentions from patients’ clinical notes using the natural language processing (NLP) system 

MedTagger
3
. MedTagger enables a series of NLP processes including dictionary based concept indexing, keyword 

mention lookup, and regular expression matching
4
. Figure 1 illustrates the workflow of our framework. The result of 

this process is an array of keyword-containing sentences for each patient. To mitigate data redundancy issues
5, 6

, 

duplicate sentences within each patient’s array were removed and only the earliest sentence was kept. We then 

normalized each sentence by removing stopwords and punctuation.  

Sentence Characterization and Topic Definition 

We characterized the extracted sentences using sf-ipf (sentence frequency-inverse patient frequency). The sf-ipf 

setting is similar to tf-idf (term frequency-inverse document frequency). The sf-ipf for sentence “s” is sf(s)*ipf(s) 

where: 𝑠𝑓(𝑠) = 
# sentence s 

total # sentence 
 , 𝑖𝑝𝑓(𝑠) = 

log (total # patients (N))

# patients with sentence s
 . Two abstractors with medical education background 

reviewed sentences with sf-ipf < 0.5 plus an additional set of 20 randomly selected sentences in the initial phase to 

determine topics. 

 

Figure 1 Workflow of Genetic Information Extraction 
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Rule Development 

Development of a rule-based system for automatic topic assignment was an iterative process. We applied point-wise 

mutual information (PMI)
7
 to automatically rank each word based on their inequality score and identified topic-

indicating words. Domain expertise was also applied to identify topic indicating words. Rules were developed 

considering topic indicating words and their proximity to genetic information mentions. For sentences containing 

patient genetic information, we extracted both its positivity (i.e. pathogenic status) and detailed variant information 

if available. A heuristic rule was developed in which a positivity indicator was first assigned to the closet gene 

mention but was rejected subsequently if gene mention and indicator were beyond five-word distance apart. 

Topic Assignment Evaluation  

Sentences reviewed in the initial, development and final evaluation phases were all selected randomly and reviewed 

blindly. We applied the rules to the entire sentence set and two abstractors reviewed another 20 sentences to evaluate 

rule performance. We updated topic indicating words and proximity rules iteratively until top PMI words and topic 

indicating words converged. If any sentence could not be categorized into existing topics, abstractors discussed with 

a domain expert to add new topics. In total, abstractors reviewed 40 sentences in this development process (two 

iterations). After rules were finalized, abstractors reviewed another 40 sentences for final evaluation. Precision, 

recall, F-score as well as inter-rater agreement were calculated using predictions from the finalized rules. 

Results  

In total, 1,179 sentences containing keywords for BRCA1 and BRCA2 were extracted from 122 patients of the 

original 196 patient cohort (74 patients had no matching keywords in their medical record). After topic indicators 

and top PMI words converged, we identified seven topics: Discuss, Estimate, Insurance, Order, Negative, Positive, 

and VUS. Three of them (Negative, Positive, VUS) were related to patient genetic information. For the task of 

extracting patient genetic information (Negative, Positive, VUS) from clinical notes, our rule-based system achieved 

a precision of 0.87, recall of 0.93 and F-score of 0.91. Inter-rater agreement calculated by Kappa statistics was 0.95.  

Conclusions 

Our work demonstrates that using an iterative rule development system combined with an NLP component can 

achieve good performance for extracting genetic information from EHR. However, since our rule-based system was 

developed using a pilot use case of BRCA1/2 genetic information and rules were evaluated on 100 sentences (~15% 

of the entire sentence set), further work and evaluation would be required to establish the generalizability and 

robustness of our methods. In future work, we will apply this system to extract information related to other genes. 

Topics defined in this work can also be applied to other tasks such as examining the benefit of adequate patient 

education and risk estimation in promoting precision medicine outcomes. 
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Introduction 
Clinical workflow analysis aims to collect task and location timestamp data from clinicians to identify workflow bottlenecks 
and opportunities for improving efficiency. It has been common to conduct time-motion studies (TMS) in healthcare to collect 
workflow data1. However, TMS can be very time- and resource-consuming in planning and conducting the direct observations. 
Recently, secondary use of electronic health records (EHRs) for workflow analysis has become popular2. While EHRs contain 
valuable workflow information, the data are limited to the EHR-related behaviors. Real-time locating systems (RTLS) can fill 
in this gap by providing automatically recorded movement data. While combining EHR and RTLS timestamps for workflow 
analysis has been studied3, few studies focused on visual analytics and platform development. In this paper, we aim to develop 
an analytics platform with automatic pipeline and interactive visualization to utilize both timestamps for workflow analysis. 
Method 
The RTLS system was piloted in a pediatric emergency department (PED). A web-based platform was developed using a 
python-based web framework with a JavaScript visualization library (d3.js). This platform can take workflow information from 
a spreadsheet, with the rows being the observed cases and the columns being the critical steps (tasks) in the process, allowing 
for variation flexibility and automatic execution. In this feasibility study, the procedural sedation cases in a PED were examined. 
The process was determined by the research team and the timestamps of the tasks were extracted from both the institution’s 
EHR and RTLS system. Next, the sedation cases were divided into two groups based on total case duration (patient arrival to 
ketamine administration). Normal cases had a duration less than 180 minutes based on the operations definition and prolonged 
cases surpassed this threshold. The analytics platform conducted both statistical and visual analysis for comparison. For the 
former, the two groups were compared in their time allocation (%) and continuous time (seconds) using the non-parametric test 
for the median. For the latter, horizonal bar charts were presented to illustrate the timespan of each task in each group.  
Results 

A total of 54 sedation cases were included: 33 normal cases and 21 prolonged cases. Figure 1 shows the visual analysis. Two 
significant delays were patient arrival to sedation physician’s first evaluation (light blue bar) and patient arrival to being placed 
in a sedation room (red bar). The analysis shows that the former had a 163.8% increase and the latter had an 85.6% increase. 
Discussion 
We developed a platform to study clinical workflow using both EHR and RTLS timestamps. The two delays identified are 
consistent with the PED physicians’ perspectives and will be further validated by survey results, which will be reported 
elsewhere.  We are expanding the analysis capacity of the platform and will demonstrate its efficacy in multiple clinical areas. 
We will also improve the generalizability and portability of the platform to benefit other healthcare organizations.  
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Figure 1. Visual representation of each task in the process map after averaging tasks within each specified case. Each bar represents a task 
in the sedation process and comparisons are made between efficient (left) and prolonged tasks (right). The color coding was corresponding 
to the five objects being tracked: 1) Patient, 2) Resident 3) Sedation doctor, 4) Orthopedic doctor, and 5) Medication (Ketamine). 
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The use of machine learning models for predicting medical conditions has been showing relative success in the 

recent years. In particular, prediction of postoperative mortality was shown to be possible using both preoperative 

and intraoperative data extracted from electronic health records (Fritz et al., 2019). In this model, the intraoperative 

data were introduced in the form of raw time series (TS) values along with statistical summaries of the TS. This 

new model performed similarly to several comparison models that used TS summaries but no raw TS, which begs 

the question of whether postoperative mortality can be predicted using preoperative data solely. In this study, we 

analyze this question by training different machine learning models (Deep neural network (DNN), Random forests, 

and Gradient Boosting Classifier) with and without intraoperative data.  

Electronic health records of 96,968 surgeries on adults that occurred between June-2012 and August-2016 were 

extracted. Three DNN models were trained. The first used preoperative data, intraoperative vital signs and ventilator 

parameters raw TS data, and intraoperative data summaries (mean and standard deviation for vital signs and 

ventilator parameters and cumulative dose for medications and fluids). The second included only preoperative data 

and intraoperative data summaries while the third included only the preoperative data. We built DNN models using 

a fully-connected (FC) architecture for preoperative data and intraoperative summaries. When intraoperative TS 

were included, they were first processed using a long-short term memory (LSTM) layer whose output was 

concatenated to the input to the first FC layer. The random forests and gradient boosting classifiers were trained 

with the same feature sets as the latter two neural networks. 

Table 1 shows the model performances where area under receiver operating curve (AUROC) and precision recall 

curve (AUPRC) values appear within confidence intervals of each other with slightly higher performance for model 

using preoperative features only. These results show that almost all postoperative mortality cases can be predicted 

from preoperative conditions, while intraoperative data did not contribute much additional predictive accuracy. This 

was confirmed later through variance decomposition. However, this could be a byproduct of the processing used 

for intraoperative features. These results show that a large portion of postoperative deaths could be predicted 

preoperatively which could help with early intervention. They also call for further investigation of intraoperative 

features to locate biomarkers that add to mortality prediction which could further guide surgical procedures. 

Table 1: Performance of different models measure by AUROC and AUPRC 

Model AUROC (95% CI) AUPRC (95% CI) 

DNN (Preop + Intraop summaries + Intraop TS) 0.9103 (0.8968–0.9238) 0.2875 (0.2463–0.3310) 

DNN (Preop + Intraop summaries) 0.9175 (0.9049–0.9297) 0.3416 (0.2955–0.3889) 

DNN (Preop) 0.9193 (0.9084–0.9295) 0.3549 (0.3180–0.3950) 

Random Forests (Preop + Intraop summaries) 0.9229 (0.9207–0.9347) 0.4094 (0.3600–0.4600) 

Random Forests (Preop) 0.9361 (0.9263–0.9450) 0.5222 (0.4829–0.5589) 

Gradient Boosting (Preop + Intraop summaries) 0.9162 (0.9036–0.9287) 0.3303 (0.2842–0.3769) 

Gradient Boosting (Preop) 0.9261 (0.9158–0.9349) 0.2949 (0.2631–0.3314) 
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Introduction 

Seniors comprise a growing portion of patients admitted for drug use disorders, especially opioid use disorder (OUD)1. 
Medications like buprenorphine and methadone are effective for treating OUD2. Yet, these tools may be under-used, 
particularly in youths3. This project aims to assess the rate of medication-assisted treatment (MAT) for OUD in 
different age groups, geographically and across time.  

Methods 

We used a DB2 database to analyze large public datasets. We used the Treatment Episode Dataset: Admissions 
(TEDS-A) for 2000-2017, Medicare Part D prescriber data for 2013-2017, Medicaid Drug Utilization data for 1998-
2019, and the database of opioid sales 2006-2012 from the Drug Enforcement Agency (DEA). SQL and Python were 
used for data analysis; the mapping software ArcGIS and the Python library Matplotlib were used for visualizations. 

Results 

The fraction of TEDS admissions age 55+ rose steadily from 2000 to 2016, and an increasing fraction of those patients 
used opioids. Conversely, the fraction of adolescent admissions declined, as did the fraction of those admissions using 
opioids. MAT use was stagnant until 2013, after which it increased slightly. Medicare, Medicaid, and DEA data 
showed similar increases. MAT use was strongly related to age (Figure 1A) with a Spearman rank correlation 
coefficient >0.99 each year. MAT use in TEDS-A also varied widely by US state (Figure 1B). 

Discussion and Conclusions 

We identify groups that may be less likely to receive effective treatment for OUD. Possible reasons for geographic 
differences include variation in state level coverage of MAT, availability of licensed providers, availability of drugs 
themselves, and differing cultural values. Possible reasons for age differences include differing insurance types, 
reluctance to enroll young people in long-term pharmacotherapy, and older adults having more experience with OUD 
treatment, and therefore better self-advocacy, or preference for more comprehensive treatment strategies after previous 
unsuccessful quit attempts. Our findings can help health systems and others target their efforts to reduce gaps in care.  

Figure 1. % of opioid patients in TEDS-A with MAT 
as part of treatment plan, by age (A) and state (B) 
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Introduction 

Electronic source (eSource) platforms that facilitate automatic extraction of patient data from Electronic Health 
Records (EHRs) into Electronic Case Report Forms (eCRFs) or data collection forms have the potential to reduce site 
burden and improve data quality in clinical research. There is heightened interest in such EHR-to-eCRF technologies 
but their scalability and generalizability in multi-site clinical research is unclear.1 We address this gap by surveying 
key research stakeholders at approximately 30 Pediatric Trials Network (PTN) and Trial Innovation Network (TIN) 
sites to understand the potential benefits of eSource technology, and the facilitators and barriers to adoption.  

Methods 

Survey development was informed by assessment tools such as Organizational Readiness to Change Assessment2 and 
eSource Readiness Assessment Tool,3 and requirements from the PTN that manages 32 trials across 169 sites. A 
combination of multiple choice and free text questions in the survey target the following areas: (1) Respondent and 
site characteristics; (2) Measurement of potential benefits from an eSource technology; (3) Site enthusiasm and 
organizational support for eSource technology; (4) Site capabilities such as FHIR implementation; (5) Current use of 
EHRs in clinical research; (6) Personnel resources; (7) Site policies and procedures around adoption of new 
technologies; (8) Site preferences regarding eSource technology. Separate versions of the survey were developed for 
the three key stakeholders at a site, namely (1) Study Coordinators (SCs), who will be primary end users of eSource 
software; (2) Principal Investigators (PIs), who lead clinical research activities; (3) Chief Research Information 
Officers (CRIOs), who lead research technology implementation. The surveys are administered online and will be 
followed by phone interviews with the respondents to further delve into responses and elicit more detailed information. 

Results & Conclusion 

So far, 37 PTN and TIN sites have been approached and 29 respondents from 17 sites have completed the surveys. 
Not all sites have a designated CRIO and additional effort has been needed to find a respondent with a similar scope 
of responsibilities. Early respondents estimated an average of 47% of the data in their previous trials could be sourced 
from EHR, while 81% of the respondents indicated that eSource software could reduce time spent on manual data 
entry. Analysis of the survey data along with our evolving understanding of EHR data availability4 will highlight 
specific areas that need attention for successful adoption of eSource technologies in multi-site clinical research.  
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Hemodialysis patients currently wait an average of up to 4 years to receive a kidney transplant (1). Wait 

times are worse for minority groups, especially African Americans (2). Despite the organ supply imbalance, 
America discards almost 40% of kidneys from donors infected with hepatitis C virus (HCV) (3). Patients willing to 
accept transplantation with HCV-viremic kidneys can shorten their kidney transplant waiting list time. Risks from 
infection with HCV are lower given new treatment regimens with cure rates exceeding 95%. Cost-effectiveness 
analyses suggest transplantation with HCV-viremic kidneys can result in both cost-savings and increased survival 
compared with waiting longer to receive non-infected kidneys (3). However, patients may be hesitant to accept 
transplantation with HCV-viremic kidneys because of stigma, concerns regarding disease transmission and lack of 
accurate information about risks. Our longer-term goal produces a shared decision-making tool that leverages 
individualized waiting time predictions for HCV-viremic and non-infected kidneys along with individual patient’s 
values and preferences (utilities) for the relevant health states, to facilitate the decision-making process. Meeting this 
goal, we developed a web-based health utility assessment tool, The Gambler. We will use The Gambler to acquire 
utilities from hemodialysis patients for health states including – 1) hemodialysis, 2) kidney transplantation with a 
non-infected organ, and 3) transplantation with an HCV-viremic kidney.  The Gambler can use assessment methods 
including, Visual Analog Scale (VAS), Standard Gamble (SG), and Time Tradeoff (TTO). The Gambler uses 
multimedia libraries of patient actors to provide descriptions of the health states being assessed, educating patients in 
a standardized manner about the health states. The Gambler matches the demographics of the user with the patient 
actors depicted in the video clips. This design feature is based upon exemplification theory which states that events 
depicted by exemplars most similar to the person themselves will have a stronger perceptual influence (4).  

Given our interest in racial disparities in health care, we wanted to explore whether purposely mismatching 
the ethnicity of these exemplars would result in inferior knowledge transfer during the utility assessment process.  
We developed video clips for 4 combinations of race and gender (African American [AA] male, AA female, White 
male, and White female). We plan to assess utilities on 60 dialysis patients and randomize them (30 in each group) 
to view multimedia clips that are either - 1) matched by race and gender, or 2) purposely mismatched by race. We 
developed a 10-item knowledge assessment survey administered before and after the utility assessment. Our primary 
outcome will be the change in knowledge assessment score (pre vs post) in the two groups. Calculated with G-
Power, a sample size of 30 in each group will give us 0.8 power (alpha – 0.05) to detect a difference in knowledge 
score changes between the two groups as small as 12 (on a 100-point normalized scale). We will collect patients’ 
age, race, gender, educational status, interest in having a kidney transplant, and length of time on dialysis. We will 
assess their health literacy, using the REALM-SF, and subjective numeracy. Primary analyses will explore change 
score differences on knowledge surveys between the two groups using paired t-tests. We will also perform 
multivariate analyses to control for confounding by factors such as health literacy, numeracy, gender and race.  
Study recruitment will begin this spring and we expect to have at least preliminary results to present at the time of 
the AMIA conference. 
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Abstract 
Environmental exposure pathophysiology related to smoking can yield metabolic changes that are difficult to 
describe in a biologically informative fashion with manual proprietary software. Nuclear magnetic resonance 
(NMR) spectroscopy detects compounds found in biofluids yielding a metabolic snapshot. We applied our pipeline 
for a secondary analysis of a smoking study (MTBLS374 from the Metabolites repository) that involved semi-
automated NMR data clean-up and automated metabolite quantification. The original study identified 3 metabolites 
whereas we identified 79 metabolites. The pipeline generated a new random forest (RF) classifier between smoker 
and never smoker that reveals that several combinations of metabolites distinguish smokers and never smokers. 
 
Introduction 
Manual 1D 1H NMR analysis via commonly used proprietary software involves overlying the NMR spectra of a 
pure metabolite standard over the experimental spectra of a complex mixture like human blood serum. This 
approach has to be repeated for multiple samples which makes the analysis time consuming and labor intensive. 
Previous studies indicate that this manual method is prone to false positive metabolite identification that increases 
with the number of metabolites one wants to quantify. The untargeted NMR analysis described here involves 
statistically associating the NMR signals to the disease phenotype and assigning those signals compound identities 
via automatic compound detection and quantification. This quantitative metabolite data and the unprofiled spectra 
can be used as variables for RF classification modeling to “fingerprint” the metabolic disease phenotype and classify 
between cases (smoker) and control (never smoker). The RF classification decision trees reveal the statistical 
importance of the detected biomarkers and these findings can be supported by pathway enrichment analysis. 
 
Methods 
MTBLS374: 1D 1H NMR data set from the Metabolights repository (smoker (n = 57) and never-smoker (n = 56)) 
PepsNMR (NMR data clean up R package) → Spectral Feature Significance Analysis → RF Modeling (Sklearn) 

						↳ rDolphin (compound detection R package) → RF Modeling 
                ↳	MetaboanalystR (pathway enrichment analysis R package) 
Results 

 
Figure 1. The quantification data was piped to trained RF models. The RF model (mean AUC of 0.86 ± 0.13) 
decision tree emphasizes that several unique combinations of biomarkers differentiate smoker and never smoker. 
 
Conclusion 
Here we demonstrate how an environmental exposure like smoking and its metabolic effects can be quantified and 
modeled with NMR data. The RF modeling reveals how several unique combinations of metabolites are associated 
with smoking and never smoker. This suggests there are more than one combination of metabolite perturbations 
associated with smoking. This also represents the heterogeneity of metabolic responses to smoking exposure. The 
novelty of our analysis approach lies in finding a larger number of metabolites from previously generated data than 
conventional manual analysis methods, promotes study reproducibility, and reveals which disease biomarkers merit 
further functional experimentation. A future direction is adding a method to the pipeline to confirm compound 
identity and applying this pipeline to other types of environmental exposures and disease states. 
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Introduction 

ALS is a fatal neurodegenerative disease that is clinically very diverse with a median survival of only three years from 
initial symptoms. The standard procedure for monitoring progression is in a clinic setting, yet this becomes difficult 
as patients’ condition worsens. Smartphone-based tracking for ALS patients has been previously evaluated, showing 
its feasibility and its potential as an alternative to clinic-based assessments1. In this work, we investigate the use of a 
speech task called “oral picture description” to monitor ALS patients. Understanding if the tasks assigned to the 
patients are adequate to monitor them will help to improve smartphone-based tools.  

Methods 

ALS patients were asked to use the smartphone app “Answer ALS” at home, specifically the picture-description task 
shown in Fig. 1a. Patients recorded their voice while describing the image. Then, acoustic and prosodic features (APF) 
were extracted from the audio recordings. Descriptions were manually transcribed, and linguistic features (LF) were 
calculated. In particular, LF require identifying keywords that capture the pictured scene. To identify these keywords, 
we performed a Mechanical Turk (MT) study with 18 participants (see results in Figure 1b). Since the clinical scores 
were not obtained at the same time as the recordings, we linked both of them if the clinical scores were acquired within 
a time window of +/- 60 days of the recording date. A total of 47 subjects (age = 54.6 +/-10.4) with available scores 
(CBS = 17.5 +/- 2.2, ALSFRS = 36.6 +/- 6.6, and CNS = 10.1 +/- 4.5) were analyzed.  Four algorithms (linear, lasso, 
ridge and support vector regression) were applied in a 10-fold cross validation approach to evaluate performance. 

Results & Conclusions 

We observed that APF (Fig. 1c) achieves higher performance to infer ALSFRS-R (r= 0.55, p-value= 6E-5) than LF. 
On reason may be that subtle variations in muscle stiffness in the vocal tract are well captured with these features.  On 
the other hand, LF are more informative to infer CBS scores (r= 0.37, p-value=2E-2), as expected, since speech 
involves the use and coordination of multiple cognitive and physiological processes (e.g. semantic memory). 
Combining APF and LF yielded no further improvement.  

Preliminary results show that the task could contribute to monitor ALSFRS-R and CBS in ALS patients. However, an 
increase in predictive power would probably be achieved by combining this task with others that capture 
complementary information (e.g. fine motor tasks). Additionally, this approach is not applicable for ALS patients with 
advanced disease in which speech is unintelligible. Future work would replicate this analysis in a larger cohort to 
validate these pilot findings. 

 
Figure 1. a) Picture shown to the participants, b) Keywords obtained by MT study, c) Performance results. 
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Introduction: Electronic Health Record (EHR) data collected during the routine delivery of care have in recent years enabled 
countless opportunities for translational and clinical research.[1] However, a major limitation of EHR data is the lack of 
precise information on disease phenotypes. Phenotype surrogate features such as ICD diagnosis codes often exhibit dismal 
specificity that can bias or de-power the downstream study.[2] On the other hand, manual annotation of phenotypes via chart 
review is laborious and unscalable. These limitations become even more pronounced when the object of interest is the timing 
of clinical events – or equivalently, how clinical status changes over time – which is important for evaluating disease 
progression. Surrogates of event time derived from EHR codes often exhibit systematic biases, and multiple features may be 
needed to accurately predict how a phenotype progresses over time.[3-5] Existing event time prediction algorithms are 
limited by their 1) reliance on domain expertise to identify predictive codes, 2) inability to utilize more than a handful of 
codes, and 3) sensitivity to sparsity, a common characteristic of EHR data. Using more sophisticated machine learning 
methods to predict phenotype event times can potentially address these limitations, but this remains an untrodden problem. 
 
Methods: The SAMGEP algorithm broadly consists of four steps: (i) assemble time-evolving EHR features predictive of the 
target phenotype event, (ii) optimize weights for combining raw features and feature embeddings into dense patient-timepoint 
embeddings, (iii) fit supervised and semi-supervised Markov Gaussian Process (MGP) models to this embedding progression 
to predict marginal phenotype probabilities at each timepoint, and (iv) take a weighted average of these semi-supervised and 
supervised predictions with weights determined adaptively to optimize prediction performance. 
 
Results: SAMGEP achieves significantly improved AUCs and F1 scores relative to common machine learning approaches in 
both simulations and a real-world task using EHR data to predict multiple sclerosis relapse (Figure 1). It is particularly adept 
at predicting a patient’s longitudinal phenotype course, which can be used to estimate population-level cumulative probability 
and count process estimators (Figure 2). Reassuringly, it is robust to a variety of generative model parameters. 
 

 
Figure 1: Predictive metrics for SAMGEP and various Figure 2: Estimation of population-level MS relapse CDF 
comparator methods predicting MS relapse using real-world (top) and count process (bottom) curves as a function of MS 
EHR data. 95% confidence intervals were empirically  diseased duration using the predictions of SAMGEP and 
Estimated by bootstrapping with 100 replicates.  Comparators trained with 50 (left) and 100 (right) labels. 
 
Discussion: SAMGEP’s event time predictions can be used to estimate accurate phenotype progression curves for use in 
downstream temporal analyses, such as a survival study for comparative effectiveness research. 
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Introduction 

Falls and pressure injuries are top on the list of hospital-acquired complications. While current decision support 
systems (DSS) can calculate risk scores for falls and pressure injuries, they usually require nurses to: a) decide when 
to assess or reassess, b) select the correct assessment form to fill, c) manually enter relevant information or d) decide 
what interventions to apply. These tasks, when performed manually, can result in missed, incomplete or incorrect 
assessments. In this study, we aim to evaluate the effects of automating three human information processing functions1 
including information acquisition, analysis and decision selection for risk assessment of falls and pressure injuries. 
An online experiment with a simulated DSS will test four hypotheses: 

1. Automated information processing increases the percentage of completed assessments. 
2. Automated information processing reduces the time taken to complete assessments. 
3. Automated information processing reduces the proportion of missed assessments. 
4. Automated information processing reduces the percentage of errors in assessments.  

Method 

Forty-two registered nurses will be recruited and asked to assess risk for falls and pressure injuries in three patient 
scenarios using a simulated DSS. They will then be presented with change of condition alert for each scenario and 
will be asked to reassess. Each scenario will correspond to either of the three experimental conditions: manual, low 
automation and high automation (Box 1). Order of scenario presentation will be randomized. Participants’ decision to 
assess, completion of assessment tool, completion time and error rate will be measured. We estimate that a sample 
size of 42 will be required to detect a difference of 25%, and standard deviation of 20% for each outcome measure for 
all tasks with 90% power and p < 0.05. 

Box 1. Exemplar clinical scenario for initial assessment 

Conclusion 

There are known risk factors for falls and pressure injuries that are 
collected elsewhere in patients’ medical records as part of their 
hospitalization. There is an opportunity to automatically acquire and 
analyze this information. Findings of our experiment will shed light on 
the benefits and limitations of automating human functions. 

Reference 
1. Parasuraman R, et al. A model for types and levels of human interaction with automation, IEEE Transactions on 

Systems, Man, and Cybernetics - Part A: Systems and Humans, May 2000;30(3):286-97. 

 
Figure 1. Experimental flow diagram.    

Ms Smith is a 59-year-old female, diabetic, currently admitted for 
observation following an event of vertigo. Her BMI is within normal range, 
activity as tolerated, complains of headache and hyposomnia.  

Task 
Manual Low automation High automation 

What nursing 
problem 
assessments will 
you perform? 

Here is a list of 
prioritized nursing 
problem assessments 
for Ms Smith. Please 
complete assessment 
tools with relevant 
information.  
 

Here are prefilled nursing 
problem assessment tools 
and recommended actions 
for Ms Smith. Please 
verify. 
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Introduction 
One in 5 adults in the US is affected by mental illness. Patients with co-morbid mental health conditions are more 
likely to need re-admission under 30 days, i.e. recidivism. In University of Missouri Health Care (UMHC), about 11% 
of inpatient mental health visits are recidivist visits. Addressing the gap between the need for care and the ability to 
provide that care is crucial. However, evidence for pertinent factors that contribute to recidivism is lacking. The long-
term goal of this study is to optimize the use of mental health services and emergency department services by reducing 
recidivism. In this study, we aimed to determine key variables associated with mental health disease and recidivism. 
Key innovation of this study is that we included variables from criminal record for recidivism analysis. 
 
Methods 
An interdisciplinary team analyzed over 150,000 visits to inpatient mental 
health at UMHC Missouri Psychiatric Center in 2009-2016. Sample 
included longitudinal data for 6,060 patients who had at least one in-patient 
stay during the period. Figure 1. depicts distribution of study sample by zip 
code. Red dots indicate high rate of recidivism ( 10%), Gold is average of 
expected rate of recidivism ( 10%), and Green is no recidivism. Patient 
data sources included IDX, EHR, CCMO, Social Media, HRSA, Census 
data, and CaseNet (Missouri  court  records). In addition, we conducted an 
extensive literature review of 660+ articles to determine potential drivers of 
recidivism. After data clean up and harmonization, the data was analyzed 
via Association Rule Mining through WEKA, a data mining software. We 
chose FP Growth algorithm because it allows for finding patterns in large, 
disparate, data sources. Its use holds promise as a method of analyses when 
more than one pattern is likely. We applied the algorithm at confidence 
levels of 0.97 and 0.95 for both recidivist and non-recidivist groups.  
 
Results 

Literature review yielded a total of 243 potential drivers of 
recidivism across nine concept domains. Of these 243, 65 drivers 
were available either by electronic data capture or by manual data 
capture. Some data elements were calculated from existing data. 
(Table 1) For analysis, we used only patients with complete 65 
drivers. After data preprocessing, there were 515 recidivists and 
4,997 non-recidivists with complete records. Results suggested 
strong associative patterns in permutations of patient situations 
around specific data elements. At confidence level of 0.95, FP 
Growth found 36 rules for recidivists and 12 rules for non-
recidivists. At confidence level of 0.97, FP Growth found 31 rules 
for recidivists and 12 rules for non-recidivists. We identified 
several patterns in the data that are associated with recidivism, 
such as home address  over 32 miles distant from a food pantry or 
free clinic, length of stay (predecessor visit) of less than 6 days, 
age under 36 years at time of inpatient stay, present or past history 
of physical abuse. It is of note that history of abuse (from EHR 
and CaseNet data) showed strong association with recidivism. 

 
Conclusion 
Complexity of recidivism warrants new problem solving methods to improve the response to care. Findings will 
help to reduce recidivist visits, associated costs and care quality issues which can be leveraged for use in value-
based reimbursement strategies by reconsidering non-traditional, non-clinical, health related and health supporting 
services. Based on the preliminary findings, UMHC is considering operationalizing an in-hospital Food Pantry.  

 
Figure 1 Distributions of study sample 

Table 1 Domains and example variables assoicated 
with mental health disease and recidivism 

Domains Example Drivers (attributes) 
Demographic  Gender, Age, Immigration, 

Relationships 
Economic  Health Insurance, Income Level, 

Employment Status 
Cultural  Region, Religion, Customs 
Criminal  Sexual Crime, Criminal History  
Diagnosis  Type of Mental Disease, 

Symptom Screening Tool Scores 
Legal  Court Related, Driving Related, 

Family Related Drivers 
Treatment  
 

Hospital Stay Characteristics, Pre-
Hospitalization Characteristics 

Living 
Arrangement  

Family Related Issues Causing 
Housing Issues 

Prescription 
Drug  

Antipsychotics, Antidepressants, 
Mood Stabilizers 
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A Decade of Vaping: Identifying Shifts in Clinical Documentation and
Terminology in the Department of Veterans Affairs (2010-2020)

Patrick R Alba, MS1,2, Olga V Patterson, PhD1,2, Mike Conway, PhD1

1University of Utah, Salt Lake City; 2VA Salt Lake City Healthcare System, UT, USA

Abstract As a first step towards developing a Natural Language Processing (NLP) system to automatically identify
references to Electronic Nicotine Delivery Systems (ENDS, or electronic cigarettes) use in the Veterans Affairs (VA)
Electronic Health Record (EHR), we have created and evaluated a comprehensive, ENDS-related dictionary of terms
using data-driven methods.

Introduction
The use of ENDS has grown dramatically in the United States over the last decade. Yet, despite this exponential
increase, ENDS documentation practices in the EHR have remained largely unstudied, and consequently are currently
poorly understood. The need for investigation into ENDS-use documentation practices is especially pressing given the
rapidly changing use of colloquial terms – vaping, juul, juuling, etc. – used by patients to describe ENDS products and
brands. A comprehensive understanding of the heterogeneity of colloquial usage is a vital first step in the development
of NLP systems capable of automatically identifying ENDS use mentions from clinical notes.

Methods
Using existing work as a starting point1, we identified a set of ENDS terms through the analysis of both clinical notes
(derived from the VA) and social media (Reddit, Twitter). To expand this initial set we then iteratively applied multiple
automated methods including word embeddings trained on VA clinical notes and edit distance algorithms to identify
additional terms or spelling variants. After finalizing our set of ENDS-related terms, we extracted term instances from
all clinical notes in the VA Corporate Data Warehouse. For this analysis, 75 terms were categorized by variants of the
most common root terms (electronic cigarette, e-cigarette, e-cig, vape) or other terms (other variants).

Results

Figure 1: Total ENDS-related terms found in
VA clinical notes

Using a cohort of 4,604,856 patients we identified 1,638,884 mentions
for 418,170 patients across 1,191,133 clinical notes in the VA EHR
and observed rapid growth in both the volume and variety of ENDS-
related terms in the clinical note. Total volume of clinical notes con-
taining ENDS-related terms exhibited an average annual growth rate
of 52.77% with 8,234 documents identified in 2010 and 202,842 in
2019; this is compared to a 2.3% annual growth rate of all clinical doc-
uments (with or without ENDS terminology). Over the last 10 years
we have also seen a considerable shift in ENDS-related term use by
clinicians. Initially, electronic cigarette was the term most frequently
used to refer to ENDS (2010-2012). When ENDS had become more
familiar, truncated forms — e-cigarette, e-cig — began to become
widely used (2013-2016). More recently the term vape (and variants
such as vaped and vaping) have superseded both electronic cigarette
and ecig as the most frequently used ENDS term (2016-2020).

Conclusion
We identified a rapid shift in ENDS-related terminology in VA clinical notes. In particular, vape terms have recently
superseded older terms for ENDS products. Our analysis underscores the need for any ENDS-related NLP system to
accurately reflect the rapid changes in colloquial terms used by patients to refer to ENDS.

References
[1] Winden TJ, Chen ES, Wang Y, et al. Towards the Standardized Documentation of E-Cigarette Use in the Electronic

Health Record for Population Health Surveillance and Research. AMIA Jt Summits Transl Sci Proc. 2015;p. 199.
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  Saving Time for Patient Care by Optimizing Physicians’ Notes Templates  
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Abstract 

Background: Electronic Medical Records Can be burden but can also be advantage if used efficiently. 

Objectives: Study if optimizing physicians’ notes save time for patient care, improve providers satisfaction and 

patients safety. 

Methods: Notes templates were optimized in Mother-Baby Unit. 10 pediatric residents completed notes for a control 

patient using templates before and after optimization. Note time was tracked in seconds. 

Results: 69 actions saved for 4 notes types 

Conclusion: 2.6 hours per day saved   

Introduction 

Health care providers are generally dissatisfied with Electronic Medical Records (EMR) as it increases workload, 

stress and decreases physician’s productivity. All have been contributed to physician’s burnout by around the world 

surveys1. Poor EMR Usability and utility are the primary factors for physicians’ satisfaction, and poor EMR 

documentation affects the patient outcome negatively. Optimizing EMR improves physician satisfactions2.  

 

Results:  

Every infant requires: history and physical (HP), progress note, discharge (DC) summary and daily updated handoff. 

69 total actions saved when notes optimized (Figure 1). 10 residents did both notes so 20 seconds saved per action.                                                         

Figure 1. Number of actions taken per note type 

Conclusion 

Optimizing physicians’ notes templates in EMR resulted in significant time saving of 2.6 hours per day. 

                                                                              References 

1- Sutton JM, Ash SR, Al Makki A, Kalakeche R.  A Daily Hospital Progress Note that Increases Physician 

Usability of the Electronic Health Record by Facilitating a Problem-Oriented Approach to the Patient and Reducing 
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2- Guo U1, Chen L1, Mehta PH1. Electronic health record innovations: Helping physicians - One less click at a 
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Introduction 

Implementing precision medicine (PM) requires that drug discovery is focused on addressing heterogeneity among 

patients. De novo drug discovery is a time-consuming, high-cost, and high-risk process with a low success rate. This 

highlights the need for drug repositioning (DR), finding new uses for old drugs. DR reduces the time, cost, and risk 

associated with developing new drugs because it takes advantage of existing therapies at the approval stage or already 

declared safe for human use. In this study, we have used a novel data mining approach, exploratory data mining (EDM)1, 

and network analysis for patient cohort stratification and drug repositioning. This approach allows us to define patient 

subgroups and drug recommendations not previously identified using a large volume of phenotypic and molecular data. 

Method  

A novel exploratory data 

mining technique1 and network 

analysis were implemented for 

subgroup discovery and DR. 

The Cancer Genome Atlas 

(TCGA) data for colorectal 

cancer (CRC) was downloaded 

via Firecloud and used as a 

case study for this work. By 

mining patient data and 

querying a drug knowledgebase for relevant biomedical entities, as depicted in Fig.1, the method generates subgroups 

that have significant contrast from the whole disease population. The difference between the focus group and the rest 

of the population is assessed based on the differences in genotypic, phenotypic, and drug-related biomedical entities. 

For each subgroup, drugs were ranked based on a weight that was calculated using patients' related biomedical entities 

that connected to each drug in the given subgroup. The analysis was done using a big data ecosystem, where apache-

spark was used to implement our data mining method, and network analysis was done using neo4j and Cypher.  

Results 

For each subgroup, our approach resulted in a network with heterogeneous biomedical components, including different 

drugs related to a given subgroup. The majority of top-recommended drugs for each subgroup are currently utilized in 

other malignancies or utilized in CRC. For example, one subgroup of patients was identified with the critical 

characteristics of rectal cancer, age between 50 and 69 years old, and a set of differentially expressed genes between 

this subgroup and other CRC patients. The top three recommended drugs for this sub-group were Dactinomycin, 

Menadione, and Topotecan. Dactinomycin is a chemotherapeutic medication used to treat other malignancies, and 

commonly used in combination therapy2. Menadione is a vitamin K3 analog currently under study for its potential to 

induce apoptosis in colorectal cancer3. Topotecan is a topoisomerase I inhibitor used in ovarian cancer and closely 

related to Irinotecan, a chemotherapeutic commonly used in CRC patients4. This result suggests the feasibility and 

utility of this approach.  

Conclusion 

Further development of precision medicine requires an in-depth look at patients and medications. Our method 

demonstrates that combining data mining with network analysis has the potential to discover patient subgroups and 

critically, identify existing drugs to target these subgroups. This provides the possibility for a rational, molecular-based 

approach to testing new therapy in patients. Future work will be focusing on confirming these findings in tumoroid and 

xenograft models mimicking molecular alterations in human.  

References 
1. Liu D, Baskett W, Beversdorf D, Shyu C-R. Exploratory Data Mining for Subgroup Cohort Discoveries and Prioritization. IEEE Journal of 
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2.  Kleeff JR, Kornmann M, Sawhney H, Korc M. Actinomycin D induces apoptosis and inhibits growth of pancreatic cancer cells. International 
Journal of Cancer. 2000Jan;86(3):399–407. PMID 10760829.  

3.  Kishore C, Sundaram S, Karunagaran D. Vitamin K3 (menadione) suppresses epithelial-mesenchymal-transition and Wnt signaling pathway in 

human colorectal cancer cells. Chemico-Biological Interactions. 2019;309:108725. PMID 31238027. 
4. Abdelsayed GA, Danial T, Kaswick JA, Finley DS. Tumors of the Anterior Prostate: Implications for Diagnosis and Treatment. Urology. 

2015;85(6):1224–8. PMID 25681835. 

Figure1: Subgrouping and Drug Repositioning Framework. Patients are grouped base on the phenotypic 
(Ps) and genotypic (Gs) data. Drugs are repositioned base on the genotypic data and the drugs KB. 
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Introduction 
Patients taking multiple medications are at risk of experiencing adverse events due to potential multiple drug 
interactions (pMDI) defined as one drug interacting with more than one other drug 1,2. Patients taking two drugs that 
independently inhibit the metabolism of a third are at increased risk of the adverse event associated with elevated 
levels of the third drug.  
 
Objective 
The goal of this study was to estimate to what extent ambulatory patients are exposed to serious pMDIs  and to 
characterize the nature of the interactions.  
 
Materials and Methods 
Current medication lists of 33,000 randomly chosen outpatients, ≥60 years from 2015-2019, were extracted from the 
clinical data warehouse (mean number of medications per list: 7.46, SD: 4.97). Network analysis identified patients 
who were prescribed three or more interacting drugs from their “current medication lists.” Patients’ prescribed drugs 
were represented as nodes and potential interactions between the drugs as 
edges. Standard depth-first search graph traversals were used to identify 
pMDIs 3. Interacting drug pairs were identified from the list of drug-drug 
interactions from The New York Presbyterian hospital (Allscripts, Cerner). 
Severity for each pair of interacting drugs included SEV 1 
(contraindicated), SEV 2 (generally avoid) or SEV 3 (closely monitor).  
 
Results 
Prevalence of multi-drug interactions: Of the 33,000 medication lists, 
1,615 (5.0%) included three-drug interactions (SEV 1,2,3) of which 102 
(0.32%) were contraindicated (SEV 1). Three-drug interactions could 
result in either two potential drug-drug interactions (pDDIs) (D1-D2;D1-
D3) or three (D1-D2;D2-D3;D1-D3). There were 485 (1.5%) lists that 
included four-drug interactions (SEV 1,2,3) of which 42 (0.13%) were 
contraindicated (SEV 1). Four-drug interactions could result in three (D1-
D2;D1-D3; D1-D4) to six (D1-D2; D1-D3; D1-D4; D2-D3; D3-D4; D3-
D4) pDDIs.  
Potential adverse events: Multi-drug interactions in a given patient were 
associated with either one potential serious adverse event (pAE), such as 
prolonged QT or serotonin syndrome, or multiple pAE such as myopathy, 
prolonged QT or bleeding (TABLE). Multiple pAE resulted from 
inhibition of metabolism of one drug by another or two or more drugs with 
the same pAE. 
 
Discussion and Conclusion 
Using network analysis, we identified  pMDIs in individual outpatients by analyzing their medication lists. Three 
drugs could result in two or three pDDIs and four drugs could result in four to six pDDIs. The likelihood and 
severity of any adverse event associated with a particular drug would be magnified if two or more drugs reduced the 
metabolism of the offending drug or if all drugs had the same potential AE.  
 
References  
1. Roughead EE. Multidrug interactions: the current clinical and pharmacovigilance challenge. Journal of Pharmacy Practice and 

Research. 2015;45(2):138-139. 
2. Xiang Y, Albin A, Ren K, et al. Efficiently mining Adverse Event Reporting System for multiple drug interactions. AMIA Jt 

Summits Transl Sci Proc AMIA Jt Summits Transl Sci. 2014;2014:120-125. 
3. Tarjan R. Depth-First Search and Linear Graph Algorithms. SIAM Journal on Computing. 1972;1(2):146-160. 
 

Mechanism Drugs taken 
concurrently 

Potential 
adverse event 

[pAE] 

Drugs alter 
metabolism 
of other 
drugs 

Simvastatin 
Ketoconazole 
Citalopram 

Myopathy 

Simvastatin 
Dronedarone 
Ketoconazole 
Rivaroxaban 

Myopathy 
Prolonged QT 
Bleeding 

Ketoconazole 
Tamsulosin 
Ranolazine 

Prolonged QT  
hypotension 

Amitriptyline 
Mirtazapine 
Ondansetron 

Prolonged QT 
Serotonin 
syndrome  

All drugs 
have same 
pAE 

Escitalopram 
Selegiline  
Tramadol 

Serotonin 
syndrome 

Sotalol 
Amiodarone 
Ciprofloxacin 
Levofloxacin 

Prolonged QT 

Ketorolac 
Naproxen 
Diclofenac 

GI hemorrhage 
and ulceration 

1687
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Introduction 

Cloud-based hosting architectures have the potential to expand the software capabilities of the typical researcher. 

However, there are still many unmet challenges, including: 1) hosting across funding gaps; 2) complexity of 

institutional policies; and 3) the transitory nature of students and software vendors. Current lack of infrastructure is a 

barrier to innovation in emerging technology research and sustainability of technology-based research in academic 

environments. Hekademeia (http://www.hekademeia.org) was formed to create a sustainable community-based 

platform that provides support for pre-funding and between-funding technology-based academic research projects 

while adhering to industry best practices to optimize a shared, cloud-based environment. As an independent, non-

profit organization, Hekademeia’s mission is to provide at-cost hosting and technology resources that foster innovation 

and accelerate the creation of new software technologies in academic research. 

Methods 

Based on our collective industry and academic technology 

experience, the Hekademeia team formulated baseline requirements 

for platform features, development support, and cross-institutional 

collaboration to establish an operating model that facilitates every 

stage of development. We engaged diverse groups of academic 

research stakeholders using note-taking during meetings for 

numerous technology projects as part of applied development 

consultation. Projects were at pre-funding/conceptual, active 

funding/development, and between-funding/deployed stages. For 

example, we engaged nurse scientists focused on delivering 

technology-supported interventions to different non-technical 

patient populations. Other projects required routine web scraping 

and high-volume data throughput capabilities for timely information 

analysis and delivery. The HomeSHARE project (NSF Awards #’s: 

1629202, 1629468, 1625451, 1629437) engaged researchers using 

interviews and presentations to inform infrastructure requirements and confirmed the need for a sustainable, honest-

broker solution. Beginning in September 2019, we synthesized this information in a series of meetings to define the 

operating model, determine operating costs, and identify regulatory constraints. Efforts are underway to pilot test the 

operating model through a research support agreement between Hekademeia and the University of Missouri.  

Results 

Researchers and IT decision-makers uniformly agree that there is need for sustainable infrastructure to support the 

development of software technologies in academic research. Figure 1 shows an overview Hekademeia architecture. 

Stakeholders recognized multiple potential benefits from an at-cost solution, including the ability to span funding gaps 

and smooth the transition between students or developers. Challenges solved by Hekademeia include base image 

management, CPU cost-sharing, and data access administration. While research projects differ by discipline, the same 

governance issues  apply to all researchers including compliance with federal and institutional regulations, need for 

technology and deployment flexibility, and convenient, secure sharing of data and applications for collaboration.  

Conclusion 

Hekademeia offers an at-cost operating model to foster technology-supported research in academic environments that 

maximizes sustainability and minimizes conflict of interest. Hekademeia is a necessary complement to the NIH 

STRIDES Initiative1 that seeks to provide support for large-scale data science projects once data have already been 

collected. Full details of researcher-initiated Hekademeia pilot studies, platform architecture, collaborative agreement 

challenges, and perceived demand for architecture will be presented at the AMIA Annual Symposium 2020.  

References 

1. National Institutes of Health Office of Data Science Strategy. NIH STRIDES Initiative 

https://datascience.nih.gov/strides. Published 2019. Accessed 7/20/2020. 

Figure 1. Hekedemeia architecture overview 
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Introduction: Mobile health technology has become a catalyst in treating multiple chronic diseases and increasing access to 

healthcare. As estimated by the World Health Organization (WHO), more than 300 million people of all ages, races, and 

socioeconomic backgrounds, are living with depression worldwide [1]. Moreover, postpartum depression (PPD) specifically 

is increasingly common; the overall prevalence is estimated to be 17% among healthy mothers without a prior history of 

postpartum depression [2]. Mobile apps are increasingly being used to deliver mental health services, but given that the rise 

in attention to PPD is relatively recent, we aim to investigate the overall quality of depression apps and whether disparities in 

the quality of PPD apps versus general depression apps exist, due to being in more nascent stages. 

Objective: The objective of this study is to assess the quality, functionality, and concordance with clinical guidelines of 

mobile health applications for depression, including postpartum depression. 

Methods: Four search terms (“depression”, “depression tracker”, “mood”, and “sadness”) were used in the iTunes App Store 

and Google Play Store to identify applications targeting depression management. Apps meeting inclusion criteria were 

evaluated using the Mobile Application Rating Scale (MARS), IMS Institute for Healthcare Informatics functionality scores, 

the clinical guidelines from the US Preventive Task Force on preventing perinatal depression, and the American 

Psychological Association’s guidelines for the treatment of general depression [3][4]. Rating guidelines were established 

among the four raters to improve consistency and an intraclass correlation was calculated. Subsequently, apps were evaluated 

independently by at least two raters.  

Results: Out of 2,417 identified apps, 23 met the inclusion criteria. Apps which were not relevant, such as apps with depression 

quotes, games for depression, and general facts about depression, were excluded. The overall app quality based on the MARS  

was high (mean  3.98, SD 1.35), and 92% of the apps had an acceptable MARS score (>3). The mean number of functionalities per 

IMS guidelines was 6. Overall, the MARS category with the highest score was Functionality (mean 3.8, SD 0.50), while Information 

was the lowest rated category (mean 3.0, SD 0.52). Only 2 apps were focused on postpartum depression; the mean MARS score  

for these two apps was 3.4  and the mean number of functionalities was 5. Only two of the apps were adherent to the clinical 

guidelines, while the rest met the criteria for less than half of the guidelines. Two of the apps had an affiliation with an academic 

center, and only 43% had data protection and privacy standards. Interrater reliability was high among the reviewers (two-way  

mixed CA-ICC=0.79). 

Conclusions: The majority of the apps in this study had high MARS scores, with functionality being the highest rated 

category. Features focused on information and privacy concerns were limited. Apps for postpartum depression scored higher 

in aesthetics and information, but lower in engagement, and average in functionality compared to other depression apps. 

Apps to support the management of depression, especially PPD, could be improved with better adherence to the clinical 

guidelines and recommendations based on up-to-date evidence of depression management, and stricter data and privacy 

policies.  
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Introduction 
Family caregivers of persons with dementia face complex, dynamic challenges. One way to help caregivers navigate 
these challenges is to provide anticipatory guidance about the changes in abilities that accompany the functional stages 
of dementia. Although there are numerous mobile apps about dementia and caregiving, none address the functional 
stages of dementia. To close that gap, we are developing a mobile app, the Interactive Functional Assessment Staging 
Navigator (I-FASTN), specifically targeted to the needs of Hispanic caregivers with low health literacy (LHL) and 
limited English proficiency (LEP). Here, we report on a heuristic evaluation of the interface which is part of a larger 
evaluation strategy including subsequent usability testing with caregivers in both English and Spanish. 

Methods 
Experts evaluated a clickable Invision prototype of the I-FASTN interface using a set of 12 user tasks which included 
finding specific pieces of information, making notes, changing settings, and using help. The evaluation checklist 
comprised 104 items across 12 usability principles (range 1 – 18 items) drawn from a 211-item bank specific to mobile 
interfaces1. Items were selected based on applicability to the desired functionality (e.g., items about shopping omitted). 
Response options were ‘no problem,’ “cosmetic problem only,’ ‘minor usability problem,’ ‘major usability problem,’ 
and ‘usability catastrophe.’ We iterated on the interface after each round of evaluation based on ratings and comments. 

Results & Conclusion 
Evaluators (n = 5) had expertise in human-computer interaction, user interface/user experience, consumer health 
informatics, clinical informatics, software engineering, and visualization (range 4 – 15 years). Four evaluators had 

expertise in 2 or more domains (max 4); one had personal 
experience of a family member with dementia. Usability 
ratings improved with all major and catastrophic problems 
resolved by the last iteration (see Table 1). The most severe 
usability problems were related to text size, prominence of 
clickable areas, color scheme, and exits from modals (see 
Fig 1.). Improved visibility of available user actions 
improved usability overall. 
 

Figure 1. Before (L) and after (R) five iterations showing resolution of ‘major’ usability problems: larger (16+ px) 
font optimized for mobile; buttons are more prominent; minimized use of “ghost” icons and light grey text that can 
look ‘inactive’; two options for deleting item (trashcan and toggling bookmark button); ‘clear note’ button added. 

Funding: CIRAD (P30AG059303); Reducing Health Disparities through Informatics Training Grant (T32NR007969). 

Reference 
1. Yáñez Gómez R, Cascado Caballero D, Sevillano J-L. Heuristic evaluation on mobile interfaces: a new checklist. 

ScientificWorldJournal. 2014 Sep 11;2014:434326. 

Problem 
Severity 

Round 
1 

Round 
2 

Round 
3 

Round 
4 

Round 
5 

Cosmetic 13 5 2 2 4 
Minor 18 21 8 5 7 
Major 3 6 0 0 0 
Catastrophic 0 1 0 0 0 
Total 34 33 10 7 11 

Table 1. Number and severity of usability problems 
identified in each round of heuristic evaluation. 
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Abstract 

Clinical Trial Alerts for emergency department patients delivered to study coordinators in the form of a worklist 

instead of text messages on a phone resulted in improved efficiency, documentation and workflow.  

Introduction 

We have a robust clinical trial screening and enrollment process in place for our emergency department. 24/7 study 

coordinators (registered nurses) receive real-time alerts from the electronic medical record (EMR) system (Epic) 

regarding patients who may be candidates for ongoing clinical trials. Until recently, all such alerts were delivered via 

text messages on dedicated cellular phones. The volume of messages was high, making it difficult to manage and 

prioritize the messages. Many opportunities for recruitment were missed by the study coordinators. Faced with an 

overwhelming number of un-prioritized alerts, some coordinators resorted to scanning the track-board and screening 

in a less focused manner. Our Research Director (the second author of this paper) spent a substantial part of her day 

scanning the emergency department track-board as a backup to the alerts, sending her own messages to study 

coordinators when she found missed opportunities. Screening for trials is accomplished via a web-based screening log 

application that integrates with the EMR through web services and HL7 ADT messages. We report screening and 

enrollment rates before and after adding worklist functionality to our screening log application (implemented January 

8, 2020). Most alerts are now delivered to the screening log worklists, with only the most time-sensitive alerts going 

to the phones. Study coordinators now access the lists of alerts in the screening log and are able to work these lists 

much more efficiently in a more organized manner. 

Results 

Screening and enrollment statistics for the most active studies at the time of the implementation are shown in the 

Table. All studies showed a significant increase in the percentage of alerts that resulted in a documented screen. We 

also saw a significant decrease in screens of patients without alerts. Since implementation of the worklists, the Director 

of Research rarely needs to direct coordinators to potential research candidates and there have been no significant 

drops in enrollment, with a substantial increase in enrollment for at least one study.  

Table -- Percent of potential subjects with alerts that were screened and enrolled. Percent of those screened 

that had no alert (Pre and Post implementation of worklists) 

Study 
Alerts 
Pre 

Alerts 
Post 

Screens 
Pre 

Screens 
Post 

Screen 
p-value 

Enrolled 
Pre 

Enrolled 
Post 

Enroll 
p-value 

NoAlert 
Pre 

NoAlert 
Post 

NoAlert 
p-value 

Abscess 5068 537 28.3% 79.0% <0.001 0.6% 0.4% 0.562 27.1% 5.4% <0.001 

ICH 1429 527 18.3% 84.3% <0.001 0.0% 0.0%  41.3% 0.2% <0.001 

Trauma 19189 1940 65.6% 82.6% <0.001 2.4% 1.9% 0.166 28.6% 7.7% <0.001 

Cellulitis 6863 638 11.5% 80.9% <0.001 0.1% 0.0% 0.424 33.0% 14.1% <0.001 

Fever 2899 847 9.7% 84.4% <0.001 4.5% 11.1% <0.001 40.2% 3.2% <0.001 

Opioids 3478 586 14.3% 65.7% <0.001 5.3% 4.6% 0.480 22.7% 3.0% <0.001 

COPD 5636 1139 17.1% 65.7% <0.001 1.8% 2.4% 0.176 9.3% 2.2% <0.001 

CHF 395 145 32.9% 88.3% <0.001 0.0% 0.0%  73.7% 14.7% <0.001 

VTE 856 688 87.0% 86.2% <0.001 6.4% 7.0% 0.629 13.7% 15.5% <0.001 

The “Pre” period was up to about 19 months depending on the study. The “Post” period was about 7 weeks. 

Conclusion 

Clinical trial alert worklists have markedly improved screening workflow in our emergency department
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Introduction 

To provide whole-person, integrated, patient-centered, comprehensive care, it is important to connect oral health with 

primary health care (PHC). Integration has generally centered on providing some oral health services in PHC with 

less attention devoted to in-home healthcare (IHC). The proportion of older people in the general population is steadily 

increasing and these individuals age into IHC. There is a need to address the increasing prevalence of chronic diseases 

as well as oral diseases among these individuals. People receiving IHC are significantly more likely to have poorer 

oral health status compared to those living independently(1). However,  provision of oral health services in IHC 

settings is limited. There are several barriers to appropriate oral health care for older adults, including cost, lack of 

dental insurance coverage, limited mobility as well as other chronic medical conditions. Understanding patterns of 

dentalcare utilization and costs among older adults with and without IHC can help guide decision-making involving 

the provision of oral health services in IHC.  

Methodology 

Data from 8,968 participants in the 2016-2017 Medical Expenditure Panel Survey, 65+ years were used. Dentalcare 

utilization was assessed as a binary variable for dental visits (DV) i.e. yes/no, and dental costs as total dental 

expenditure. Analyses were stratified by age-group, edentulous and IHC status. Receipt of IHC was defined as “a 

month of health services provided”. Logistic regression models explored the relationship between receiving IHC and 

DVs, adjusted for race/ethnicity, sex, age, dental insurance, educational and marital status, poverty category, 

urbanicity and edentulous status. All statistical analysis were weighted and population-adjusted using Stata. 

Results 

There were 48.4M Americans, 65+ years with $22.5B in dental expenditures. Among older adults, 4.6M receive IHC. 

In those receiving IHC, 1.5M (33%) had at least one DV during this period with total dental expenditures exceeding 

$1.5B. In those without IHC, 22.4M (51%) had a DV with total dental expenditures exceeding $20.9B. Among those 

receiving IHC, 1.4M (30%) were edentulous and total dental spending was $143M, whereas,  in non-edentulous older 

adults $1.4B was spent on oral health care. Among those without IHC, 7.1M (16%) were edentulous and total dental 

spending was $1.2B, whereas in non-edentulous older adults $19.7B was spent. Among all with IHC, per capita 

spending on DV was $804 in edentulous and $1,053 in non-edentulous. Among all without IHC, per capita spending 

on DV was $1,158 in edentulous and $922 in non-edentulous. Stratifying by age-group, per capita spending on DV 

among edentulous adults, 65-74 years were $540 and $1173 for IHC and non-IHC groups, respectively. Per capita 

spending on DV among edentulous adults, 75+ years were $945 and $1141 for IHC and non-IHC groups, respectively. 

In all age-groups, after adjustments for all variables, older adults with IHC were less likely to have a dental visit 

(OR=0.67; 95%CI {0.53, 0.83}; P=0.000) compared to those without IHC.  

Conclusion  

If the US had a system with full integration of home health and dental care, upwards of 1.5M people could have access 

to dental services. This is important because of the clear linkage between chronic co-morbidities and oral diseases in 

older adults as well as the known oral health inequities affecting this age group. Older adults with complete tooth loss 

might be under-utilizing the dental health system compared to non-edentulous older adults utilizing IHC even though 

a need for oral health screenings, preventive services, and prostheses maintenance exist. Overall, these findings 

suggest that oral health services are underutilized among older adults receiving IHC, and indicate the need for 

improved information and better coordination to support the provision of oral health care services among those 

receiving IHC. 
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Abstract 

With the proliferation of electronic health records (EHRs), physicians report working longer hours, with many 

completing EHR-related tasks on evenings and weekends outside their normal workday. Results from the 

current study suggest that while a small number of physicians spend time in the EHR during extreme after 

hours, most physicians spend little to no time in the EHR during these hours. Insight into extreme after-hours 

EHR usage will enable further analysis of the role and contribution of this phenomenon to physician burnout 

and other work-life balance concerns. 

Introduction 

Many of the benefits of electronic health records (EHRs) have not been achieved at expected levels due to a 

variety of unintended negative consequences such as documentation burden and unfavorable workflow issues. 

Identifying specific tasks that consume physician time may facilitate improvements in EHR design, which in 

turn might help alleviate the burden of data entry and retrieval for this group. Previous studies have assessed the 

types of tasks physicians complete in the EHR and the time allocated to these tasks, but there remains a gap in 

understanding regarding when, in relation to their work schedule, physicians perform these activities and the 

specific tasks that are frequently delayed until after-hours. The current study extends the literature by 

characterizing after-hours EHR use. 

Methods 

This study employed a retrospective exploratory descriptive task analysis of EHR audit log data from primary 

care pediatricians at a large midwestern pediatric health center. EHR audit log data from all physicians who 

generated relative value units related to ambulatory primary care activity in September 2019 were included in 

the study. Data were analyzed to quantify and identify tasks typically completed during extreme after hours 

(defined in this study as between 10 PM and 6:45 AM during weekdays, between 2 PM and 8 AM on Saturdays, 

and all-day Sunday). 

Results 

The 62 pediatricians in this study (23% male and 77% female) generated 1,547,106 access-log data points 

(across 1,115 physician workdays). They spent an average of 5 hours total per workday completing various 

tasks in the EHR. Only 16 minutes of this time (range: 0-78 minutes) was spent during extreme after-hours, 

with only two physicians spending an average of more than 1 hour during extreme after hours. 77% of the EHR 

time during extreme afterhours was spent reviewing charts and references, 12% documenting, completing order 

entries, and addressing alerts, 8% completing in-basket and communication tasks, and 4% engaging in login and 

log out activities. The distribution of extreme after-hours EHR use was similar to EHR use during work hours. 

Conclusion 

While a small number of physicians spend time in the EHR during extreme after hours, most physicians spend 

little to no time in the EHR during these hours. Results from this study suggest that physicians perhaps try to 

complete most of their work outside of the extreme after-hours period. Further studies are needed to explore 

EHR use patterns by physicians and the reasons for these patterns.   
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The Impact of Order Set Implementation on Inappropriate Titer Ordering and Vaccinations 
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Introduction: 
Providers can place the wrong order due to outdated knowledge or unclear order names1. 
Measles, Mumps, Rubella and Varicella (MMRV) immunity testing is an example of how orders 
can be misplaced as there are two types of testing: Immunoglobulin M (IgM) to detect an active 
disease and Immunoglobulin G (IgG) to detect immunity. We found that some providers were 
ordering the IgM orders to evaluate immunity instead of IgG due to multiple factors. This led to 
the misinterpretation that the patient is not immune and subsequent administration of 
unnecessary vaccinations.  
 
Methods: 
We collected the data for MMRV IgM, IgG tests and vaccinations orders from July 2009 to June 
2019 using SAP BusinessObjects. Data were collected from 4 primary care locations at the 
institute which had 101 primary care providers that ordered immunoglobulin testing including 
residents, fellows, attendings and nurse practitioners. In October 2014, we built an order set to 
include the appropriate lab orders for immunity testing and made it available at the organization 
level. Identification of inappropriate vaccinations was through a chart review by 2 physicians.  
 
Results:  
54 providers have used the order set for immunoglobulin testing 488 times to order 2128 IgG 
tests. IgM orders were 5.7% of all immunoglobulin orders before implementing the order set. 
This number decreased to 3% after order set implementation. The number of inappropriate 
vaccines dropped from 90 (15.6%) to 56 (10%) after the implementation (Table 1). 
 
Table1. Frequency of orders before and after 
order set implementation 
 Pre-order 

set 
Post-
order set 

IgG orders 6289 3104 
IgM orders 383 97 
Appropriate vaccination 488 519 
Inappropriate vaccination 90 56 

 
Conclusion: 
Using a clinical decision support (CDS) tool such as order sets can help decrease inappropriate 
titers and vaccinations which in return will improve patient safety and decrease clinical and 
financial ramifications. In our next study, we will evaluate the financial cost. Creation of an order 
set also needs to be embedded in the workflow of those placing the order and additional 
education is needed to reduce unnecessary orders and vaccinations to zero. 
 
Attendee’s Take-away Tool 
We created an order set that includes appropriate lab orders to test for immunity. (see 2nd page) 
 
References:  

1. Felcher AH, Gold R, Mosen DM, Stoneburner AB. Decrease in unnecessary vitamin D 
testing using clinical decision support tools: making it harder to do the wrong thing. J Am 
Med Inform Assoc. 2017;24(4):776-80. 
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Introduction 

A large body of research has focused on the disparities in hospital mortality based on insurance status. Specifically, a 

meta-analysis conducted by the American Thoracic Society noted that hospital mortality may be worst for uninsured 

vs insured patients1,2. This relationship is also noted for patients with Medicaid vs private insurance. While most 

studies account for some type of risk adjusted patient acuity measure, they lack a robust measure of acuity in patient’s 

physiological conditions as well as comorbidities when admitted to the ICU. Recently, hospitals have utilized risk 

adjusted acuity scoring systems including SOFA, Atlas and APACHE IV to predict patient outcomes with APACHE 

IV score being a useful predictor of outcomes3. APACHE IV score is specifically comprehensive as it includes 27 

patient physiological metrics and comorbidities on ICU admissions. In the current study, building on prior literature 

on mortality-insurance relationship, we include APACHE IV to add a measure of patients acuity to investigate if 

patients acuity at admission mediates the relationship between mortality and insurance status.  

Methods 

We conducted a retrospective cohort study using ICU data for 7 hospitals in Florida from 2016 to 2019. Patients 

included were those identified with a primary payer field as Medicaid, private insurance and uninsured. Only patients 

under the age<65 were included in the study. All other types of insurance including Medicare, government and other 

were excluded from the analysis and only unique ICU admissions were included.  Our final sample included a total of 

21,789 admissions. Demographic and clinical characteristics were compared across private, Medicaid and uninsured 

groups using Analysis of Variance (ANOVA). APACHE IV score, crude and predicted mortality were also compared 

between groups. A logistic regression model was utilized to examine the relationship between insurance status, acuity 

score and hospital mortality. In order to examine the observed effect of insurance status on mortality, we first estimate 

a baseline model with only insurance status and mortality. We then add socio demographic variables (age, sex, gender 

and race). In the final model, we add the APACHE score to examine the observed effect of insurance status on 

mortality outcomes while controlling for patients acuity score.   

Results 

The study sample included a  total of 21,789. Among these patients, 11,699 were managed care, 6,182 Medicaid and 

3,908 uninsured. Overall, for the baseline characteristics, on average uninsured patients were younger (44) compared 

to Medicaid (47) and private insurance (51). APACHE score was highest for Medicaid patients (47) compared to 

private (43) and uninsured (40).  Observed and risk adjusted hospital mortality was highest for the Medicaid group 

(0.09 and 0.07) than private (0.06 and 0.05) and uninsured (0.06 and 0.05) groups respectively. 

In our baseline model, patients with Medicaid had an observed mortality odds ratio (OR) of 1.54 (95% confidence in

terval(CI),  0.32-0.55, P<0.001)  and uninsured had an observed mortality OR of 0.92 (95% CI, -0.24-0.07, P=0.296

)  when compared to patients with private insurance. The odds of mortality increased after controlling for patient dem

ographic variables for Medicaid (OR, 1.60; 95% CI, 0.35-0.59; P<0.001) and uninsured (OR, 1.04; 95% CI, -0.11-0.

21; P=0.5584). In our final model that controlled for APACHE score along with demographic variables, the odds of 

mortality decreased to the first two models (OR, 1.25; 95% CI, 0.08-0.37; P<0.005) and uninsured (OR, 1.04; 95% C

I, -0.15-0.24; P= 0.63358). 

Discussion 

In this study, we examine the insurance-mortality relationship adding a robust measure of patient acuity characteristics 

at ICU admission. Our findings highlight that while insurance status (Medicaid) remains a significant predictor of 

hospital mortality on its own, once adjusted for patient acuity, this effects decreases, therefore, suggesting that 

Medicaid patients may present themselves with more acute conditions compared to the uninsured and private insurance 

population. Our findings have implications for improving overall health care and public health efforts in improving 

hospital outcomes for the Medicaid populations.   
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Introduction  

Both local and international interoperability of health care data relies on development and distribution of standardized 

coded terminologies. Information systems require governance, knowledge and communication to enable clinical 

decision support (CDS) in the electronic health record and public health reporting. CDS systems are not approved to 

go live in the United States until content is vetted through federal databases such as Value Set Authority Center 

(VSAC) and Public Health Information Network Vocabulary Access and Distribution System (PHIN VADS). These 

value sets (VS) utilize ICD-10-CM, LOINC and SNOMED CT terms. American hospitals started encountering cases 

of presumed coronavirus disease 2019 (COVID-19) in late February 2020. Laboratories are testing for the causative 

agent, severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2). ICD-10-CM, LOINC, SNOMED CT 

terminology development and content distribution through VSAC and PHIN VADS is outlined for lessons learned.  

Method  

Agency and standard development organization (SDO) websites and press releases are monitored for SARS-CoV-2 

content. World Health Organization (WHO) monitors virus outbreak. Regenstrief Institute (RI) is the SDO for LOINC. 

SNOMED International is the SDO for SNOMED CT. Center for Medicare/Medicaid Services (CMS) is the SDO for 

ICD-10-CM. Food and Drug Administration (FDA) regulates diagnostic testing and operates the Systemic 

Harmonization and Interoperability Enhancement for Laboratory Data (SHIELD) team. National Library of Medicine 

(NLM) houses VSAC containing submitted VS. Centers for Disease Control and Prevention (CDC) maintains PHIN 

VADS VS. Health and Human Services (HHS) houses CMS, NLM, FDA and CDC. Council for State and Territorial 

Epidemiologists (CSTE) works closely with CDC in public health messages. American Clinical Lab Association 

(ACLA) is comprised of national reference laboratories. 

Results  

In January 2020, WHO proclaimed COVID-19 an Emergency of Public Concern. RI and SNOMED International 

responded within 1 day with LOINC and SNOMED CT terms. WHO and CMS issued U codes for ICD-10 and ICD-

10-CM, respectively. The International edition of SNOMED CT is released in January and July. LOINC is released 

in June and December. RI had to publicize their pre-release page of SARS-CoV-2 terms through targeted emails and 

press releases, as organizations were not expecting updates. On February 4, HHS issued a public health emergency. 

The FDA responded with Emergency Use Authorization (EUA) processes to escalate new diagnostic test kit 

development. The authors and the Lab LOINC committee contacted all national reference laboratories for appropriate 

assignment of LOINC terms. PHIN VADS released COVID-19 resources (ICD-10-CM, LOINC and SNOMED CT) 

on March 6. VSAC published first COVID-19 VS on March 31 (containing SNOMED CT codes). On March 10, CDC 

reported 647 total US cases with 25 deaths in 36 states and district. ACLA reported on March 18 that 14,000 tests are 

completed daily. Starting March 23, CDC hosted weekly calls on COVID-19 testing and specimen handling. On 

March 31, ACLA reported 807,000 tests run to date, with 75,000 completed in one day. Both positive and negative 

values entered public health reporting streams. In April 30 COVID-19 VS submitted by multiple parties are housed 

on VSAC. In May the FDA/SHIELD and CDC jointly issued a master mapping table of all manufacturers containing 

LOINC and specimen-specific SNOMED CT terms to expedite terminology implementation, as CSTE noted that 

public health messages lacked specific specimen information. Ten new VS were available in May on VSAC, and 11 

on PHIN VADS. Four new PHIN VADS VS were available in June on PHIN VADS with 13 on VSAC. RI published 

LOINC version 2.68 on June 17. In June, FDA started hosting weekly calls with test developers (assays now include 

nucleic acid, antigen and antibody testing.) In July, 531 additional VS were available on VSAC. ACLA benchmarked 

323,000 tests/day by its members, with a total of 20.4 million tests run to date. On July 15, CDC reported 3,819,139 

US cases with 140,630 deaths. 

Conclusions 

The pandemic required escalated communications between healthcare industry, stewards and governing agencies. 

Multiple venues were created for timeliness of verbal and written communications. Systems designed to operate on 

standard releases incurred problems incorporating pre-release/inter-cycle terminology. Specimen information was not 

transmitted as expected. Process changes should be anticipated within vendor software systems based upon these 

observations. 
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Introduction Diagnostic Error or Delay (DEOD) continues to be a frequent cause of harm and poor patient 

outcomes. We often associate DEOD with cognitive bias on the part of individual clinicians. However, clinicians 

caring for acutely ill patients work within a complex socio-technical environment that impacts their decision making 

process and communication. An important part of the sociotechnical system is the electronic medical record (EMR) 

which could potentially reduce DEOD. This work focuses on how the EMR negatively impacts timely and accurate 

diagnosis by exploring the perspectives of key acute care clinician stakeholders. Qualitative research is a useful 

approach to understand this issue as we consider strategies to reduce DEOD related to the EMR in acute care 

settings.  

Methods We used a conceptual model that characterized a patient’s diagnostic journey as having three stages: 

critical information gathering, information interpretation, and decision making and communication. We conducted 

focus groups (FG) at four geographically and structurally diverse hospitals. Our multidisciplinary study team 

developed a moderator guide that incorporated socio-technical factors described in the SEIPS 2.0 and Safer DX 

frameworks, as well as expert clinician input. These frameworks are useful for studying DEOD as they capture the 

complexity of clinician interactions with systems not just patients. All FGs lasted one hour and were audio recorded, 

transcribed, and de-identified. Three members of the study team independently coded a pilot set of the transcribed 

data and generated a code book, which we then applied to the rest of the data, remaining open to emerging codes. 

Over a series of meetings, we came to agreement on a final coded dataset. We used NVivo software for data 

management and analysis. Finally, we reviewed the totality of the data again, organized by code, to generate 

overarching themes and categories. Contributions to DEOD related to the EMR were prominent so we describe them 

here.  

Results We convened 11 FGs for bedside nurses, advanced practice providers, consultant and trainee physicians and 

other allied staff from the hospital floor, intensive care unit, and emergency department at two tertiary care and two 

community hospitals in three states. Across all hospital sites, and roles the EMR was an important element of the 

socio-technical system in which clinicians worked. As others in different settings have noted the poor usability and 

limited usefulness of the EMR contributed to diagnostic error and delay by hampering all stages of the diagnostic 

process. During information gathering clinicians described difficulties finding relevant information due to the 

deluge, disorganization, and duplication of data in the EMR. During information interpretation clinicians noted that 

challenges in tracking changes and vital sign, physiology, and lab abnormalities in the EMR inhibited assessments 

of a patient’s progress or deterioration. During decision making, onerous EMR documentation deflected clinician’s 

attention away from bedside care and made coordination with other clinicians and services as well as 

communication with patients challenging. Furthermore, critical updates in results such as changes in radiology reads 

were not easily identifiable in the EMR and easily missed, contributing to DEOD. Additionally, efforts to 

standardize EMR protocols and processes across sites with diverse capacity, infrastructure, and patients increased 

clinician cognitive burden. Community hospital participants found using standardized protocols from tertiary care 

centers unhelpful when implemented and associated their use with DEOD.  

Conclusion Despite the potential of the EMR clinicians perceive that poor EMR usability and usefulness hampers 

the diagnostic process contributing to DEOD across all acute care hospital settings in diverse community and 

tertiary care centers. Our next step is to consider and test mechanisms that can enhance the EMR to improve 

clinician’s ability to make accurate and timely diagnosis to assist in the prevention of DEOD. 

1697



Automated Detection of Herpes Zoster via Deep Learning  

Mrigendra M. Bastola1, MD, MS, Craig Locatis1, PhD, Paul Fontelo1, MD, MPH.   

1NIH/NLM/LHC, Bethesda, MD, USA.  

Abstract:  

Without early diagnosis and treatment, Herpes Zoster (HZ) may rapidly progress in immunocompromised 

and elderly patients. Using publicly available images from DermNet, we used deep learning tools to develop 

an automated detection model for HZ, which may aid in screening, early detection, and management of HZ. 

Introduction:   

Herpes zoster is caused by reactivated varicella zoster virus and is common in immunocompromised and 

elderly population1,2. To prevent possible systemic involvement and herpetic neuralgia, antivirals are 

recommended early after onset. However, early recognition and diagnosis of zoster lesions may allow early 

treatment with antivirals (acyclovir, valacyclovir) within the crucial window period of 48 to 72 hours after 

the first appearance of skin rash1,2. Few studies address use of deep learning in acute skin lesions (e.g. HZ). 

Methods:  

Using dermatologist validated and standardized images from the publicly available DermNet website, deep 

learning models (based on TensorFlow and Keras) was implemented. Data included documented cases of 

HZ lesions (n=454, all skin color types) and controls (n=200, random skin lesions). The training and 

validation test sets were split in 75:25 ratio. Hyperparameters were tuned to improve performance.  

 

Main results:  

Our methods yielded an overall accuracy of 96%, precision of 94%, F1 score of 0.94, and area under curve 

(AUC) score of 0.95. Model accuracy, model losses, and AUC are shown in Figures 1,2 & 3.  

 

 
Conclusion:  

Deep learning methods may lead to the rapid early diagnosis of Herpes Zoster, early administration of 

antivirals that may prevent systemic progression and development of late neurologic sequelae.  
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Introduction 

Standards improve data integrity and promote interoperability, thereby supporting data analytics and clinical research 
efforts. The use of Common Data Elements (CDEs) with mappings to standardized terminologies can facilitate data 
standardization, support consistent data collection, enable knowledge discovery, and expedite meaningful data 
sharing1. However, challenges to effectively represent CDEs are a barrier for attaining data standardization. The 
Cancer Data Standards Repository (caDSR) was developed to facilitate standardization of CDEs used in cancer 
research data capture and reporting.2,3 Leveraging content from the caDSR CDE repository, this work illustrates how 
consistent representation of clinical documentation entities and reference terminology bindings can be easily 
transferred to a semantic-based knowledge management system (KMS) to allow for content tagging, semantic 
inferencing and error detection.  

Methods 

Utilizing a commercially available KMS, standards-based models were configured to represent structural and semantic 
interdependencies across forms, data elements, value sets, and terminology concepts specified within the caDSR CDE 
and form repositories. The caDSR content was downloaded directly from these repositories, adjusted to comply with 
the configured models, and subsequently imported using a generic ETL process. Similarly, reference terminology 
concepts from multiple sources were also modeled and imported. Terminology concepts were used to define value 
domains for each unique data element. Customized semantic queries were created to identify content errors, support 
consistency and reuse, and simplify knowledge discovery. Entity details and reference terminology bindings within 
the KMS allow for identification and classification of a wide range of semantic interconnections.  

Results 

During a pilot effort, the caDSR recipient death data forms (n=8), associated CDEs (n=24), value domains (n=14) 
and domain concepts (n=92) were successfully implemented using the KMS. Each entity within the repository 
includes detailed metadata, versioning, and mappings to various terminologies. caDSR concepts were mapped to 
NCI thesaurus (NCIt) concepts while UMLS Metathesaurus concepts were mapped to NCIt, ICD-10-CM, and 
SNOMED CT. By leveraging entity details and mappings, queries and search templates were created to easily 
identify cause of death reason types for each category. For example, there are 6 concepts categorized as cause of 
death due to infection: 1) infection organism not identified, 2) viral infection, 3) protozoal infection, 4) bacterial 
infection, 5) fungal infection, 6) other infection. The ability to identify cause of death reason types is extremely 
valuable in understanding clinical data captured within a patient cohort.  
 
Conclusion 

Standardized representation of entities is an important mechanism to achieve data standards and consistent data 
capture. Standardized data capture in turn supports reliable data analytics and clinical research initiatives. This work 
demonstrates how existing content can be easily imported and augmented within a KMS, and how bindings to 
reference terminologies and customized semantic queries can be leveraged to enable research, analytics, and data 
interoperability initiatives. Our success in consistently representing the caDSR recipient death data form is 
generalizable to other clinical topics because the models and process are generic (i.e. domain agnostic). 
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Introduction 

REDCap is a de-facto default tool of clinical researchers for creating data collection instruments with minimal help 
from data managers. This simplicity comes at a price. Loose data structures and absence of semantic standardization 
make REDCap data integration and harmonization particularly challenging. Therefore, valuable data collected for 
individual studies often gets buried in standalone REDCap projects. Visualization of REDCap data is also only as 
good as the underlying data structures. Creating story-telling and actionable visualization is especially difficult for 
longitudinal cancer registries containing hundreds of variables.  

Ontology-driven data integration has been used before. At Memorial Sloan Kettering (MSK), we applied it to 
standardize REDCap data coming from heterogenous projects to a uniform structural and semantic representation. 
This data representation serves as a foundation for reusable visualization and data quality assessment tools. 

Methods 

MSK Extract framework supports ontology-driven data integration, harmonization, and visualization. It includes 
the following components. 

MSK Extract Ontology contains extended REDCap metadata, library of standardized data elements, controlled 
vocabularies, and linkages between source and standardized metadata. It is maintained within TopBraid EDG, a 
Web-based terminology/ontology management tool based on Semantic Web technologies. 

Shopping Cart is an application that enables researchers to build their REDCap projects using a library of 
standardized data elements. Terminologist UI is an application that provides terminologists with the capabilities to 
extend REDCap metadata, build library of standardized data elements, and standardize source metadata. 

MSK Extract Datamart combines REDCap data and standardized metadata into a uniform data model. The core 
data model is a limited version of the OMOP Common Data Model. Ontology-Driven ETL integrates REDCap 
data and standardized metadata into the Datamart. 

Data Quality Checks are fit-for-use measures and checks developed for each research project and implemented 
using Python. The outcomes of the checks are stored in a designated table in the Datamart. 

Reusable Tableau Dashboards. 1) Data Explorer provides complete view of REDCap data annotated with 
standard medical terminologies. 2) Data Quality summarizes rule violations and drills down to individual REDCap 
records. 3) Cohort Builder provides domain-based views of critical disease attributes and enables patient cohort 
selection. 4) Patient Viewer is a temporal view of individual patient journey throughout the course of disease.  

Results 

We standardized REDCap metadata for Breast and Pancreatic Cancer projects and integrated data into the MSK 
Extract Datamart. Visualization tools provide researchers with a comprehensive view of their data, monitoring of 
data quality, building patient cohorts, and tracking individual patient journeys. 

Conclusion 

Our ontology-driven approach supported the creation of reusable ETL for conversion of REDCap data to a common 
data model and visualization tools utilized in multiple research projects. To enable a wider range of analytic 
activities we will extend our ontology and ETL to support OMOP CDM proper. We will also build data quality rules 
into our ontology to support automation of the Data Quality checks.  
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Introduction 

The ACGME has defined 20 milestones that serve as the goals to achieve for all fellows in clinical informatics. These 
milestones are organized into six domains that apply to all fellowships: Patient Care, Medical Knowledge, Practice-
based Learning and Improvement, Professionalism, Interpersonal and Communication Skills, and Systems-based 
Practice. For each milestone, a set of levels are defined form 1 to 5, where 1 is considered entry-level, 4 is the level 
generally expected of a graduating fellow, and 5 is aspirational. As an example, for the milestone “Patient Care 3,” 
level 1 states “Recognizes that clinical informatics tools directly impact patient care;” level 4 states “Participates in 
improving the clinical informatics systems used in documentation and coordination of patient care;” and level 5 states 
“Leads change in the clinical informatics systems used in documentation and coordination of patient care.” ACGME 
requires that the fellowship’s “clinical competency committee” (CCC), which consists of the fellow’s mentors, recent 
rotation supervisors, and the program director, rate each fellow on each milestone every 6 months. We assessed each 
fellow’s progress toward achieving the milestones using a percent-achievement metric based on each fellow’s personal 
goal levels of achievement for each milestone. There is no absolute level of achievement or relative-to-goal metric 
that is required for graduation; rather, we use the metric to help focus each fellow’s future educational experiences. 

Methods 

At the start of the fellowship, we asked each fellow to review the milestones and to create an “Individualized Learning 
Plan” (ILP) consisting of the personal target levels that each fellow wants to achieve for each milestone. Since the 
default target level of achievement for a graduating fellow is a 4, we asked fellows to document exceptions from this 
target. An example is, for the milestone “Patient Care 2: Clinical Decision Support” one fellow rated their goal level 
to be a 5 on this milestone rather than only a 4. We calculated a metric for each fellow’s achievement of each milestone 
as the level of achievement judged at each CCC meeting divided by the desired level of achievement expressed by the 
fellow in their ILP. In summarizing across the milestones, we counted those milestones having achievement metrics 
>=1.0 as “achieved,” and then for milestones that were not achieved, we calculated an average for the fellow. 

Results 

As of the January, 2020 CCC meeting, one 2nd-year fellow had met 9/20 milestones and for the unmet milestones 
averaged 76% completion. This fellow’s largest shortfall was in Patient Care 6, Assessing User Needs, where the 
metric was 0.50, highlighting an area in which this fellow needed additional training (e.g. usability assessment). The 
other 2nd-year fellow had met 4/20 milestones and for the unmet milestones averaged 71% completion. This fellow’s 
largest shortfall was in Communication 2, communication with patients and families, and this fellow was about to 
start our Patient Engagement rotation, which will address this deficiency. None of our 1st-year fellows had fully met 
any of the milestones (at their first CCC meeting); thus, all their goals were classified as “unmet” at this stage. For 
these 20 milestones, the fellows’ average achievement metrics were 54%, 53%, and 41% for our 3 1st-year fellows. 

Conclusion 

A milestone-based metric consisting of the milestones met plus the percent achievement for milestones that are not 
yet met appears to provide a useful guide for comparing fellows’ progress and for identifying areas in which fellows 
need additional training. In the next 1-2 years, the clinical informatics milestones will change to reflect the recent 
practice analysis.1 When they do, we expect that this approach to assessing the fellow’s achievement on each milestone 
will remain equally or more useful for directing fellowship activities. 
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Abstract 

To capitalize on the potential for data science in healthcare and cancer research, the Department of Veterans Affairs 
and National Cancer Institute partnered to develop and retain computationally-trained scientists with the Big Data 
Scientist Training Enhancement Program. Through training and clinical collaboration at VA medical centers, the 
program has yielded diverse research outputs to address important questions in cancer care and is continually 
evolving to support a robust pipeline of early-career biomedical data scientists. 

Introduction 

The shortage of data scientists with domain knowledge in math, statistics, and computer science is well-documented 
across sectors. In parallel, big data science is being rapidly integrated into biomedical research/healthcare and holds 
tremendous promise. To stay current in the evolving oncology care landscape, data-driven approaches to advance 
research and care are needed. These approaches will require solutions across government, academia, and industry to 
retain data scientists in the biomedical research enterprise. To support a pipeline of quantitatively-trained scientists 
prepared to tackle important questions in cancer research, the Department of Veterans Affairs (VA) and National 
Cancer Institute joined forces to launch the Big Data Scientist Training Enhancement Program (BD-STEP). 

Learning Objective 

Learn about opportunities for data-driven research to advance cancer knowledge in a healthcare setting and approaches 
to develop and retain a data-savvy biomedical research workforce through government and academic collaborations. 

Approach and Results 

To address the challenges in developing, recruiting, and retaining data scientists for biomedical research, approaches 
through BD-STEP and government-academic collaborations are being deployed. BD-STEP was implemented in 2015 
and takes advantage of the healthcare data infrastructure of the VA, the largest integrated health system in the US. 
Balancing the VA healthcare mission, the NCI cancer research mission, and their combined workforce needs, the two-
year postdoctoral fellowship is designed to bring data science expertise from the academic community into clinical 
environments. With academic and clinical mentorship, BD-STEP fellows lead a research (independently-selected, 
80% effort) and service project (addressing critical VA/NCI need, 20% effort) and receive site-specific training and a 
national curriculum consisting of monthly seminars, fellow-led roundtables, and in-person meetings associated with 
major cancer/data science events. Based at competitively-selected VA medical centers (Boston, Buffalo, Durham, 
Houston, Palo Alto, Seattle), the program has yielded diverse research outputs to advance care. With a robust record 
of over 60 fellow publications, projects range from assessing multiple myeloma outcomes by race, developing surgery- 
and pain-related quality metrics, and evaluating telehealth utilization. To date, the program has graduated 27 fellows 
with largely non-traditional healthcare backgrounds, including engineering, computer science, mathematics, and 
physics, to careers in the VA (6), new faculty or research scientist positions (11), and industry roles (6). The remaining 
graduates returned to academic roles or are determining the next step. Most graduates (over 85%) continued 
biomedical research-related roles. Future program directions include partnerships with academic master’s programs 
to attain early-career talent and strengthened academic collaborations to increase faculty-led research in the VA. 
Beyond developing talent, infrastructure is being developed to maximize use of healthcare data, including application 
of computational tools like machine learning to use the knowledge derived to inform the healthcare system. 

Conclusion 

BD-STEP is developing a pipeline of data scientists with cancer and healthcare expertise and the organizational 
structures to support training, research, and implementation. Cross-government and academic partnerships and 
collaborations across disciplines have been key to early successes and will drive program development to continue to 
support data scientists and the application of data-driven methods towards realization of a learning healthcare system. 

1702



Extraction of Diagnosis codes from Health Reports using available NLP tools 

for a performant implementation in an Academic Medical Center 

Arnav Bhandari, Michael Horvath, Greg Kucera Ph.D., Umit Topaloglu Ph.D., FAMIA, 

Wake Forest University School of Medicine, Winston Salem NC 

Introduction 

The healthcare industry is generating massive amounts of data daily. Given recent advancements 

in biomedical data science, such data provides an exciting opportunity for researchers. However, 

greater than 80% of the data is unstructured. This project aims to tackle implementation 

challenges of an existing open source NLP tool in an academic health center. Using Named 

Entity Normalization, our goal was to demonstrate the feasibility of processing narratives to 
produce diagnosis codes (i.e. ICD-10 vocabulary).  

Method 

Noble Coder1, developed by the University of Pittsburgh, has been implemented with a custom 

terminology to extract diagnosis codes. This terminology is constructed by utilizing the Concept 

Unique Identifier (CUI) codes found in the Metathesaurus of the Unified Medical Language 

System (UMLS). This provides a link between concepts within the reports to a uniquely 

identified code. For our pipeline, Noble Coder uses the ConText “negation detection” engine and 

its own “best-match” scheme, which sets parameters for extracting the polarity and achieving 

overlap, contiguity and subsumption.  

All of the free text reports were stored in an Oracle database and were queried in batches of 500 

at a time. Then Noble has processed and generated a list of CUIs found in the data along with 

auxiliary information about the concepts extracted. These CUI codes were mapped to their 

corresponding ICD-10 codes (considering only the positive polarity) via joins to our UMLS 

database and stored into another database. This pipeline is constructed in python and 
implemented with Docker for easy deployment.  

Results and Discussion 
This pipeline has processed 2,448,630 pathology and radiology free text reports that were 

generated at Wake Forest Baptist Medical Center. On average each report took 0.21 seconds to 

be processed indicating that our pipeline is highly performant. A total of 12,977,781 ICD-10 

codes were extracted averaging approximately 5 codes per record. We are currently in process of 

integrating the generated ICD-10 codes with our data warehouse thereby structuring unstructured 

data to make it more easily searchable. In coordination with our Biobank, validation efforts are 

ongoing. Based on initial validation with Lung (i.e. anatomical site [ICD-10]) extracts, this 

pipeline has 100% recall reported by our Biobank staff. Testing on some codes from a custom 

terminology of paraffin embedded (i.e. sample type) extracts also showed promise. 

Additional challenges of the implementation include: 1- access to pathology and radiology 

reports HL7 vs database access in real time (or in some frequency), 2- creating and validating 

custom terminology, and 3- Biobank staff/ researchers’ engagement to address the use cases. 
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INTRODUCTION. Survival analysis methods have long been used to effectively model time-to-event data. The primary 
motivation for leveraging these methods is to reduce bias in learned models by allowing for censorship of event labels. 
However, the impact of feature missingness on survival models has been underexplored. In healthcare settings, 
missingness, particularly data that is missing not at random, can also play a role in introducing bias into models. This 
challenge becomes more apparent in the scenario of higher dimensional models, in which the curse of dimensionality 
inevitably introduces sparsity in data. Deep Survival Analysis1 (DSA) and its nonparametric extensions propose 
methods to scale up traditional methods to leverage richer information from the EHR, model nonlinear relationships 
and relax limiting parametric or semi-parametric assumptions. In this work, we examine the impact of different kinds 
of missingness on a nonparametric version of DSA via simulations and on real-world clinical data. 
METHODS: SIMULATING MISSINGNESS. There are three major kinds of missingness that we seek to explore in this 
work: Missing Completely at Random (MCAR), Missing at Random (MAR) and Missing Not at Random (MNAR). 
MCAR describes the situation where the process of determining which features are missing is completely independent 
of the features themselves. MAR describes the situation where this process is dependent only on the observed features 
for a given data point. MNAR is the situation in which this process is dependent on missing feature values. We simulate 
missingness masks on complete datasets by randomly initializing models from observed to unobserved data in the 
MAR case and all the data to unobserved data in the MNAR case.  
EXPERIMENTAL SETUP. We begin by creating a gamma simulation which assumes non-informative censorship. In 
this model, we generate random normal features and sample failure times and censored times from a gamma 
distribution. We use the nonparametric, categorical version of DSA in order to learn a model. In particular, we simulate 
each of the missingness scenarios on this data with different missingness probabilities and compare each of them to 
each other and against the baseline model without any missingness. In order to explore missingness in a clinical 
scenario, we need data that is mostly complete and an event that can reasonably be predicted from some set of complete 
features. We use lab values from chem 7 panels in the MIMIC2 dataset and the event of interest is time until mean 
arterial pressure (MAP) dropping below 60. The underlying assumption is that laboratory values can have mechanistic 
relationships with pathophysiology that can lead to acute hypotension.  
RESULTS AND DISCUSSION. The results from both the simulation and real data show similar trends. The concordance 
of the model decreases as we increase the missingness probability. In addition, we observe that when a missingness 
mask is not included as a feature, the type of missingness does dictate how performant the model is. MAR and MNAR 
scenarios perform worse than MCAR scenarios in the simulated data while this is not the case in the real data. In 
general, MAR and MNAR benefit from inclusion of a missingness mask while MCAR largely does not. The effect 
sizes in the MIMIC results are smaller and difficult to distinguish from variance in model performance. In future work, 
we seek to run experiments on more predictive outcomes with more repetitions and run tests for significance.  
Table 1 Model Concordance of Experiments 
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GAMMA 
SIM 

(N=1000, 
10 SEEDS) 

 BASELINE EXCLUDE MISSINGNESS MASK INCLUDE MISSINGNESS MASK 
MISSINGNESS 
PROBABILITY 0.7824 MCAR MAR MNAR MCAR MAR MNAR 

0.1 

 

0.7730 0.7202 0.7471 0.8019 0.7858 0.7779 
0.25 0.7615 0.7410 0.7187 0.7564 0.7681 0.7658 
0.5 0.7205 0.6985 0.7035 0.7047 0.7431 0.7429 
0.75 0.6656 0.6616 0.6741 0.6762 0.7131 0.7000 
0.9 0.6301 0.6374 0.6531 0.6498 0.7020 0.6492 

MIMIC 
MAP 

(N=2726, 
1 SEED) 

 0.5901  
0.1 

 
0.5566 0.5791 0.5813 0.5643 0.5793 0.5923 

0.25 0.5694 0.5494 0.5790 0.5665 0.5811 0.5805 
0.50 0.5721 0.5572 0.5545 0.5792 0.5613 0.5641 
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INTRODUCTION: Champ is an experienced community health software vendor that integrates the various 

components of the Omaha System including the complete EMR charting for public health from intake to billing, 
evidence-based outcomes, scheduling, and time tracking. Reports, pathways, input screens can be created 

according to the requirements of the public health agencies to support their demands based on policies. The agility 

of the system due to its in-built flexibility of creating evidence-based reports is a tremendous advantage. 

Nightingale EMR includes the Omaha system taxonomy [1]. Insightful reports can be created using the 

standardized Omaha System Terminology to measure the impact of the activities affecting the community health 

which help with the analysis and adjustment of public health programs. The Omaha System allows multi-

disciplinary health settings to track data including people with certain health conditions in specific locations. 

Social, economic, and physical environments exert a strong influence on the health of the population. Nightingale 

Notes EMR data suggest that there is a link between these socio-behavioural determinants (for example, nearly 

40% of abuse is directly linked to mental disorder). Prevention requires understanding of the factors influencing 

socio-behavioural determinants. This project focuses on opportunities to reshape how to study interventions by 

changing the factors leading to socio-behavioural determinants like mental health, communication with 
community resources, abuse, and substance abuse.  

 

PURPOSE: The aim of this study is to identify vulnerable populations from public health informatics software 

with EMR data to justify prioritizing of programs and policy changes for certain areas that are likely to have some 

socio-behavioural determinants.  

 

METHOD: Datasets were extracted from the Nightingale Notes EMR. The database was queried (by applying 

queries and filters) to find data related to socio-behavioural determinants based on four domains: Social 

Environment, Socio-Demographic, Socio- Economic and Socio-Cognitive. Zip codes with more than 1000 

patients in Carlton County (Minnesota) were analyzed to collect the data of 3735 patients from Champ software. 

The data was sub-categorized into demographics, including gender, race, ethnicity, living arrangements, housing 
type , and number of people in household along with the social and behavioural determinants, and compared with 

the data obtained from Nightingale EMR, using 42 concepts arranged in the four domains [2]. Both the results 

(Nightingale and Champ Software) were then compared with the data obtained from the Minnesota State 

Demographic Center and Minnesota Department of Health to determine the confidence intervals. 

 

RESULTS: The mapping of the zip codes for Carlton county using the Nightingale Notes EMR allowed a robust 

analysis on the health disparities in that geographic area along with the data discrepancies like missing data while 

considering demographics as well. About 94% of the patients in the EHR were females of which 84% were white 

and 89% were non-hispanic or latino. The data from the EMR were grouped by social and behavioral factors. The 

results indicated that all the socio-behavioural determinants had similar effects on the patients. Specifically, 16% 

suffered from physical abuse, 15% suffer from mental health and substance abuse each. Maximum cases of 

substance abuse were common in patients who were single (46%) compared to married/ divorced or other 
categories. Comparison of data revealed similarities between the results obtained from the public health 

database(s) and the state resources. Another important finding highlighted the susceptibility of people with low-

income people and the socio-behavioural determinants. 47% of the patients were either unemployed, students or 

seeking employment, and 10% of the patients had either a full-time or a part-time job that had an annual income 

of below $24,000. About 65% of the population were educated up until high school which explains employment 

and income. It was also helpful in identifying the factors affecting the health disparities such as smoking habit. It 

was found that 83% of the patients were former or current smokers. 

 

CONCLUSIONS: Using the above-described analysis, we were able to understand the geographic area of the 

state and/or zip-codes that need specific interventions such as screening services, targeted intervention programs, 

and prevention centers. More importantly, reframe the delivery of the interventions by looping the public health 
information system with EHR, as required.  
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In the U.S. in 2017, 20.7 million individuals (aged 12 and older) needed treatment for a substance use 

disorder (SUD) related to the use of alcohol, tobacco, and/or    illicit or prescription   drug use. There are 

more deaths, illness, and disabilities from SUD than from any other preventable health condition. Only 4 

million people (19%) of those who needed treatment received it, largely due to stigma1. To overcome 

this barrier the two laws focusing on confidentiality of this information  were passed: the 

Comprehensive Alcohol Abuse and Alcoholism Prevention, Treatment, and Rehabilitation Act of 1970 

and the  Drug Abuse Office and Treatment Act of 1972 from which the 42 Code of Federal Regulation 

(CFR) Part 2 was written in 1975. Part 2 protects identifying information that could or does reveal SUD 

treatment. Despite the changing healthcare environment, including the increase in the number of 

integrated healthcare facilities, amendments to Part 2 have been infrequent (1987, 2017 and 2018). 

Providers and organizations are confused about appropriate Part 2 compliance and best practices, 

including protocols, processes, forms, staffing and resource utilization2.  We undertook a systematic 

literature review to gauge the impact of Part 2 on patients, providers, providers and electronic health 

information exchange. The literature review aimed at answering the following questions - a. Do 

institutions/organizations differ in the processes used to ensure Part 2 compliance? b. What are patients 

and provider views on Part 2? Are these views aligned? c. What is known about the pros, cons and other 

insights related to modernizing part 2, including HIPAA alignment. We reviewed PubMed and Google 

Scholar databases. We ran a Boolean Search with the keywords “CFR Part 2” OR “addiction treatment” 

OR “alcohol use disorders” OR “drug abuse” OR “substance abuse disorder” AND (USA OR US OR 

America) in the title or abstract for initial screening published between 1972 - 2020. We excluded non-

English, incomplete studies, publications without abstracts and editorials, commentaries, debates, etc. 

For PubMed out of the 127 final search results 10 were found to be relevant. For Google Scholar, out of 

the 741 final search results, 35 were found to be relevant. The major themes that were common 

amongst the papers were – 1. There persists legal confusion and uncertainty associated with the 

regulations of Part 2, 2. the regulations are viewed as barrier to communication and information 

sharing, 3. There is a need to update the regulations, 4. Not much is known about the institutional 

variability in terms of the interpretation of Part 2 and its integration into EHR. Thus, it can be concluded 

that the literature review answers and substantiates its research questions and facilitates future 

research works on SUD treatment and advancements 

 

Learning Objective: The learning objective of this Literature Review is to get more accustomed to the 

nuances of 42 CFR Part 2, understand how it was viewed by the providers, patients and other parties 

compliant to Part 2 in the purview of Health Information Exchange, understand the variability of 

implementing these regulations among the different facilities and lay the ground for future research 

work on Substance Abuse Disorder treatments and advancements.  
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Introduction. Online health-related information can support patient self-management. A better understanding of 
how online health information seeking might supplement traditional healthcare in vulnerable populations, such as 
those with behavioral health conditions, is needed. The objective of this analysis was to examine predictors of 
Veteran online health-related information seeking, including impacts of behavioral health diagnoses. 
 
Methods. Data were collected via a longitudinal telephone survey of a national sample of Veterans convened as part 
of a Veterans Affairs (VA) quality improvement effort intended to improve Veteran uptake of VA patient-facing 
technologies. Veteran demographics and Internet use were collected and supplemented with VA administrative data 
on select behavioral health diagnoses (depression, anxiety, posttraumatic stress disorder). Differences by 
demographics in reported online health information seeking were examined using bivariate analyses (chi-square 
tests), and predictors of seeking health information online were assessed using multiple logistic regression. 
 
Results. Among respondents with complete data (n=1,254), 81.9% reported looking up health information on the 
Internet using a computer, tablet, or smartphone. A greater proportion of Veterans who had completed at least some 
(vs. no) college (84.0% vs. 67.5%, p<0.001) and those with higher (vs. lower) socioeconomic status (SES) (84.7% 
vs. 74.9%, p<0.001) reported looking up health information on the Internet. Online health information seeking did 
not differ by other demographics or behavioral health diagnoses. Multiple logistic regression analyses indicated that 
those with higher (vs. lower) SES (OR: 1.7; CI95%: 1.3-2.3; p<0.01) and those with at least some (vs. no) college 
education (OR: 2.4; CI95%: 1.6-3.5; p<0.001) had increased odds of using the Internet to obtain health information. 
 
Conclusions. Similar to previous literature,1 our results indicate that patients who are more educated and with higher 
SES are more likely to use the Internet for health information, however, the behavioral health diagnoses we 
examined did not appear to impact online health information seeking. Low-income patients and those with less 
education may need support to learn how best to engage in online health information seeking. 
 
References. 
1. Tsai J, Rosenheck RA. Use of the internet and an online personal health record system by US veterans: 
comparison of Veterans Affairs mental health service users and other veterans nationally. J Am Med Inform Assoc. 
2012;19(6):1089-1094. Available: doi:10.1136/amiajnl-2012-000971 
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Abstract 

This study will examine the design of speech conversion techniques to create a personalized voice alert system to 

improve compliance and reduce wandering among individuals with autistic spectrum disorder (ASD). Using a 

controlled experiment with ASD patients, we will evaluate our proposed design feature under different conditions of 

technological familiarity and disease severity. 

Introduction 

Individuals with ASD have higher rates of comorbidity and mortality compared to age-matched peers, and worse 

health outcomes due to behaviors such as wandering and elopement.  Monitoring devices that generate alerts in case 

of wandering and tracking devices have been found successful at mitigating wandering and reducing the time to 

discovery among dementia patients. However, in the ASD population, social and communication impairments limit 

the chances that ASD patients may respond to technological alerts such as text messages. Individuals with ASD lack 

the ability to relate new stimuli to past experiences and are therefore often unable to respond to new or unexpected 

circumstances in a safe and consistent manner1. Furthermore, prior literature indicates that patients with ASD respond 

stronger to familiar rewards.  They are therefore expected to respond to familiar voices such as the one of caregivers.  

Alerts would, therefore, need to be converted to a recognizable (personalized) voice to work with ASD patients.  This 

study investigates the effectiveness of voice personalization at reducing the risks associated with elopement and 

wandering among individuals with ASD.  

Methods 

Using newly developed voice conversion algorithms2, we intend to design a feature that enables the customization of 

existing geofence-based tracking devices to fit the needs of users with ASD. The voice conversion layer to be 

incorporated with tracking devices will record sample voice segments from caregivers, which will then be used to 

convert all notifications into recognizable voices for each ASD patient.  Using an experiment involving an initial 

sample of 50 young adults with ASD and their caregivers, we intend to assess the effectiveness of the newly developed 

voice conversion feature at enhancing subject compliance with the system notifications. In the experiment, participants 

will be left to wander in the building, then prompted to turn left or right.  Responses to notifications will be recorded. 

Results 

Evaluation of the algorithm and initial results from the experiment will be presented at the conference. 

Conclusion 

This study investigates the role of personalization in technology solutions for a marginalized population.  If successful, 

this prototype may assist in improving the emergency response to individuals with developmental disabilities.   
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Objectives
As part of the clinical review process, on-staff physicians create feedback letters to send to providers after assessing
a patient’s medical records and proposed therapy. These documents provide an important insight into the why of
protocol prescription. Our work here describes how we used these data to (1) automatically discover the latent topics
within these samples of physician reasoning; and (2) classify new documents into the topics we discovered.

Description of data
We started with a corpus of approximately 2000 documents written by physicians and sent to providers as part of
their review of prescribed chemotherapy protocols. Information in these documents includes assessments of protocols
in terms of evidence from medical records, conformity to NCCN guidelines, and patient reaction to treatment. The
language used, while regular, is individualized for each case and reviewing physician. We algorithmically removed let-
terhead information and various templated tabular information in order to focus on the text that actually characterized
the topics we wanted to model.

Topic modeling
Topic modeling, an unsupervised learning technique, has been used extensively in the medical domain for discovering
common themes in text1. As a first step in our investigation, we applied topic modeling to discover categories of physi-
cian reasoning. Our best results came from using Non-negative Matrix Factorization (NDA) with TF-IDF features.
Hand examination of the NDA topics revealed six topic candidates that contained terms and phrases that described
medically cohesive themes. These formed the labels used in the next section.

Topic classification
Table 1 shows classification F-score performance on a test set using four different learning algorithms, trained on a
bag-of-words model. The results were very good and substantiated our hypothesis that physician reasoning lends itself
well to topic modeling. In subsequent experiments, we ran this classifier on a dataset of different types of clinician
notes, where the text was more informal and telegraphic but where we expected to find some of the same topics.
Finally, we identified statistical thresholds within our original classifier to extract relevant topics from this different
dataset.

Table 1: Performance in percentages of various learning algorithms on document classification.

Naive Bayes Logistic Regression SVM Gradient Boost
F-score 98.4 98.9 99.1 98.4

Conclusion
Proper classification of medical documents is an important step in making optimal use of the important information
they contain2. The scientific reasoning physicians use for assessing protocol assignments lends itself well to why
categories that can be discovered with topic modeling. Given a sufficiently large corpus of documents containing
this type of reasoning, latent topics can be discovered automatically. Importantly, once the topics are discovered and
established with a refined data set, a trained model can be used to identify the presence of such reasoning categories
in any data source

References
1. Liu L., et al. An overview of topic modeling and its current applications in bioinformatics. SpringerPlus 2015;5.
2. Garla V., et al.. The Yale cTAKES extensions for document classification: architecture and application. JAMIA

2011;18:5:614-620.
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Introduction

A fundamental problem in international health care research is comparing national prescribing practices and drug
formularies. Major differences between national formulary data architectures (drug nomenclatures, packing sizes,
pricing, and dosages) make such mapping non-trivial. Slight variations in a compound formulation make match-
ing challenging, although these may have minimal therapeutic differences (e.g., metoprolol tartrate vs. metoprolol
succinate). The objective of this study was to map one drug code to another solely using drug names, ignoring the on-
tological concepts like in RxNorm, since the current RxNorm API does not return level-5 ATC codes. The motivating
example for this work is the absence of a mapping between different ontology systems: the British National Formulary
(BNF) codes and Anatomical Therapeutic Chemical (ATC) codes.

Methods

Data sets were downloaded from publicly available BNF and ATC websites. We used fuzzy string matching with the
Levenshtein distance1 to measure the similarity between two drug name strings. Similarity matching was performed
in Python 3.7 using the fuzzywuzzy library. Six scoring algorithms were compared along with the control (direct
string compare),2 as listed in Table 1. To compare the performance of different similarity matching methods, we used
a test file of the 150 most commonly prescribed drugs by General Practitioners in the UK from the 2016-17 NHS
claims data set. The study was done in two parts, with and without string pre-processing of drug names. A string pre-
processing removes chemical stop words (e.g., hydrochloride, sulfate, etc.) before executing the similarity measure
algorithms. Each algorithm returned the top five matches for each drug entry. Matches meeting a scoring threshold of
0.90 were considered acceptable. The output was reviewed and graded by a researcher and then a confusion matrix
was built to assess the similarity method performance.

Results

Both Ratio and Token Sort Ratio algorithms tied with an adjusted hit rate of 74.7% without pre-processing and 87.3%
and 91.3% with pre-processing respectively. Both have high F1 scores with fewer false positives. The adjusted hit
rate is the percentage of drug entries with good match upon reviewing the resulting data set by a reviewer. However,
algorithms with higher hit rate produced many false positives, making them impractical for mapping large data sets.

Table 1: Performance score for each algorithm

Without Pre-processing With Pre-Processing

Scorer Recall Precision F1 Score AUC Adj. Hit Rate Recall Precision F1 Score AUC Adj. Hit Rate

Control 1.000 1.000 1.000 1.000 56.0% 1.000 0.963 0.981 0.994 87.3%
Ratio 0.800 0.984 0.883 1.000 74.7% 0.938 0.938 0.938 0.994 87.3%
Token Sort Ratio 0.759 0.984 0.857 1.000 74.7% 0.948 0.938 0.943 0.994 91.3%
Token Set Ratio 0.995 0.562 0.718 0.872 93.3% 0.980 0.499 0.661 0.829 94.7%

Partial Token Sort Ratio 0.995 0.512 0.676 0.676 92.7% 1.000 0.383 0.554 0.801 94.0%
Partial Ratio 0.989 0.493 0.658 0.851 94.0% 0.995 0.436 0.606 0.799 93.3%
Partial Token Set Ratio 1.000 0.297 0.458 0.859 82.0% 0.995 0.443 0.613 0.750 90.7%

Conclusion

For the cross-mapping of drug data sets, the study demonstrated a substantial trade-off between optimizing matching
and false positives. However, fuzzy matching algorithms tolerate drug name typographical errors better than plain-text
matching (see poster). A further refinement, accounting for chemical structure or other features, may be considered to
optimize similarity matching. For example, the mapping algorithms tested do not distinguish between organ systems in
the different ontology systems (e.g., prednisolone is found under many BNF chapters). Further work in other similarity
matching models needs to be explored for an accurate and higher yield.
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Introduction 
Natural Language Processing (NLP) of clinical records has primarily focused on health conditions or body structures 

and functions at the cellular or organ level such as diagnoses or medications used to treat them1. Human functioning 

at the whole person level is acknowledged as a meaningful clinical outcome and therefore it is important that systems 

are developed for automatically identifying this information2,3. However, different domains of whole person function 

pose challenges for manual annotation. We illustrate this by comparing a manual annotation process in two areas of 

functioning: Mobility vs. Self-Care and Domestic Life (SC/DL). 
 

Methods  

We used the World Health Organization’s International Classification of Functioning, Disability and Health (ICF) 

Activities and Participation component as a framework for manual annotation of functioning information related to 

Mobility and SC/DL. Domain experts established frameworks for manual annotation by developing schemas and 

related guidelines for each domain. Manual annotation utilized GATE Developer. Multiple domain experts (2 for 

Mobility and 4 for SC/DL) annotated a subset of files to calculate inter-rater reliability (IRR). Quality assurance was 

performed to determine if the established annotation framework captured the intended information. The records used 

in this study consisted of physical and occupational therapy notes from the National Institutes of Health (NIH) Clinical 

Center and consultative exams from the Social Security Administration (SSA) disability applications.  
 

Results  

 Full Corpus (# of Records) IRR Corpus (# of Records) IRR (F1 score) 

Domain NIH SSA NIH SSA NIH SSA 

Mobility 1548 300 400 16 0.879 0.778 

SCDL 180 370 30 10 0.747 0.695 
 

Discussion   
IRR for SC/DL did not achieve our targeted threshold of 0.8 due to complexity of this domain. The main challenges 

were: 1) variability in how clinicians document functioning; 2) resource intensity of time and effort for manual 

annotation; and 3) limitations in the ICF’s coding structure including codes that were not mutually exclusive, too 

broad, too specific, or did not align with language used in medical records (e.g. looking after one’s health). The ICF 

was shown to have value as a framework to define the structure and content of functioning information; however, it 

was insufficient for covering all relevant concepts related to SC/DL. This was reconciled by pulling code categories 

from SNOMED CT when greater specificity, broader definitions, or adjudication of annotations were needed.  
 

Conclusion 
We used the ICF and manual annotations as a critical exploration of classifying and extracting functioning information. 

The challenges with the use of the ICF as a complete framework were addressed by supplementing with other 

terminologies. This information was then used to develop a vocabulary, which can inform standardization of the 

terminology in these areas as well as support machine learning methods for clinical informatics. 
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Abstract 

Nursing informaticians have played a key role in VA healthcare for over two decades.  This project was an initial 

attempt to define pertinent competencies and elicit self-ratings from staff, beginning a training and development 

journey. 

Introduction 

Nursing informatics has been a recognized specialty since 1992, with the first American Nursing Association standards 

being published in 1994.  The third revision of the standards will be published in 2021.  Recognizing the importance 

of informatics in their practice of nursing, the Veterans Health Administration (VHA) began extensive use of the 

specialty in the late 1990’s, with the deployment of the Window’s-based Bar Code Medication Administration system. 

Purpose and Goal 

The project identified role-based competencies for nursing informatics competencies in the VHA and conducted a 

self-reporting survey of VHA NI professionals.  The goal was to use the competencies in recruiting and retention 

efforts, and to identify competency gaps for the purpose of educational development.  The competencies were 

developed by a team of practicing VHA NI’s.  The domains were based on Staggers’ model1.  Each competency level 

was defined, and examples of practice at each level were provided.  The survey was created from the competency list.  

The response was a five-point Likert scale corresponding to the five expertise levels of Benner’s model2. The survey 

was sent via email, along with a brief description of Benner’s levels of expertise.  Respondents were identified by 

their nursing specialty assignment code in the human resources system.   

Results 

• 164 responses (33% response rate) 

• Score average 3.4 out of 5 

• Highest rated areas 

o Training (3.8) 

o Process improvement (3.8) 

• Lowest rated area 

o Publication (2.5) 

• Key result:  staff that are both board certified and working in an NI role (n=26) self-rate that highest (4.3). 

 

Conclusion 

Nursing informaticians continue to be a key component of VHA healthcare.  Many are involved in the current 

Electronic Health Record Modernization (EHRM) effort.  Providing for professional opportunities is a must to ensure 

a productive and engaged workforce.  By identifying desired competencies, determining levels of expertise, and 

evaluating workforce capabilities, an organization can develop training and development activities.  This project was 

the start of that process for VHA nursing informatics. Next steps include integration of the AMIA Informatics 

Dimensions of Practice and development of subjective measures for rating expertise. 
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Abstract. We developed an algorithm to detect delivery episodes and extract pregnancy-specific information from 
electronic health records of 50,560 patients at Penn Medicine. The algorithm identified 63,334 separate deliveries 
with the number of deliveries per patient ranging from one to seven. It was validated against an independent birth log 
kept by the Hospital of the University of Pennsylvania and found to be 98.6% accurate with an F-1 score of 92.1%. 
Introduction. Electronic health records (EHR) contain rich information on patient medical history that can be used 
to extract pregnancy-specific details, enabling the study of health outcomes with greater granularity at the pregnancy-
level rather than solely at the patient-level. 
Algorithms have been developed to extract 
delivery episodes and dates from these 
databases using billing codes and validated 
by limited manual chart review1–4. This 
study describes an algorithm designed to 
extract these details and validated against an 
independent gold-standard birth log. The 
Institutional Review Board of the University 
of Pennsylvania approved this study.  
Methods. We obtained EHR data for 
1,060,100 female patients with 2010-2017 
visits to inpatient/outpatient clinics. This 
data was stored in a clinical data warehouse 
and includes data collected via several 
popular commercial EHR vendors. We used 
International Classification of Diseases 
version 9/10 (ICD-9/10) codes to identify 
patients with delivery diagnoses/procedures, 
and designed an R script to group delivery 
encounters into episodes and infer delivery 
dates (Figure 1). The algorithm was 
validated against a gold-standard birth log 
available for only a subset of deliveries.  
Results. The algorithm identified 50,560 
patients with 63,334 deliveries. The average age at delivery was 29.5 ± 6.1 years. Predominant race descriptions for 
patients included non-Hispanic Black or African American (47.3% of deliveries) and non-Hispanic White (33.9%). 
The algorithm was 98.6% accurate in identifying patients in the gold-standard birth log, with an F-1 score of 92.1%. 
It was accurate within -0.68 ± 1.42 days for single deliveries and -0.52 ± 1.11 days for two or more deliveries.  
Discussion. Our algorithm for identifying the patient delivery date from EHR data performed with high accuracy in 
predicting the delivery date of both first-time and subsequent deliveries. Our study is the first able to develop and 
validate an algorithm against an independent birth log with known delivery dates without relying on manual chart 
review which can be prone to biases. The algorithm relies only on a few structured elements from the EHR along with 
temporal information and the frequency of code usage to identify the patient delivery date, making it a strong candidate 
for porting to other patient populations. 
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Figure 1. Overview of the algorithm detecting a patient’s delivery episodes. 
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Introduction 

The CMS Appropriate Use Criteria Program was approved by Congress in 2014 but its implementation was delayed 

several times due to its complexity. Starting in January 1, 2020 program participation is now mandatory but in an 

educational and operations testing period without financial penalties. Data collection, analysis and sharing are 

critical for future successful comprehensive implementation including non-compliance penalties in January 1, 2021. 

Implementation and Outcome 

Our institution implemented this program using commercially available applications (National Decision Support 

Company & Epic) in April 2018. We collected electronic production data including provider feedback to assess the 

impact and guide improvements. Figure 1 summarizes our initial observations in three phases. Phase 1 (W1-W6): 

initial implementation allowed free-text indications, preferred by our providers but the system was frequently (73%) 

unable to score the orders and data analysis was extremely difficult. Phase 2 (W7-W10): application upgrade with 

more indications, end of free-text indications and mandatory structured indications including an option for 

“Indication not found”. There was a meaningful decrease in “No score” orders, 73% to 29%,  with better selection of 

an appropriate indication, 16% to 46%, and a minor change of “Not appropriate” indications, 5% to 9%. However, 

the alert burden increased significantly (p<.00001), triggering substantial concern among providers (alert fatigue). 

Phase 3 (W11-W16): suppression (silent mode) of the alert for “May be appropriate” indications which were 

considered high volume and of limited clinical value. The alert burden decreased significantly (p<.00001) without 

impacting the overall distribution of the alerts. The proportion of “No score” remains high at 31% despite better 

guidance to providers to find appropriate indications.  

We found that the structured indications from medical societies are not comprehensive and are not hierarchically 

organized causing challenges for medical specialties managing complicated conditions like cancer.  Significant work 

is needed to better structure and match indications to specific advanced diagnostic imaging tests. The “May be 

appropriate” indications are too unspecific, with little useful feedback, and a significant source of alert fatigue. 

 

Figure 1. Weekly total advanced diagnostic imaging alerts (bars) from weeks 1 to 16 (W1-W16) and the percentage 

of selection of appropriate use criteria (pies) during three phases of the implementation. 
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Figure 1. Subgroup visualization 
of chronic back pain patients. 
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Introduction 

We have entered the era of Big Data in healthcare with the advancement of digitalization in healthcare including the 
wide adoption of electronic health record (EHR) systems. Recent emergence of Artificial Intelligence (AI), 
particularly deep learning techniques and applications in healthcare has enabled the secondary use of Big EHR Data 
for clinical decision support, such as cardiovascular disease prediction, palliative care prediction, discharge 
prediction, and a large number of medical imaging applications. Researchers, funders, and healthcare providers have 
become increasingly enthusiastic about leveraging AI on Big Data to advance clinical research, education, and 
practice. However, in many real-world clinical settings, we do not have Big Data, let alone annotated Big Training 
Data. For example, a pain specialist may want to find subgroups among his or her patients to see whether patients in 
the same subgroup have similar pain patterns and comorbidities. Such subgroups could then inform diagnosis and 
treatment decisions in new patients. However, a dataset made of a single physician’s patients is too small for 
training a supervised AI model. Therefore, in this study, we evaluate the capability of unsupervised AI models in 
learning patterns from Small Data to assist physicians in routine practice. 

Method 

In this study, we identified a set of 17 patients diagnosed with chronic pain and back problems. We collected their 
ICD codes and collapsed the codes using Clinical Classifications Software (CCS) (chronic pain codes were grouped 
into CCS group 95, and back problem codes into CCS 205).  We then applied an unsupervised learning algorithm 
called Latent Dirichlet Allocation (LDA)[1] on their diagnosis codes. LDA is a text clustering technique that 
categorizes all words in a collection of textual documents into a set of distinct “topics”. We used the analogy 
“words=diseases”, “documents=patients”, and applied LDA to discover patient clusters/subgroups.  

Results 

There were four distinct patient subgroups, A, B, C, and D, identified by the unsupervised 
learning method, as shown in Figure 1. The A/B grouping was predominantly characterized 
by differences from Clusters C and D (lack of cardiovascular disease or musculoskeletal pain 
codes). The clusters showed that the patients in Cluster A had upper respiratory infections 
while those in Cluster B had other nervous system disorders. Another two clusters C and D 
are clearly distinguished from A and B. Based on the full chart review, we found that the 
patients in Cluster C all had pain of a localized yet somewhat ambiguous nature (i.e. lower 
back pain and other connective tissue disease). Different from Cluster C, Cluster D contains 
patients who all had cardiovascular-related comorbidities, (e.g. diabetes, dyslipidemia, and 
congestive heart failure). We hypothesized that the Cluster D patients would generally have 
less exercise tolerance, so may have received fewer referrals for physical therapy-related pain 
relief modalities in their medical record. Our chart review suggested that Cluster D patients 
were less likely to receive physical therapy referrals compared to Cluster A, B, and C patients. 

Discussion 

This study demonstrated the feasibility of using an unsupervised learning approach on Small Data. Because the 
relatively small dataset of clinical notes used in this study had previously undergone detailed review, the clustering 
analysis was readily interpretable.   

Conclusion 

Our results suggest that LDA techniques applied to small datasets may yield clinically relevant information for 
patient management. 
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Motivation: Patients and healthcare providers need greater awareness of hidden bias in clinical encounters  

Biases manifest in interpersonal interactions in healthcare. Bias –whether conscious and explicit, or unconscious and 
implicit (i.e., ‘hidden’) –affects attitudes and behaviors. Hidden bias in healthcare, based on patients’ race, sexual 
orientation, gender identity or other characteristics, affects the quality of patient-provider interactions, perpetuates 
health disparities, and can lead to poor health outcomes.1 However, no automated systems detect healthcare bias, nor 
is there a consensus on which social signals to assess or how to present feedback to providers. Further, patients’ needs 
and perspectives on the design and use of such tools have not yet been explored. This project fills these research gaps 
by automatically detecting inherent biases and intervening in the presence of inequity. Guided by human-centered 
design principles, we are developing a computational tool that uses Social Signal Processing (SSP) to make hidden 
biases visible and provide feedback co-designed with patients and providers. This tool will automatically capture 
nonverbal, non-linguistic, and affective cues in patient-provider interactions during clinical encounters. This project 
overview presents the three aims that our multidisciplinary team addresses: 

Aim 1. Model social signals associated with hidden bias in patient-provider communication  
Using data from video-recorded primary care encounters, we are building an SSP model that uses signal processing 
and machine learning to automatically assess communication signals associated with hidden bias. This model 
characterizes the quality of patient-provider interaction based on signals that reflect relational communication features 
(e.g., mimicry, mutual gaze, conversational turn-taking), which we match with providers’ biases identified with the 
Implicit Association Test.2 To train the model, we manually code encounters using the Roter Interaction Analysis 
System.3 The model will be extended with a new set of clinical encounters among patients from underserved groups.  

Aim 2. Design feedback that conveys detected bias to patients and healthcare providers  
Using human-centered design, we are designing respectful, constructive, and timely feedback on hidden bias to 
patients and providers. We are gathering patients’ and providers’ experiences through interviews that assess their 
needs, co-designing feedback on hidden biases detected in clinical encounters, and refining the feedback through 
cognitive walkthroughs. Our analysis is informing prototype feedback designed to raise awareness of hidden bias.  

Aim 3. Evaluate the efficacy of automated tools that assess and provide feedback on hidden bias 
Combining our computational SSP model (Aim 1) and human-centered feedback (Aim 2), we will build a functional 
tool called “UnBIASED” that will automatically assess and provide feedback on hidden bias in patient-provider 
interactions during clinical encounters in primary care. We will evaluate the tool with standardized patients using 
scripted scenarios and mixed methods that enable us to measure the perceived utility of the tool and assess the efficacy 
of the tool to raise awareness of hidden bias and prompt personal mitigation strategies. 

Conclusion 

Our project combines computational modeling of social signals, human-centered feedback, and efficacy testing to 
raise awareness of hidden healthcare bias. Ultimately, this approach will shape the next generation of health care 
providers and patients' interactions, helping to improve healthcare quality, access, and equity. 

Acknowledgments: The project is supported by #1R01LM013301. 
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Introduction 

Healthcare systems are investing more in addressing social determinants of health (SDoH) to improve patient 

outcomes, yet gaps exist in linking clinical and community-based health resources.1 We sought to understand the types 

of community-based health resources people use to inform our design of a digital tool linking patients in a safety-net 

delivery system (SFHN) to resources in their neighborhoods. 

Methods 

Using participant observation, in-depth interviews, and participant-led neighborhood tours, we recruited and 

interviewed SFHN primary care patients (n=10) and community leaders (n=11) working in these patients’ 

neighborhoods to determine participants’ resource priorities. We entered location-based data into the Streetwyze 

platform and analyzed the interview, tour, and observational data through deductive and inductive coding with 

ATLAS.ti 8. Codebook and major themes were established through consensus meetings. 

Results 

Patient participants were on average 65 years old. 67% identified as female, 44% identified as Black, half reported 

having a college degree or more, and all made less than $20,000 annually. We interviewed community leaders serving 

the Mission (n=4), Tenderloin (3), Bayview-Hunters Point (1), Ingleside (1), and San Francisco broadly (2). Primary 

concerns that emerged included food insecurity, psychosocial needs, lack of spirituality-focused spaces, and feeling 

unwelcome at resource locations. One patient referred to their closest grocery store as “the store that you have to pay 

twice the amount for your basic items, your veggies.” Another patient reflected on the diversity of their community 

and the lack of access to mental health care and support. “There’s a variety of people. There are some good, there are 

some bad, and there are some that really need mental health care. It hurts me to see how we can be abused mentally 

without any knowledge of it...” Interviews identified a need to strengthen ties between community-based organizations 

and healthcare settings and the potential to build upon existing trusting relationships between patients and healthcare 

providers to better address the intersection between patients’ medical and social needs. 

Discussion and Conclusions 

Digital tools must reflect the types of belonging and wellbeing resources that matter to diverse patients. New tools 

should harness existing linkages between patients, community-based organizations, and healthcare providers. 

Informed by our initial findings, we are now completing usability testing with participants, utilizing other existing 

resource directory and mapping tools such as SF Families, LinkSF, Google Maps, and Yelp, to develop a tool that 

empowers patients and community leaders to share their real experiences. 
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Introduction 
In recent years, multiple studies have been conducted to better understand pharmacogenomic interactions (PGx). Study 
results enable clinicians to better predict drug response, make appropriate dosing adjustments, and avoid drugs that 
are more likely to cause adverse reactions.1,2,3 Many institutions have started to integrate PGx knowledge into order-
entry workflows, such as clinical decision support (CDS) alerts to provide recommendations for dosing high-risk 
medications, ordering the appropriate drug-gene tests, and understanding PGx test results.1,2 Existing PGx guidelines 
are frequently updated to accommodate new evidence.1,3,4 However, information retrieved from guidelines are often 
in narrative format which poses challenges for effective workflow integration.1,3 An integrated PGx knowledgebase 
for clinical use is essential to facilitate the adoption of PGx knowledge.1,2 We provide recommendations for an initial 
implementation of a PGx knowledgebase suitable for clinical workflow integration and different forms of CDS 
interventions. 

Methods 
We reviewed the Clinical Pharmacogenetics Implementation Consortium (CPIC) guidelines, available in PDF and as 
webpages, to identify key properties needed for a PGx knowledgebase.3 Additionally, reference terminologies were 
selected and integrated with the PGx knowledgebase using a knowledge management system (KMS). The 
knowledgebase model includes PGx interactions details, along with discrete entities representing genes, genotypes, 
alleles, drugs, and relevant lab tests. The model is also integrated with reference sources, such as Human Genome 
Organization Gene Nomenclature Committee (HGNC), RxNorm, and LOINC concepts, answers and lists. Reference 
sources were normalized and imported directly into the KMS. Unstructured data retrieved from CPIC guidelines were 
manually curated using the KMS authoring tool, enabling revision history to allow tracking of changes overtime. 

Results  
We created a PGx knowledgebase model to capture clinically relevant information available from existing guidelines 
and reference terminology sources. PGx properties available in the model include narrative attributes (e.g. alert 
message and therapeutic recommendation), as well as semantic links to genomic information, medication ingredients, 
phenotypes, and laboratory tests, leveraging concepts available in reference terminologies. Genes, genotypes, and 
alleles are represented using individual models. Associations between drugs and their corresponding U.S. Food and 
Drug Administration (FDA) drug product applications are also available. 

Conclusion 
An integrated PGx knowledgebase is a valuable asset designed to manage clinically relevant information about genes 
and medications. PGx guidelines are published in a narrative format and require ongoing review to identify information 
that might be suitable for clinical providers. A KMS able to represent and update PGx knowledge is vital to 
accommodate ongoing changes from various sources, offering clinicians reliable information to improve treatment 
outcomes and reduce adverse events. 
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Introduction 

Technology-enhanced interventions that rely on consumer-grade wearable and mobile devices hold great potential to 

support health and wellness for many populations. Rapid technology change and short industry product release 

cycles often outpace the resources of researchers in academic research environments to evaluate devices and apps. 

We developed a multi-stage methodology in the Precision Smart Technologies and Applications for Rapid 

Translation (START) laboratory. Precision START methodology moves from within-team to lab- and field-based 

participant evaluation stages using iterative testing methods (3-5 evaluators) from Human-Computer Interaction. We 

report the first stage within-team evaluation of the Amazfit Bip S smart watch and Mi Fit app, selected for low cost. 
 

Methods 

A four-person research team (two Android and two iOS phones) evaluated user experience, feature availability, and 

usability using a smart watch framework from prior research1 (NSF Awards #’s: 1629202, 1629468, 1625451, and 

1629437) and the System Usability Scale2 (SUS). The Amazfit Bip S (+ Mi Fit app) was selected for low price 

($79.99 USD) and feature set (step counts, GPS and heart rate). Evaluators were lab members and daily users of 

wearable devices. The lead evaluator conducted usability training prior to the study. Evaluators started evaluations 

on the same day and wore the watch for a 7-day period, taking notes. Evaluators completed rankings for ease of 

performance for 9 items on a 1-5 scale, yes/no ratings for perceived availability of 24 common features, and 10-item 

SUS. The SUS was applied separately to watch and mobile app after divergent usability became apparent for each. 

Results 

User experience items are split between the watch and mobile app. Watch user experience item average scores were: 

Ease of Physical Controls: 3.5/5, Wearability: 3.75/5, Aesthetics: 4.75/5, Display Viewability: 4.25/5, Display 

Interpretability: 4/5. Mobile app user experience item averages were: Ease of Setup: 4.25/5, Syncing: 4.75/5, Mobile 

Battery: 4.5/5, and Mobile App Ease of Use: 4/5. For the perceived feature availability checklist, there was 100% 

agreement about availability of 10 common features that aligned with ground truth and disagreement about 14 

common features, 10 of which existed and four did not. Average SUS scores for the Amazfit Bip S watch was 83.1 

(77.5, 82.5, 82.5, 90) or excellent usability and for the Mi Fit mobile app was 44.4 (22.5, 35, 60, 60) or poor usability. 

Evaluator comment summary. Two evaluators downloaded an “Amazfit” app from the app store not associated with 

this device, which caused confusion until resolved. Setup and pairing of the Mi Fit mobile app with the Amazfit Bip 

S was straightforward though requires a 20-25-minute software update and automatic GPS location capture presents 

a privacy concern. The interface of the mobile app is idiosyncratic with no help feature but easily learned. “Behavior 

Tagging”, “Body Analysis” and message alert features did not function correctly. Limited watch configuration is 

enabled through the mobile app though the app sometimes froze when communicating with the watch. The watch 

provides basic data about current steps, heart rate, distance, and the number of hour-long sedentary bouts. Three 

evaluators who also wore Fitbits (Alta HR, Blaze, Versa 2) noted obvious step undercounts by the Amazfit Bip S. 

Conclusion 

User experience checklist ratings were high for both watch and mobile app features. However, initial mobile app 

usability perceptions differed from the average SUS usability score of 44.4 (poor usability). In contrast, watch 

average SUS score was 83.1 (excellent). Differences in perceived versus actual feature availability indicate low 

discoverability as a design issue. Mi Fit usability challenges indicate the Amazfit Bip S is suitable for technically 

proficient participants. Next steps are independent technical function validations using Actigraph GT9X and 

wGT3X research devices as ground truth comparison controls and then participant lab and field studies. 
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Introduction 

Patient symptoms are typically documented in electronic health record (EHR) notes.1 Automated symptom extraction 

by natural language processing (NLP) has important applications in patient phenotyping, risk prediction, and health 

condition tracking for large patient populations.1 However, publicly available, state-of-the-art clinical NLP systems 

(e.g., cTAKES and MetaMap) are often designed to be generic and extract all symptoms. A focus on specific 
symptoms requires adaptation, especially for symptom with many subtypes (e.g., pain can be headache, angina, 

arthralgia, etc.). Further, NLP systems were often evaluated using internal validation. There is limited research on 

validating analyses using imperfect NLP. We report an adaptation of cTAKES to extract pain from EHR notes. We 

then validated the NLP-identified pain with a concurrently collected self-reported measure of pain.   

Methods 

We adapted cTAKES to pain extraction by using domain knowledge. First, we compiled a list of terms related to pain 

(e.g., pain, tenderness, headache, angina) using input from domain experts. We then converted the term list to regular 

expressions to match cTAKES-recognized terms. We identified locations of pain by searching cTAKES-generated 

dependency trees (e.g., searching anatomical terms from the modifiers or adjuncts of words representing pain). One 

co-author (Internist) annotated 200 EHR notes for pain and pain location at the sentence level using the annotation 

guideline created by the research team. We evaluated our system at both sentence and EHR note levels. Further, we 
validated the NLP-identified pain by comparing with patient-reported pain from the TRACE-CORE longitudinal 

cohort (N = 787). TRACE-CORE collected patient-reported pain during the past 4 weeks (using the SF-12 survey) at 

30 days post-discharge. We applied our system to extract pain from the patients’ post-discharge notes (e.g., outpatient 

visit and readmission notes) from the same period. Because patients may not seek care for mild pain, we hypothesized 

that patients reporting severe pain in survey are more likely to have EHR-documented pain. We also assessed the 

association between 30-day hospital readmission and pain, comparing EHR-documented pain and surveyed pain.  

Results 

The evaluation set contains 200 notes (143 recording pain) with 11,917 sentences (467 recording pain). For identifying 

pain, our system achieved 0.78 precision, 0.89 recall (i.e., sensitivity), and 0.83 F1 at the sentence level and 0.85 

precision, 0.99 recall, and 0.92 F1 at the note level. Most errors were caused by long-distance negation. Among the 

416 sentences where our system correctly identified pain, it achieved 0.94 accuracy in finding the pain location. 

Patients with severe self-reported pain had the highest rate of NLP-identified pain (51.9%), compared with the rates 
in patients self-reporting mild to moderate pain (38.6%), and no pain (26%), p<.001. Eighty-seven (11%) patients had 

readmissions within 30 days post discharge. Self-reporting pain in survey was associated with increased 30-day 

readmissions, compared with self-reporting no pain (OR=1.90, 95% CI: 1.14-3.18); similarly, there was an association 

between having NLP-identified EHR-documented pain and 30-day readmission (OR=7.03, 95% CI:3.31-14.90).  

Conclusion 

Domain-expert-based adaptation of cTAKES to extract pain from EHR notes achieved adequate results, especially at 

the EHR note level. Validation using surveyed pain data suggested that analysis using the NLP output produced results 

consistent with those from other data collection methods. Future work should improve the NLP system by using 

supervised transfer learning on a small amount of manually labeled EHR notes.  
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Introduction 
Inflammatory bowel disease (IBD) is a chronic condition that targets the gastrointestinal tract and affects over 3 
million adults in the United States1. Both self- and clinical management are vital in the maintenance and prevention 
of disease exacerbation. The rising prevalence of IBD diagnosed in young adults has paralleled the rapid growth of 
mobile devices. Thousands of mobile Health (mHealth) applications have been developed to support disease 
management, which aims to facilitate adherence to treatment plans, thus making it easier to achieve disease remission 
and improve quality of life2. With so many options available, it is very difficult for both physicians and patients to 
find high-quality apps for IBD management, which is an essential tool for supporting IBD treatments. 

Objective 
This study aims to review commercially available mHealth apps to evaluate their quality and functionalities using 
validated instruments and to identify the best mHealth application for IBD monitoring and management. 

Methods 
A comprehensive search from 3 App Stores (Google Play, Apple, Amazon) for IBD management apps was conducted. 
The search terms used were symptom-specific (e.g. Diarrhea), site-specific (e.g. Bowel), and disease-specific (e.g. 
Crohn’s Disease, Ulcerative Colitis, Irritable Bowel Syndrome, Inflammatory Bowel Disease). Apps will be excluded 
if they are not specific to IBD management, general health (e.g. Fitness, Diet), or containing only one function related 
to IBD management. The final list of apps will be rated using the Mobile Application Rating Scale (MARS), criteria 
from IQVIA (formerly IMS Health) Institute for Healthcare Informatics3, and self-management recommendations 
from the Crohn’s & Colitis Foundation of America. The “best” app for IBD must achieve the highest scores from both 
MARS and IQVIA and has the most recommended self-management features. Inter-rater reliability was used to 
confirm concordance among the reviewers. The remaining apps were rated by 2 reviewers independently. 

Results 
 A total of 3,003 apps were screened and 14 apps were downloaded for 
review. The highest rating for MARS is 4.2/5 and for IQVIA functional score 
is 9/11. None of the apps have met all 8 self-management recommendations, 
however, 3 apps contain 7 of the suggested features. The highest-rated app is 
Oshi: IBD Tracker, which held the highest ratings from MARS, a functional 
score of 10, and contained most of the recommended features. The inter-rater 
reliability was high (two-way mixed CA-ICC = 0.94, 95% CI: 0.68-0.99). 

Conclusion: 
There are limited numbers of commercially available mHealth apps that met 
the criteria as the “best” app for IBD management. Those with IBD should consider using Oshi: IBD Tracker for 
health monitoring and management. In addition, app developers should strive to improve their design based on self-
management guidelines from the Crohn’s and Colitis Foundation and to increase the number of higher-order 
functionalities, including collecting, intervening, and evaluating data.   
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Introduction: Large-scale observational research holds great potential for fulfilling the promise of evidence-based 
medicine but may be limited by traditional concerns of selection bias and unmeasured confounding. It is unknown 
whether large-scale propensity score (PS) adjustment, using tens of thousands of measured covariates available in 
observational data, may also be able to balance on residual unmeasured covariates.1 Therefore, we sought to test 
covariate balance on different sets of held-out covariates to simulate the performance of PS models on unmeasured 
confounding across a large electronic health record (EHR) database. 

Methods: We used the Columbia University EHR database, converted to the Observational Health Data Sciences 
and Informatics (OHDSI) OMOP common data model (CDM). We reproduced two of the largest cohorts from the 
previously published LEGEND-HTN study comparing first-line anti-hypertensive treatments: patients initiating 
treatment with lisinopril and those initiating with amlodipine.2 We used open-source OHDSI R packages to extract 
features from our OMOP database for the development of PS models and measure covariate balance. PS models 
were built using regularized regression followed by PS matching or stratification. We generated PS models and 
recalculated covariate balance before and after excluding the following covariate test sets: random sample, 
conditions, procedures, drugs, devices, measurements, and all cardiovascular-related concepts. 

Results: Our baseline PS model comparing patients on lisinopril with those on amlodipine included 30,109 baseline 
covariates, with standardized mean differences (SMD) ranging from 0 to 0.61 (diabetes medication use) prior to PS 
adjustment. After matching or stratification, all covariates achieved a SMD of <0.1, with a maximum value of 0.09. 
Holding out the aforementioned test sets resulted in the exclusion of 4,366-15,590 covariates (14.5%-51.8%). 
Maximum SMD on PS models built using the remaining covariates ranged from 0.07-0.09. After adding back and 
reassessing covariate balance on the excluded test sets, maximum SMD ranged from 0.07-0.13. Condition-related 
covariates represented our largest held-out test set (15,590 condition-related covariates). This PS model was 
constructed using the remaining 14,515 covariates, and maintained balance with SMDs <0.1 for both measured 
covariates and unmeasured condition-related covariates (Figure 1). 

Conclusion: Large-scale PS adjustment using the extensive covariates available in observational data may be an 
effective tool for minimizing confounding and balancing cohorts, even across unmeasured covariates. 

 
Figure 1. Covariate balance before and after propensity score (PS) adjustment after excluding all condition-related 
concepts (left). Covariate balance on the 15,590 excluded concepts (right) using the same condition-excluded model. 
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Abstract: Family caregivers (FCs) provide pain management for patients in hospice care but there are limited 

resources to support their role. This study describes the development of a web app prototype that supports FCs in 

pain management.      

Introduction: Background: More than 50% of patients with advanced illnesses suffer from pain and many FCs are 

essential in helping them to relieve pain, but an accessible resource to prepare FCs in pain management is lacking.1,2 

Objective: To develop an accessible resource that aids FCs in pain management. Methods: First, we conducted a 

literature review3 and two secondary data analyses4,5 to investigate the common challenges that FCs face when 

managing pain for patients. We also conducted a literature review2 of existing interventions that support FCs in pain 

management. Afterwards, we developed evidence-based content to address the challenges and concerns that FCs 

experience. Thirdly, we invited experts and clinicians to review and validate the content, as well as interviewed FCs 

to solicit their feedback on the content. Currently, we are developing a prototype of the web app.  

Results: Based on the results of the two literature reviews2.3 and two secondary data analyses,4,5 we identified a list 

of 21 common challenges that prevent FCs from providing effective pain management for patients. Findings also 

indicated there are not easily accessible and comprehensive resources to assess family caregivers’ challenges in pain 

management and provide FCs with structured resources and support in pain management.2 We then developed 

evidence-based content to address FCs’ challenges in pain management including (1) an assessment tool to 

determine the challenges FCs face in providing pain management, (2) strategies to address each challenge, and (3) a 

library to provide pain education. Experts and clinicians (n=11) in hospice care reviewed and validated the content, 

and FCs (n=9) gave feedback on how to improve the content.  

Conclusion: This study presented the process of developing an 

evidence-based resource for FCs. This refined content will be 

converted to a web app prototype, which will allow best 

practices to be quickly translated from research into practice. 

The web app will consist of (1) an assessment tool with 21 

questions to assess the FCs’ abilities and challenges they face in 

managing patients’ pain, (2) computer-generated strategies 

tailored to address the identified challenges, (3) discussion 

questions for FCs to use with their care team to prioritize goals 

of pain management, and (4) a library to enhance access to 

educational materials, tools, and resources (Figure 1). We will 

test the functionality, operability and feasibility of the app 

prototype and the end-user feedback will be used to refine it to a 

fully functional, user-centered app. This study will advance the 

field of pain management in hospice care by providing accessible and 

evidence-based tools to support and engage FCs in pain management.  
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Figure 1. Screenshot of the preliminary layout of the app 

prototype     
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Introduction 

Clinical decision support (CDS) is a valuable tool to deliver evidence-based information to support nurses to 

improve quality of care.1 Nurses are often ill-prepared to provide patient-centered end-of-life care. Patient specific 

evidence delivered at the point-of-care to nurses at the right time and in the right format through the CDS has the 

potential to improve patient outcomes. In response to this need, our study team developed a CDS tool to support 

nurses’ care planning decisions for end-of-life patients in hospitals with three types of display formats; a) text CDS; 

b) text plus table CDS, and c) text plus graph CDS. The three CDS formats contained evidence-based suggestions 

for improving palliative care and were found to be efficacious for improving palliative patient outcomes (p<.001).2 

We found that the nurse’s decision time varied with the nurse’s graph literacy under different CDS formats. These 

findings show preliminary evidence that the optimal CDS format for a nurse may depend on the graph literacy level. 

Approach 

In our upcoming work, using simulation we will test the relationship between graph literacy and optimal CDS 

format in a randomized controlled trial (RCT) with a nationally representative sample of 220 registered nurse 

(RN) subjects. Specific aims are to: 1) Compare four CDS groups (text, text plus table, text plus graph, tailored on 

graph literacy) for effects on CDS decision time and patient outcomes; and 2) Examine associations of other nurse 

characteristics (e.g., numeracy, format preference, demographics [education, experience]) with CDS decision time 

and patient outcomes by CDS formats. In this study, the CDS intervention was specifically designed to support 

nurses, regardless of location, to provide safe and effective palliative care in a simulation test environment. 

In preparation for the nationwide RCT, our team has converted the original face-to-face prototype to a web deployed 

system. RNs via their home computers will access and interact with all parts of the CDS intervention. Before 

national deployment, it is essential to ensure that the new web-based version works as intended. We will test the 

technical capability, stability, and usability of the intervention (converted CDS) with the first 20 subjects. Each RN 

will be provided with fictitious use case scenarios and asked to complete given tasks using CDS. We will validate 

that subjects understand and appropriately use the features/content of the CDS intervention.  

Discussion 

Despite the proliferation of technology (EHR/CDS) in today’s health care, many systems have not been rigorously 

evaluated. The results of this evaluation will guide improvement of the design/interface (content, organization, and/or 

workflow) of the CDS system by ensuring that subjects understand and appropriately use the converted CDS. This 

work will allow intervention stability testing across platforms before initiating the nationwide RCT as the remaining 

200 nurses will complete the study session on their personal computers remotely using the finalized web application 

and study protocol. Rigorous testing of the CDS formats will enhance the likelihood of adoption of the care planning 

CDS system delivering evidence-based information to diverse nurses. Findings from this work will also provide 

insight on nurse’s decision time and patient outcome under different CDS formats leading to design of optimal CDS 

format tailored to nurses and its use for providing safe and effective palliative care in real-world clinical practice. 
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Research (R01 NR018416-01).  
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Abstract 

Electronic health records (EHRs) hold the promise of allowing clinicians and health systems to determine the real-
time risk of a clinical event occurring in individual patients through predictive analytics. Just as the use of predictive 
analytics to guide the provision of services is increasing in the medical arena, nursing services is an area that could 
potentially benefit from predicting risks and guiding personalized care. However, few examples focused on nurses 
and nursing tasks have been reported, and little is known about the application of predictive analytics in nursing. 
Here we report our observations when applying predictive analytics across different hospitals, focusing on the 
contribution of nursing process data to reduction of variance to predict fall-risk.    

Introduction 

We developed an evidence-based conceptual analytic model for estimating the individual-level risk of falling using 
data captured routinely by an EHR system. The model was represented with a Bayesian network, and it was cross-
validated at 2 hospitals with different EHR systems and different nursing vocabularies [1]. We implemented the 
prediction model and determined its clinical impact on reducing fall rates [2]. To determine localization issues before 
disseminating the model, we compared the sensitivity results of different data sets from EHR systems. 

Methods and Results 

The conceptual fall-risk prediction model consisted of 
concepts in six categories: patient demographics and 
administrative data, medications, Korean Patient 
classification system (KPCS), nursing interventions, 
nursing assessment and diagnosis, and fall-risk 
assessment tool [1]. These concepts were derived from 
international guidelines and semantically mapped to data 
elements of each EHR system when the specific 
implementation model was created at each site. We 
compared the performance of three implementation 
models developed at each hospital: two (hospitals A and 
B) were tertiary academic institutions located in Seoul, 
and one (hospital C) was a public institution near a 
metropolitan area. Hospitals A–C used the Morse Fall 
Scale, Hendrich II, and STRATIFY, respectively. We 
conducted sensitivity tests for the three implementation 
models. The nursing process data took the 1st and the 3rd 
places to contribute to reduction of variance in predicting 
falls at all three sites, but there were large variations 

among them. (Figure 1) Considering fall-risk assessment 
tool, the Morse Fall Scale used by hospital A showed the 
biggest reduction than the other tools. The other 
categories of data also showed different contribution rates 
among the hospitals.  

Figure 1. Comparison of the variance reductions of three 
implementation models for fall-risk prediction  

 

Conclusion 

The sensitivity of the model’s performance was affected by the EHR data representing the nursing process. Even 
though the data contributed strongly to the predictions of fall risk, there were variations by site, which means the local 
differences in amount of information caused by missingness and low relevancy. 
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Introduction 

The widespread use of consumer-grade fitness trackers has led to the accumulation of routinely collected person-

generated wearable device data holding great potential for biomedical research purposes.[1] An essential step prior to 

analyzing data is to assess data quality, in other words, “fitness-for-use”. This means that data quality is a task-

dependent concept and that understanding use cases may inform data quality assessment. Thus, in this study, we 

investigated the use cases of consumer-grade fitness tracker data in research studies. 

 

Methods 

A rapid review was conducted following the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) guidelines. Literature was searched on PubMed in February, 2020 with MeSH terms and keywords related 

to consumer-grade fitness trackers and brand names such as Fitbit. Studies were included if they analyze consumer-

grade fitness tracker data. Studies were excluded if they are exclusively analyzing mobile application data, online 

health intervention, or telehealth data (because these are not wearable devices); validating device performance 

(because this type of study cannot be conducted with routinely collected wearable device data); exclusively using 

qualitative methods (because the focus of interest is in quantitative data); and studies that collected data in controlled 

settings (because this is different from routinely collected data). Research questions of each study were extracted and 

labeled with codes representing types of research questions.  

 

Preliminary Results 

A total of 1,067 studies were imported for screening. In the title and abstract screening phase, 851 irrelevant articles 

were removed. The full text of 216 remaining articles were reviewed, leaving 102 studies after excluding 114 studies 

many of which were because research-grade fitness trackers were used or experimental design were used. Table 1 

shows the use cases identified for consumer-wearable fitness tracker data in research studies.  

 

Table 1. Major use cases of consumer-grade fitness tracker data in research studies 
Use Cases # of Studies Example 

Identifying Associations 48 Association between sleep and body mass index (BMI) 

Characterize two+ groups  19 Quantify cross-country differences in objective sleep patterns 

Characterize a single group 12 Quantify activity and sleep quality among hemodialysis patient 

Identifying (Risk) Factors 11 Determinants of poor sleep  

Adherence/Usage Patterns 10 Examining wear time (valid day considered as wearing device 8+ hours per day) 

Methodology 10 Develop method reducing volume of physical activity (PA) data  

Intervention Effectiveness 8 Does feedback on activity during dialysis treatments affect PA levels 

Trend 6 Trajectory of physical activity in pregnant women self-identified as inactive 

Data Validation 7 Compare Fitbit sleep estimates with the Stanford Sleepiness Scale  

Classification 3 Classify patient-reported outcome in patients with stable ischemic heart disease  

Predictive modeling 1 Predicting steps over time through linear regression 

Exploratory Data Analysis 1 Finding clusters of similarities in step data 

Feasibility research 2 Applicability of consumer activity monitor data for marathon health research 

 

Discussion 

The goal of this study was to identify use cases and inform the development of a data quality assessment tool that is 

focused on “fitness for use”. The authors found that certain features will be useful in assessing data quality. For 

example, for longitudinal studies examining trends, the density and duration of data points should be sufficient enough 

to answer the research question. Metrics indicating data density could be a useful feature in tools supporting the 

assessment of data completeness.  
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Introduction 

The scheduling of blood specimen collection would help reducing long waiting time and social distancing for 

patients, as well as reducing the inefficiency in clinical operation. In the Hospital Authority of Hong Kong (HA), 

it is common for patients to crowd and wait (could be more than 45 minutes) for blood specimen collection which 

increases the chance of cross infection. A project on ‘Blood Taking Scheduling in SOPC’ was commenced to 

improve the service by (1) reducing waiting time, (2) balancing attendance and (3) keeping social distance for 

infectious disease prevention (especially under winter surge or COVID-19 pandemic). 

 

System design 

Individual blood tests were examined to identify the most appropriate time in a day for taking the blood specimen 

due to the test nature, e.g. if fasting blood sample is required, or the laboratory operation, e.g. designated / excluded 

time to collect specimen. Other considerations include time required for performing the test before the clinical 

appointment date. There will be conditions that require staff to book the appointment e.g. no quota available, or 

no common available timeslot among the required blood tests. The system identifies the blood test(s) from the 

barcode on blood test request form, and provides the appropriate timeslot(s) with incorporation of parameters 

setting and next appointment date by interfacing with the consultation appointment booking system. Patients can 

book the blood specimen collection appointment at electronic kiosk with 3 simple steps including (1) scan the 

barcode on system generated blood test request form, (2) select a timeslot based on the system recommendation 

and (3) collect sticker with confirmed appointment timeslot indicated. 

 

Way forward 

The system will be ready for Proof of Concept (POC) pilot in the SOPC of a large scale hospital in the 3rd quarter 

of 2020. It will be evaluated by pre-post waiting time comparison (expecting be shortened from 45 minutes to 5-

10 minutes), patient’s satisfaction on the service and staff’s satisfaction on the workflow arrangement. A co-

delivery pack is prepared to facilitate other SOPCs to implement this system. To support patient in viewing and 

managing appointment anytime and anywhere, the ‘blood taking’ appointment will be displayed in the mobile 

application for HA patient, ‘HA Go’. The data from this system can also support service volume review and 

resources planning in future. 

 

Conclusion 

Innovation in information technology helps to improve patient experience and workflow efficiency in blood 

specimen collection.   
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Introduction 

It is estimated that prescribing errors in outpatient clinics contribute to approximately 8 million adverse 

drug events each year in the US, with 500,000 considered preventable.1 Given this, the Ambulatory Flight 

Simulator Tool provides outpatient clinics with an evaluation to assess how their EHR systems respond to 

common and serious prescribing errors. This study aims to report on the results from the initial pilot of 

the tool with seven of the leading outpatient EHR vendors across the country.   
 

Method 

To take the tool, clinics were provided with a list of test patients and associated test orders to enter into 

their EHR using CPOE. The test orders were distributed across ten order-checking categories that cover 

both basic and advanced decision support. The test also includes two subcategories, fatal orders and 

nuisance orders. Fatal orders are ones that have the potential to severely harm or kill a patient, while 

nuisance orders are medication combinations that are low severity, and if alerted on can cause alert 

fatigue.  
 

After clinics finish the test, they receive an overall percentage score of unsafe orders detected, which is 

calculated by taking the number of orders correctly alerted on, divided by the total number of orders in 

their test. For this pilot, the nuisance orders were not integrated into this score and its results were 

presented qualitatively. To analyze how clinics performed overall, the mean overall percentage score was 

calculated, along with mean percentage scores for each order checking category. In a secondary analysis, 

the percentage of potentially fatal orders appropriately alerted on, and the percentage of nuisance orders 

incorrectly alerted on were calculated. 
 

Results 

The mean overall score was 54.6%. Clinics performed well in the drug allergy (100%), drug-drug 

interaction (89.3%), drug pregnancy (75.0%), daily dosing (78.6%), and drug diagnosis (67.9%) 

categories. Areas of improvement include, single dosing (57.1%), drug age (39.3%), and therapeutic 

duplication (39.3%). For the drug age and therapeutic duplication categories, performance varied greatly 

between vendors, where some clinics had these alerts turned on while other clinics did not have these 

implemented and scored very low. None of the clinics alerted against the drug laboratory and drug 

monitoring orders in the test, citing that these types of alerts are not turned on in their systems. 
 

Clinics alerted on 67.9% of the fatal orders distributed across all tests. In terms of nuisance orders, clinics 

correctly did not alert on 64.3% of them. Notably, the two clinics with the highest overall scores, 

incorrectly alerted on more than 75% of the nuisance orders in their test.  
 

Conclusions 

Results from this pilot highlight potential areas of improvement in the medication-related CDS of 

outpatient clinics. Due to the potential severity of mistakes not caught, clinics should seek to use their 

results to improve the safety of their EHR.  
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Background 
Clinical practice recommendations for musculoskeletal pain conditions support the primary use of 
nonpharmacological interventions, including psychological/behavioral therapies, exercise/movement therapies, 
and manual therapies.1,2 However, gaps between evidence and implementation in clinical practice remain and 
low-value musculoskeletal pain care continues to occur.  The quality of pain care provided by clinicians most 
often delivering nonpharmacological interventions is yet to be defined.  We aim to identify documentation of pain 
assessment occurring by one such clinician group, chiropractors, through natural language processing of clinical 
text documentation. 

Methodology 
The Veterans Health Administration (VHA) is the largest US-based integrated healthcare system and offers many 
nonpharmacological intervention options on-station – including chiropractic care.  We use a natural language 
processing pipeline that was previously developed and validated using primary care documentation3 to examine 
clinical text documentation by VHA chiropractors. We include 65,628 notes from 11,752 Veterans enrolled in the 
Women Veterans Cohort Study who received on-station VHA chiropractic care between October 1, 2018 and 
September 30, 2019. The Natural Language Toolkit and Sci-kit Learn were used to represent the notes as a bag-
of-words and classify the presence or absence of each pain assessment subclass in Table 1. 

Pain Assessment Subclasses 

Pain mention Diurnal variation Pain etiology 

Intensity Aggravating factors Pain site 

Quality Alleviating factors Pain-related diagnostics 

Persistence Functional assessment  
Table 1. Pain assessment subclasses used for annotation, with full descriptions in previous work by Fodeh, et al.3 

Results 
We expect that VHA chiropractors frequently document these subclasses of pain assessment since they are 
considered essential components of history-taking for pain complaints and are reinforced by VHA operational 
processes and quality assurance standards.  More detailed analyses will examine the specific patterns of pain 
assessment documentation and compare the performance of the previously validated annotation approach to 
manual chart extraction using chiropractic clinical notes. 

Conclusion 
We expect that VHA chiropractors document measures of pain assessment in ways similar to those of primary 
care providers in VHA.  Further work should investigate the relationship between documentation of these 
measures and delivered care quality, including patient reported outcomes. 
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Problem 

Over the last decade, healthcare has become an increasingly data-intensive enterprise. In response, training programs, 

such as the National Library of Medicine’s University Biomedical Informatics and Data Science Research Training 

Program (T15), were created to develop a data-literate workforce. The National Institute of Health (NIH) also 

developed a Strategic Plan for Data Science which identified critical workforce development goals, including 

engaging a broader community.1 However, to date, there have been few attempts to develop educational analytics 

resources that are pedagogically anchored and support healthcare education.  This presents a significant challenge to 

widening data analytics knowledge exchange and meeting the NIH’s core workforce development objective. 

 

Objective 

To encourage diffusion of data analytics skills to a broader healthcare community, we proposed and developed an 

open-source data analytics education platform designed to teach practical data analytics skills to both undergraduate 

and graduate healthcare students in disciplines such as health informatics, public health, or clinical medicine.  

 

Implementation  

The platform employs a case-based approach to teaching data analytics. Case-based learning in health professional 

education has been shown to be both effective and enjoyable by students.2 Each case broadly consists of 1) a 

realistic clinical problem, 2) a unique dataset, and 3) a specific analytic methodology. The primary goal is to 

introduce an analytics methodology via a plausible scenario for students that have not had exposure to analytics in a 

traditional healthcare curriculum. For example, one case teaches students about logistic regression classifiers 

through challenging them to identify high-risk asthmatic patients from the Medical Expenditure Panel Survey. 

Datasets consisted of deidentified research, survey, and analytic competition data obtained from public repositories. 

Each case is hosted using Jupyter Notebooks which allows a user to interact with the dataset and analytic technique 

without requiring prior programming experience. In addition, the system is hosted on a cloud-based Jupyter 

Notebook server which allows students to access computing resources and a custom computing environment within 

their browser which minimizes any set up required. The platform’s resources (CPU cores, memory, and storage) can 

be scaled up to perform computationally demanding tasks. We observed that interdisciplinary expertise was critical 

to building our platform and troubleshooting. This was crucial since the platform was built on open-source software 

which introduced additional system maintenance. However, this enabled us to provide public system accessibility. 

Preliminary testing highlighted the importance of effective user interface design for minimizing barrier to entry.  

 

Conclusion 

We developed an open-source data analytics education platform designed to teach healthcare students practical data 

analytics skills. The platform employs a case-based approach and is designed to be accessible for non-technical users.   

 

Future Plans 

We plan to commence formal usability testing once prototyping is complete. Follow http://datamine.unc.edu to 

explore the prototype.  
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Introduction: Medicare Access and CHIP Reauthorization Act and the “Meaningful Use” program in the US have 

incentivized the growing adoption of Electronic Health Records (EHR) and Patient Health Records (PHR) to 

improve the quality of the healthcare delivery systems nationwide. Patient portals, as part of EHR systems have 

become attractive platforms for patients to conveniently access their medical records, seek help from providers, and 

share their healthcare experiences via secure messaging. With the increasing portal adoption and patient 

engagement, the volume of secure messages in free text format has increased substantially, which opens new 

opportunities for content analysis and improving patient-centered care. In this work, we propose to develop a data 

model for patient secure messages (DM4PSM) based on the Health level Seven (HL7) Fast Healthcare 

Interoperability Resources (FHIR) for information retrieval, extraction, and integration and created an annotated 

corpus for future Natural Language Processing (NLP) analysis of patient secure messages. 

Methods: We collected over 5 million patient-generated secure messages from the patient portal at Mayo Clinic 

Rochester from February 18, 2010 to December 31, 2017. We created the first draft of the data model and corpus 

annotation guideline by analyzing FHIR resources and manual review of 100 sampled secure messages. We then 

randomly selected another 100 patient secure messages and annotated them using Multi-purpose Annotation 

Environment (MAE) tool to iteratively update the data model and annotation guideline until inter-annotator 

agreement was satisfied. After that, we expanded the annotation to annotating additional 1200 randomly selected 

secure messages. We also calculated the frequency of selected health concepts of interests in the corpus and 

performed topic modeling to learn hidden topics related to those health concepts. 

Results: The proposed DM4PSM has a 3-level hierarchical structure of health system concepts: 3 macro-concepts, 

28 meso-concepts and 85 micro-concepts (e.g., attributes of the meso-concepts). The distribution of macro and top 

meso health concepts in the annotated patient secure messages is shown in Figure 1 below. We also identified 

meaningful topics of patient secure messages associated with 3 highly mentioned micro-concepts (i.e., fatigue in the 

condition meso-concept, prednisone in the medication meso-concept and patient visit in the appointment meso-

concept) using topic modeling. For example, most of the patient discussions on fatigue were surrounded by 

sleepiness, drug adverse effects and relevant symptoms and conditions. 

 

     
                

Figure 1: Distribution of Macro and Meso Concepts in Annotated Patient Secure Messages 
 

Discussion and Conclusion: Our data model and annotated corpus enable us to identify and understand important 

health concepts mentioned in the patient secure messages and to extract hidden topics of secure messages linked to 

the health concepts using topic modeling. The data model could be extended for extracting and analyzing patient 

narratives from other social medial platforms. In future, we plan to develop a machine learning system and NLP 

tools with the help of data model and annotated corpus to parse patient-generated secure messages from patient 

portals to enable automatic or semi-automatic triage and integrate them with the EHR data to improve shared 

decision making and patient-centered care. 
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Abstract 

Many studies have used EHR data to identify disease subtypes. However, it is unclear if subtypes identified in EHR 

are reliable compared to those from more curated datasets. Systemic Lupus Erythematosus (SLE) is a heterogeneous 

disease. In this study, we evaluated if latent class analysis (LCA) on EHR will generate similar results compared to 

registry data. Our results show that cluster membership between the EHR and registry datasets has low consistency.  

Introduction 

A number of studies have demonstrated the effectiveness of using EHR data to identify homogeneous groups for 

more targeted treatment [1]. However, it remains unclear if the conclusions drawn from EHR are comparable to 

those drawn from more rigorously curated data sources (registries). Systemic lupus erythematosus (SLE) is a 

heterogeneous autoimmune disorder. The Systemic Lupus International Collaborating Clinics (SLICC) developed  

classification criteria for SLE based on key manifestations, including clinical attributes: acute cutaneous lupus, 

chronic cutaneous lupus, oral ulcers, nonscarring alopecia, synovitis, serositis, renal disorder, and neurologic 

disorder and laboratory attributes: hemolytic anemia, leukopenia, thrombocytopenia, anti-nuclear-, anti-dsDNA, 

anti-Sm and anti-phospholipid antibodies, low complement, and the direct Coombs test. In this study, we identified 

SLE subtypes for patients who had data in both the Chicago Lupus Database (CLD), a physician adjudicated registry 

of lupus patients, and the Northwestern Medicine Enterprise Data Warehouse (NMEDW) an EHR data repository. 

Methods 

We identified 457 SLE patients who had data in both CLD and NMEDW. For EHR data, a combination of ICD 

codes, laboratory test and key words search on notes are used to identify if each SLICC criterion is satisfied. We 

applied LCA on both the NMEDW and CLD datasets using basic demographics and SLICC criteria as features. 

Race was coded as Caucasian, African American (AA), Asian, and other. Onset age was coded as young onset (1-

16), adult onset (17 - 50) and late onset (51-90). In LCA clustering, the Bayesian Information Criteria (BIC) was 

used to select from models with varying number of clusters (2 to 10). The model with the lowest BIC score was 

selected as the final model. We then compared differences in features among subgroups using chi-square tests, 

Fisher exact tests based on the variable. In order to compare the consistency among clustering results, we calculated 

the adjusted mutual information score between the cluster results from the EDW dataset and from the CLD dataset.  

Results 

In our study cohort of 457 patients, average SLE diagnosis age is 29.7 (SD = 11.5). 93% are female, 51% are 

Caucasian, 28% are AA, and 8% are Asian. LCA on the registry data shows 2 clusters have the best performance 

based on BIC. Cluster1 is enriched in patients with acute cutaneous (100%) and oral ulcer (57%). Cluster 2 is 

enriched in patients with immunological disorder (92% dsDNA, 32% anti-sm, 86% low complement). Chi-

square/fisher exact test shows all features are significantly different between two subtypes except for ANA and sex. 

LCA on the EHR shows that 3 clusters have the best performance. Cluster 3 has medium percentage in skin 

manifestations (acute, chronic cutaneous, ulcer, alopecia) and the lowest percentage in every other criterion. Cluster 

2 has the highest percentage in skin presentations. Cluster 1 has low skin manifestations but has the highest 

percentage in all other criteria. Chi-square/fisher exact test shows all features are significantly different among 3 

subtypes except for oral ulcer. Adjusted mutual information (AMI) between EDW and CLD data is 0.06.  

Conclusion 

This exploratory study shows that the SLE cluster attributes and membership generated from EHR vs CLD have low 

consistency. Both poor capture of data (which is the case here) and novel features in EHR could lead to result 

differences from the CLD. The impact of these factors should be carefully considered before drawing conclusion.  
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Introduction 

The growing role of the electronic health record in health care and the integration of technology into clinical practice 

has precipitated growing demand for clinical informatics subspecialists.1 The first board certification exam for the 

clinical informatics subspecialty was offered in 2013. Characterizing the new clinical informatics workforce is 

important to inform the development of this field and provide insights to researchers, policymakers, and the public. 

Methods 

We analyzed American Board of Medical Specialties (ABMS) data on individuals who have been certified in clinical 

informatics since 2013 to review trends and demographic characteristics of the clinical informatics workforce. We 

recorded the number of physicians certified in clinical informatics from 2013-2019, physician age at the time of 

certification, state of residence, primary specialty, and year of certification.  

Results 

1851 physicians were certified in clinical informatics under the ABMS from 2013 to 2019.  The median age at the 

certification was 51. The number of clinical informatics certifications awarded declined from 449 in 2014 to 162 in 

2019 (Figure 1).   

 

Figure 1. Number of physicians achieving clinical informatics subspecialty certification from 2013-2019 

 

73% of primary certifications held by clinical informatics subspecialists were in internal medicine, pediatrics, family 

medicine, and emergency medicine. 128 (7%) of subspecialists were certified in more than one primary specialty. Ten 

of the ABMS medical specialties had ≤10 certified clinical informaticians. California was the US state with the highest 

representative number of clinical informatics subspecialists (n = 281), followed by New York (n = 124) and 

Pennsylvania (n = 124). 18 US states had ten of fewer representative clinical informatics subspecialists. 

Conclusion 

Disparities may exist within the clinical informatics workforce with respect to primary specialty certifications of 

current clinical informaticians and geographic distribution. There remains a need for the creation of fellowship 

programs to sustain the growth of this important workforce and to ensure adequate diversity within the field. 
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Introduction:   Adherence   to   expert   guideline-recommended   risk   modification   strategies   including   smoking 

cessation, antiplatelet agents,  statin  therapy,  and  blood  pressure control  significantly reduce adverse outcomes in 

patients with atherosclerotic cardiovascular disease (ASCVD).1  Compliance with national guideline strategies also 

serves  as  a  core  metric  for  the  Centers  for  Medicare  and  Medicaid  Services.  However,  expert-endorsed  risk 

modification  strategies  are  underused  by  patients  with  ASCVD  including  those  with  peripheral  artery  disease 

(PAD), coronary artery disease (CAD), carotid stenosis, ischemic stroke/transient ischemic attack (TIA), and renal 

artery stenosis (RAS), especially in underserved rural communities.1,2  We have developed a clinical decision support 

(CDS)  system  to  identify  patients  with  ASCVD  and  also  promote  use  of  secondary  prevention  strategies  by 

physician  and  non-physician  providers  in  underserved  rural  communities  utilizing  an  application  entitled  cohort 

knowledge solutions (CKS) that utilizes electronic health record (EHR) information linked to an institutional data 

warehouse.  The CDS system identifies patients  with  ASCVD  and  summarizes  status  of  guideline-recommended 

therapies for  each  patient,  as well as demographics,  selected laboratory tests, and comorbidities.  In this study we 

report development of the algorithms for identification of patients with ASCVD for use with this CDS system. 
 
Methods: The ASCVD study cohort (n=32,837) was identified by ICD-10 and procedural code algorithms. The 

phenotyping algorithms included diagnostic and procedural codes for the condition of interest. Iterative refinement of 

phenotyping algorithms was conducted by comparison to gold standard manual review of random samples of 70 

records of patients with each condition and repeated in separate samples in a second iterative round. After the first 

round of evaluation, non-specified codes for ASCVD which identified non-ASCVD diagnosis were removed. For 

example, code I24.9 for acute ischemic heart disease non-specified and Z94.0 for status post kidney transplant were 

excluded from the final algorithms. For carotid stenosis and PAD, diagnostic codes were combined with procedural 

codes. 

 
Results: Iterative removal of unspecified codes reduced false positives and inclusion of procedural codes increased true 

positives, thereby improving positive predictive value (PPV) in the second round of iterative evaluation. The PPV 

increased from 80% to 95% for CAD, 47.40% to 100% for carotid stenosis, 85.80% to 100% for PAD, 65.30% to  100%  

for  ischemic  stroke/TIA,  and  79.40%  to  100%  for  RAS.  Results after the second round of iterative evaluation are 

summarized below (Table 1). 
 

Table 1. Results of iterative evaluation and refinement of phenotyping algorithms included in CDS system.
 

ASCVD cohort 

(n=32,837) 

 
Sensitivity              Specificity                   PPV                 F1 score

 

CAD                          62.5%                     100%                       95%                   76.9% 

Carotid stenosis                 57.4%                     100%                      100%                  72.9% 

PAD                          63.6%                     100%                      100%                  77.8% 

Ischemic stroke/TIA             71.4%                     100%                      100%                  83.3% 

RAS                          71.4%                     100%                      100%                  83.3% 
 
 

Conclusions: We developed phenotyping algorithms based on billing codes for  identification of ASCVD patients 

with  very  high  PPV  and  specificity  which  will  be  integrated  with  clinical  decision  support  systems  for  rural 

providers. 
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Introduction 

InSight Care is a program at Memorial Sloan Kettering Cancer Center (MSKCC) that provides proactive remote 
symptom monitoring and management for patients on chemotherapy treatment.  The program is supported by a team 1

of 9 Nurse Practitioners and Registered Nurses. To provide 7-day coverage, team members’ schedules vary and so 
when team members start a multi-day shift, they need to be oriented to the enrolled patients’ current status, active 
issues, etc.  Since the program’s launch in October 2018, clinical and informatics teams have been working on a 
handoff tool to support the clinical shift transition. Several challenges arose while creating an optimal handoff tool 
for this program.  This included the large number of enrolled patients (83 as of 2/28/2020) and ensuring that the 
most pertinent information for handoff and what could be pulled from elsewhere are included in the record. 

Evolution of the Handoff Tool 

An initial version of a handoff tool that is embedded in our commercial EHR was provided at launch in October 
2018 and allows the InSight Care team to enter and update pertinent information for each patient and print a 
summary report for all patients. This version had the patients’ overall current state with a large free text box and a 
lengthy action list on the right. The purpose of the free text box was to allow the clinician to include all relevant 
information pertaining to the patient needed for shift change. As the enrolled number of patients increased, this 
format was no longer working because the clinicians were having a hard time identifying exactly what clinical 
information was pertinent with no prompts during shift change. Following a few iterations of enhancements, the 
handoff tool was refined to include the following categories as free text data entry fields; patient summary 
(including diagnosis, treatment intent, treatment plan), symptom history / baseline symptoms, tried and failed 
interventions for symptoms, current pain regimen, consultants / services, preferred contact info / time, and pertinent 
information,  active issues and follow up as needed. In summer of 2019 a redesign had to be considered again 
because clinicians were finding that shift change was taking a long time and it was unclear whether all relevant 
information was being included. The tool was redesigned to include:  disease profile, other care teams, patient 
medical history, active issues and symptoms, action items including preferred survey / contact information, last 
patient reported outcome date, last contact (portal secure message or telephone), next visit, and follow up tasks that 
are time bound and checked off upon completion. We continued to work iteratively to see what did and didn’t work. 

Current State 

Today, the handoff tool for InSight Care consists of disease profile, treatment, other care teams, medical history, 
active symptoms, recent urgent care clinic / symptom care clinic hospitalizations (free text boxes that clinical staff 
identified as clinical information needed at shift change). As well as preferred contact, most recent symptom data, 
last contact, next visit, an “FYI” field, and an action list. First four mentioned are pulled into handoff via the record.  

Conclusions 

A handoff tool to support remote monitoring and management required multiple iterations.  We continue to elicit 
feedback to assure the tool is meeting the clinical needs.  

1 American Medical Informatics Association 2019, Poster Session, November 18, 2019. Kuperman, G., et al. An Informatics Infrastructure for 
Remote Monitoring and Management of Symptoms in Cancer Patients. AMIA 2019 Poster Session.  
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Introduction and Background 

Home Diagnostic Test-supported by smartphone (HDT-smart) refers to an at-home clinical diagnostic test connected to a 

smartphone application that can be used to self-diagnose an illness. HDT-smart is distinct from other consumer healthcare 

technologies and devices in that it comprises a diagnostic testing kit and a software component (mobile application providing 

instructions, indication of results, and/or results messaging). The user is required to perform the physical procedure required to 

test and make sense of the software component simultaneously to successfully utilize HDT-smart to achieve the desired 

outcome-self-diagnosis. These systems are rapidly transforming clinical diagnostics by offering portability, convenience of 

use, and timely diagnosis, no longer limited to centralized laboratories. Clinical trials and commercial pre-market trials are 

mandatory precursors to their general availability and use. However, trial engagement, referring to enrollment in, and successful 

completion of, a trial has always been a challenge to medical technology trials. These challenges result in higher trial failure 

rates, causing irrevocable losses to the medical device manufacturers and healthcare technology developer firms. 

Understanding the factors influencing individuals’ trial engagement can be vital for informing future successful trial design 

and execution. Engagement in a trial may likely be influenced by external factors surrounding technology in addition to an 

individual’s personal attributes and perceptions about technology supported at-home diagnostic testing kit. We relied on the 

digital health engagement model, technology acceptance model, and attribution theory to propose a preliminary research 

framework. Personal attributes such as personal innovativeness, motivation to stay healthy and digital health literacy are 

expected to influence health consumers’ trial engagement intentions in addition to positive attitude, perceived ease of use and 

perceived usefulness toward HDT-Smart which can be categorized as technology perception attributes. Dispositional enablers 

comprised both. Situational or external enablers-clinical endorsement, promotion strategy and personal advice may also 

influence the trial engagement behaviors. In this study, we use qualitative interviewing-based methodology to answer the 

following research question: What are the key enablers that facilitate an individual’s trial engagement for flu@home)? 

flu@home is an HDT-smart instantiation currently in trial for self-diagnosing influenza 

Methods Confidential, semi-structured interviews were  conducted 

over 4 months with 31 consumers who completed all steps in a 

pilot of flu@home (HDT-smart testing  for  influenza). The 

interviews canvassed the consumers’ attitudes and beliefs related 

to health, health IT, their experience in the study, as well as their 

reflections and perspectives of participating in flu@home trial. The 

key themes and subthemes from the developed model, presented in 

Figure 1, were used as a starting, deductive coding schema for 

analysis with the potential to add themes and subthemes for HDT-

Smart contextualization. Constant comparison validation 

techniques to identify and stabilize key themes from the interviews 

were used. Dedoose© Version 7.0.23 software was used for 

qualitative data management and analysis. 

 

Results Participants were generally recruited through social media and online advertisement and found the associated 

promotion strategies effective. Additionally, participants also indicated the possibility of using doctor’s offices as a 

recruitment site, highlighting the significance of clinical endorsement. Some participants also mentioned that personal 

advice from friends or peers to engage in a trial could be an important enabler. Moreover, convenience of at-home testing 

(in terms of its ease of use), perceived usefulness associated with it, and positive attitude along with interest in advancing 

new research were found to be major enablers for trial engagement. Participants also expressed their interest in trying 

other novel forms of self-diagnosis that could require urine, blood, stool, or wearable devices for various chronic and 

acute conditions emphasizing the cruciality of individual’s personal innovativeness as an enabler for engagement in trial. 

Participants in general were found have sound digital health literacy. All the participants were found to be willing to 

engage in the trial, with none of them expressing thoughts about stopping their trial participation. 

Conclusion Overall, our results support the proposed preliminary framework, establishing the value of the framework 

in the context of individuals’ willingness to engage in a trial for healthcare technologies and/or devices particularly an 
HCDT-Smart (or flu@home). The results have the potential to inform the design and execution of testing trials for 
medical devices supported by technologies in terms of focusing on relevant promotion strategies, communication of trial 

information, mobile app design, and choosing potential trial participants, thereby enhancing the financial and scientific 
viability of these trials paving the way for advancements in patient care.  
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Introduction 
Lumbar spinal stenosis (LSS) is a degenerative condition characterized by a narrowing of the spinal canal leading to 
compression of nerves innervating the lower back and legs. LSS has the highest prevalence in people over age 60 and 
has become the most common indication for spinal surgery in the US1,2. Although surgical treatment involves spinal 
decompression, the clinical indication for concomitant spinal fusion remains non-standardized. Determining if spinal 
fusion is a required addition to decompression is important because it is associated with higher rates of surgical 
complications as well as higher healthcare costs2.  

Fortunately, in today’s digital world, data-centric approaches utilizing clinical and imaging electronic health record 
(EHR) data can help inform treatment when there are no commonly accepted guidelines. In efforts to better inform 
care we are creating a clinical LSS Data Repository within the Veterans Health Administration (VHA). The Repository 
falls under the purview of the VA Lumbar Spinal Stenosis Surgery Learning Program (LSSS-LP) which includes a 
consortium of surgeons at VHA hospitals across the nation. As part of our efforts we will utilize Repository data and 
relevant statistical models to assess care practices at the consortium sites. We will also utilize machine learning 
algorithms as analytic tools to build predictive models and clinical decision support systems for surgical treatment at 
consortium sites. Furthermore, in line with the goals of the LSSS-LP and the concept of a real-world learning 
healthcare system, we will share de-identified Repository data with academic researchers and industry partners to 
foster a broader understanding of surgical outcomes and aid standardization of surgical treatments. 

Methodology 
The LSS Repository will integrate data from the Stenosis Outcomes in Lumbar Instrumentation and Decompression 
(SOLID) Data Registry and the SOLID Clinical Trial. More specifically, it will contain patient-level demographic 
information, medical history, smoking and substance abuse history, diagnoses, medication history, surgical procedure 
details, lab values, vital signs, radiological reports and images as well as baseline and post-operative functional health 
and quality of life surveys.  

The Repository will be built as a MS SQL database in conjunction with an imaging data PACS. This includes EHR 
and manually curated case report forms collected with Data Labs EDC system. Consortium dashboards for displaying 
clinical practice data and the results of predictive modeling will be built using a combination of in-house developed 
tools and Microsoft Power BI. The RSNA Clinical Trial Processor (CTP) tool will be used to scrub personally 
identifiable information from DICOM images. De-identified Repository data will be made available to collaborators 
with required regulatory approvals. Formal patient consent to share data will be obtained through the SOLID Registry 
and Trial.  

Conclusion 
Limitations in IT governance and infrastructure as well as data standardization and curation can reduce the ability to 
fully utilize medical record data. The creation of a large-scale LSS Data Repository will allow for extensive study of 
this condition and its treatment in VA patients. In line with the concept of a learning healthcare system, we will build 
predictive models and clinical decision support systems for the surgical treatment of LSS. We hope that sharing 
Repository data will further catalyze academic and industry research in LSS and aid development of more standardized 
guidelines for treatment with spinal decompression and concomitant fusion.  
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Introduction 

Since FY2010, the Office of the Secretary of the Department of Health and Human Services has funded 69 data 
infrastructure awards through the Patient-Centered Outcomes Research Trust Fund (OS-PCORTF). The goals of the 
OS-PCORTF are to build data capacity and data infrastructure for patient-centered outcomes research (PCOR) by 
advancing five core functionalities of the OS-PCORTF Strategic Framework: 1) optimizing the use of clinical data 
for research by improving data access, quality and interoperability, 2) standardizing data collection, 3) linking 
clinical and other data types (e.g., program data) for research, 4) supporting collection of patient provided 
information, and 5) leveraging the use of enhanced publicly funded data sets. We analyzed a subset of awards to 
assess the portfolio’s progress toward achieving these functionalities.  

Methods 

Out of 69 OS-PCORTF awards funded since FY2010, we assessed the 43 awards that were funded between FY2016 
and FY2019. Our analysis consisted of: 1) an assessment of the extent to which these awards advanced the five key 
research OS-PCORTF strategic framework functionalities for building PCOR data capacity, and 2) a review of the 
portfolio’s contribution to data infrastructure needs highlighted in recent policies: 1) Medicare Access & CHIP 
Reauthorization Act (2015); 2) Foundation of Evidence-Based Policymaking Act (2018); 3) the 21st Century Cures 
Act; and 4) Substance Use-Disorder Prevention that Promotes Opioid Recovery and Treatment for Patients and 
Communities Act. 

Findings 

Almost 75% of awards focus on optimizing the use clinical data for research, including developing tools and 
services that support access to electronic data and improve data quality. Just over 50% of awards enhance federal 
datasets by improving data quality, data linkages, and analytics. Roughly 50% of awards focused on standardizing 
data collection. Nearly 50% of awards are developing tools to support patient participation in clinical research. Only 
25% of awards focus on linking data; however, these awards are enhancing widely used datasets e.g., Medicare 
claims and National Death Index data. The analysis of the portfolio’s contributions and alignment with key policies 
revealed an evolution: earlier work focused on data linkages, making data more accessible for national pragmatic 
research studies, and improving clinical registries and research networks. Later work has expanded to 
interoperability, improving patient access to health information in support of 21st Century Cures Act 
implementation, facilitating the use of PCOR data infrastructure for health policy priorities such as opioids, value-
based care, and maternal and child health, and accelerating growth in advanced data science techniques.  
 
Conclusions  
The 43 awards address the OS-PCORTF strategic framework functionalities and the portfolio focus has evolved 
alongside the policy landscape, which prioritizes patient engagement in research and healthcare, enhanced 
interoperability, and data sharing.  
 
Implications 
We shared our findings with a panel of seven researcher and industry stakeholders who identified areas for future 
work. Panelists felt the PCORTF strategic framework has stood the test of time, is useful for defining PCOR data 
infrastructure needs, and that the portfolio has been responsive to a shifting policy landscape. Some framework 
refinements were recommended: add external factors that can influence the data sources, data infrastructure, and 
types of PCOR inquiries such as financial drivers; identify cross-cutting barriers that can impede progress in PCOR; 
emphasize data provenance as a component that influences data usability for research; and draw out the patient-
centered aspects more explicitly, including the role social risk factors play in patient health outcomes. They also 
recommended that ASPE identify metrics to facilitate portfolio-wide and award-specific assessments in the future. 
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Introduction 
Cancer is the second leading cause of death in the United States, with 235,380 deaths attributed to breast, cervical, 
colorectal, and lung cancers alone.1 Screening for these cancers can reduce cancer specific mortality, but only with 
timely and appropriate follow-up to abnormal cancer screening test results (“abnormal results”). Rates of follow-up 
are variable across cancer type, abnormality, and clinic, ranging from 95.6% for breast abnormalities to 44.8% for 
cervical abnormalities.2 We conduct the multi-level Follow-up of Cancer Screening (mFOCUS) trial (National Cancer 
Institute: U01CA225451, ClinicalTrials.gov: NCT03979495).We hypothesize that coordination of care facilitated 
through an electronic health record (EHR)-integrated health information technology (IT) system, and engagement at 
the levels of the care team and the individual, will serve to improve follow-up of abnormal results.   
  

Study Design and Methods 
mFOCUS is a four-arm clinic-level randomized controlled trial delivered through an EHR-integrated health IT system 
in 40 primary care practices. The arms compare usual care to sequentially increasing intensities of intervention (IT 
system alone, IT system + population management (PM), IT system + PM + patient navigation). The mFOCUS IT 
system consists of three main components: (1) Abnormal Result Detection, which uses natural language processing 
(NLP) to identify abnormal results from free-text reports. (2) Guideline-based Algorithms, developed in accordance 
with clinical guidelines and linking abnormalities to the appropriate diagnostic follow-up procedure codes and time 
interval. (3) Visit-based Reminders and Population Management Tools, including automated additions to a patient’s 
problem list, health maintenance alerts, and the creation of reports to facilitate population management when relevant. 
 

Preliminary Results and System Implementation 
The results of our validation of the natural language processing (NLP) component of the mFOCUS IT system are 
shown in Table 1. There are three assessments for the cervical cancer program, as there are three dimensions upon 
which the NLP is utilized to score free-text reports. Each NLP program achieved at least 99% accuracy.  
 

Table 1. NLP program performance by organ.   
Test sets (500 reports each) Accuracy Specificity Sensitivity Positive Predictive Value Negative Predictive Value 
Breast 1.000 1.000 1.000 1.000 1.000 
Lung 0.996 0.966 1.000 1.000 0.995 
Cervical- primary cytology 1.000 1.000 1.000 1.000 1.000 
Cervical- other cytology 0.998 0.990 1.000 1.000 0.998 
Cervical- HPV result 0.998 0.997 1.000 1.000 0.993 

 

The results above indicate that we have created a reliable method for extracting both normal and abnormal results 
from free-text breast, lung, and cervical cancer screening test reports. The mFOCUS trial will begin enrolling patients 
in August 2020 using these NLP programs and the remaining components of the mFOCUS IT system backbone.  
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Introduction 
One of the pillars of secondary analyses of clinical data is patient selection for electronic cohort development1, which 
often relies on Electronic Health Record (EHR) Diagnosis (DX) data. Institutional and systematic differences in 
coding design and implementation can affect the accuracy of structured DX data. For example, some EHR 
implementations provide the clinician with a list of multiple textual descriptions per DX code to facilitate search and 
selection, leading to inconsistent and inaccurate code assignment even after there is enough information in the EHR 
to make a correct selection.2,3 However, this additional information contained in DX descriptions may provide 
supplemental insight into disease processes once DX data entry methods are elucidated. We explored multiple ways 
of semi-automatically extracting information from DX descriptions. We hypothesized that it is possible to extract 
disease sub-process information from DX descriptions with 90%+ accuracy. We used DX descriptions for Type 1 or 
2 diabetes (i.e., ICD-10 diagnosis code, E10.* and E11.*) to categorize which ones reported uncontrolled diabetes. 
We chose to use diabetes DX data due to numerous sub-processes that may accompany this disease (e.g., controlled 
vs. uncontrolled levels, complex comorbidities) as well as its increasing prevalence and public health significance4.  

Methods 
After approval from Wake Forest University School of Medicine’s Institutional Review Board (IRB), we extracted all 
diabetes DX descriptions available for selection by clinicians at the time of DX entry. We processed descriptions using 
a multi-stage approach to identify those associated with uncontrolled diabetes and compared concepts identified by 
two methods. First, we used string matching techniques to identify the terms “uncontrolled”, “inadequately 
controlled”, “out of control”, “poorly controlled” or “hyperglycemia” according to past and current DX coding 
guidelines.5 Second, we extracted all medical concepts mentioned in these descriptions using NOBLE Coder, an NLP 
named entity recognition tool for biomedical text. We reviewed resulting concepts including the same terms cited for 
string matching. We compared concepts found via direct string matching and concept extraction., and calculated two-
rater Cohen’s Kappa to verify inter-rater reliability using the irr R package. Finally, clinician reviewed 10% of all 
possible diagnoses to estimate the accuracy of our uncontrolled diabetes DX detection methods.  

Results  
Our dataset contained for type 1 and type 2 diabetes. We found a similar number of DX descriptions returned (755 
and 715 for string matching and concept extraction, respectively). The percent agreement between the two methods 
was 99.3%. We also found that all concepts identified via concept extraction were contained in the set identified by 
string matching. Inter-rater reliability across methods was 0.977 (p<.0001), revealing high agreement between both 
approaches. The agreement between the clinician review was 98.1% and 97.1% for string matching and concept 
extraction, respectively; The inter-rater reliability rates were Kappa=0.931 (p<.0001) and Kappa=0.931 (p<.0001), 
respectively. The clinician review did not reveal any false negative results for either method.  

Conclusion 
We were able to semi-automatically detect uncontrolled diabetes DX with over 90% accuracy using text matching and 
concept extraction techniques. String matching provided the advantage of simplicity. Our findings provide preliminary 
evidence that information beyond a patient’s simple structured DX codes can be ascertained from EHR DX 
descriptions. The addition of this information may provide a more comprehensive view of a patients’ record and may 
lead to improved accuracy in secondary clinical data use. 
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This poster provides an overview of a three-day patient safety training workshop for health professionals seeking a 

career in health informatics within the Veterans Health Administration (VHA). The objective of the Informatics 

Patient Safety (IPS) Boot Camp is for trainees to learn and apply patient safety concepts to health informatics. Central 

to this training experience is recognizing the complexity of health information technology (IT) and that a true systems 

approach is needed to understand its impact on the safety and quality of care delivery. To this end, participants are 

immersed in topics covering (1) the VHA’s health IT patient safety infrastructure and the challenges confronting the 

field of health informatics at large, (2) principles of just culture, high reliability organizations, and high performing 

teams, (3) human factors, and (4) methods of proactive and retrospective risk assessment.  

We incorporated best practices from the science of training1 into the development, delivery, and evaluation of the boot 

camp. Specifically, we identified the knowledge, skills, and attitudes trainees that should be instilled in trainees, 

identified learning objectives, and generated training content targeting these areas. We also assessed the extent to 

which training objectives were achieved by applying Kirkpatrick’s model for training evaluation,2 focusing on levels 

1 and 2 (e.g., satisfaction and learning; Table 1).  

Table 1. Overview of trainee satisfaction and perceived degree of learning. Items were presented on a four-point scale 

with anchors of strongly disagree to strongly agree (Items 1-3) and no confidence at all to very confident (Items 4-5).  

Question Mean Results 

Year 1 (n=11) 

Mean Results 

Year 2 (n=8) 

1. Overall, I was satisfied with this learning activity. 3.64  3.88 

2. I will be able to apply the knowledge and skills learned to improve 

my job performance. 

3.55 3.38 

3. The scope of the learning activity was appropriate to my professional 

needs. 

3.45 3.5 

4. Confidence in ability to discuss learning objectives: Pre Boot Camp 

(averaged across all objectives) 

2.19 2.64 

5. Confidence in ability to discuss learning objectives: Post Boot Camp 

(averaged across all objectives) 

3.54 3.77 

Overall, the IPS Boot Camp has been well-received with reported improvements in perceived knowledge. As we 

continue to enhance the training experience, we will consider ways to facilitate and evaluate the extent to which course 

content transfers to the work environment (an area that corresponds to Kirkpatrick’s third level). We have also 

discussed ways to promote peer learning and mentorship post-training by dedicating time during the boot camp for 

previous boot camp trainees to share how they applied learning experiences on the job (e.g., participation on Root 

Cause Analysis and proactive risk assessment teams, use of human factors methods, and assertiveness skills). We will 

also develop measures to estimate the transfer of learning objectives to the work environment.  
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Introduction

Electronic consult (eConsult) systems1 allow primary care providers to send short messages to specialists requesting
advice. Reviewers in the specialist office determine whether to schedule the patient or to answer directly. We explore
natural language processing to examine the consistency of scheduling decisions, because inconsistent or unexplainable
decisions by reviewers make it less likely that these systems can work as intended to reduce specialist visits.

Figure 1: Distribution of scheduling
decisions for different reviewers.

Methods & Results

We use de-identified text data from 2008-2017 from the San Francisco De-
partment of Public Health, for which we examined one specialty (gastroen-
terology) with over 33,000 eConsults. There are four possible scheduling
decisions, “Initially Scheduled” (IS), “Not Scheduled” (NS), “Overbook”
(OB) and “Scheduled After Review” (SAR). We divided the data into train-
ing, development, and test splits for training classifiers. After tokenization
and tf-idf transformation, we trained an SVM with “bag-of-ngram” features
as the baseline model, with hyper-parameters selected by grid search. We
also fine-tune using BERT (base-uncased),2 which we would expect to cap-
ture more contextual information than SVM. Results are shown in Table 1a.

Table 1: Modeling Results
(a) F1 scores of SVM and BERT classifiers for predicting
scheduling decisions

IS NS OB SAR Ave.

SVM 0.64 0.46 0.54 0.17 0.45
BERT 0.62 0.48 0.54 0.21 0.46

(b) Macro F1 scores showing performance of BERT fine
tuned on one reviewer’s labels and tested on another.

R1 R2 R3 R4

R1 0.46 0.32 0.23 0.38
R2 0.29 0.43 0.23 0.34
R3 0.22 0.29 0.35 0.26
R4 0.31 0.35 0.24 0.47

Given the lower-than-expected performance, we examined differences
in reviewers. Figure 1 shows large differences in scheduling decisions
among the 4 most frequent reviewers. In order to investigate the con-
sistency of these scheduling decisions among different reviewers, we
also trained 4 reviewer-specific models. Table 1b shows the results
of each reviewer-specific model on text from other reviewers. Col-
umn headers indicate the reviewer used to train the model and rows
indicate test reviewer.

Conclusion

Within-reviewer results (diagonal of Table 1b) indicate that predict-
ing scheduling decisions from text alone is difficult. But we also saw
a large decrease in performance across reviewers, suggesting that re-
viewers behave very differently. Improving reviewer coordination may be a viable method for improving efficiency of
specialist referrals in health systems. In addition, a few specialty sites share EHR systems with PCPs, and at those sites
may use additional EHR information to make scheduling decisions, which might make prediction highly variable.
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Introduction 
This poster describes a method for corpus sampling to get a bird’s eye view of its structural characteristics. Traditional 
sampling efforts have been done using semantic, geographic, and demographic criteria to create datasets for Natural 
Language Processing (NLP) development. Our innovation is to ensure format diversity in the corpora we use to train 
NLP tools, to reduce errors caused by formatting. Clinical documents come in many shapes, sizes, and formats: single- 
vs double-spaced; one or two columns; structural elements including section headings, slots and values, lists, 
checkboxes, etc. Datasets that draw from records at the national level from multiple sources are replete with formats 
that differ from the datasets upon which clinical NLP systems were trained. The performance of necessary but 
mundane NLP preprocessing tasks, i.e. segmentation and sentence chunking, is sensitive to how documents are 
formatted1, 2.  

Data and Methods 
We have applied a method for quantifying dimensions of variance in the structure of documents within a corpus as a 
way to capture a bird’s eye view. We show our sampling method with a simple principal component analysis (PCA). 
We endeavored to create a structurally heterogeneous sample from Social Security claimant records. This work 
leveraged an existing pool of 13,147 claims drawn from a semantically and geographically balanced sample of cases. 
This amounted to 70,000 paper documents which were OCRed into 2.6 million text pages. We performed a series of 
PCAs on features we thought captured latent structural or formatting information. We plotted each of the pages based 
on the top two principal components, and described their characteristics along the meridian and equator of the plot. 

Results 
The shifts in the characteristics of the pages based on the plot location are clear. The 
PCA’s first component picked up features that involved the density or number of 
tokens in each page, with sparse double-spaced content on the left side of the meridian 
to full pages of dense single-spaced paragraphs to the right. The second component 
picked up characteristics of structured-ness, with pages only containing slots and 
values below the equator to pages that were just unlabeled paragraphs above it. The 
density plot has an angelfish shape. The centroid, where the vast majority of the pages 
are, is at the origin, i.e. around the gill area. These are not the pages of most interest. 
Our interest is to sample pages from all over the dense region. 

Discussion 
While the PCA plot is structurally categorizing pages, there is latent semantic information being captured. Lab and 
microbiology reports are uniform in use of slot:value and have word usage that only involves lab test names and 
values. Lab reports cluster at the bottom left of the PCA plot. Our goal is to refine our ability to identify and sample a 
heterogeneous set that leverages both structural and semantic features. Related work is being done to explore the 
semantic variability of the PCA-based ’s outputted sample. We used Latent Dirichlet Allocation (LDA) to identify 
page topics coupled with the top salient words for each topic. Domain experts were asked to suggest topic titles based 
on the observed work rankings, which facilitated a better understanding of the assignments of text in pages to topics. 
Examples of such topics are lab results, with numbers and keywords related to units and test names, and social history, 
with keywords related to age and substance abuse.  

Conclusion 
Our work is ongoing to curate text documents with as much diversity as possible. Such corpora are needed to validate 
and improve existing NLP tools to ensure they scale up and keep working when used nationally.  
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Introduction 

Meaningful, patient-centered use of the electronic medical record and other patient information management systems 
(e.g. REDCap) can be achieved by enabling patients ready access, in their own “workflows,” to information from or 
driven by their own data. CommunityRx is a community resource referral intervention that generates a personalized 
list of nearby community-based supports (“HealtheRx”) indicated for patients’ health and other characteristics. In two 
NIH-funded randomized controlled trials, CommunityRx-Caregiver and CommunityRx-Hunger, data for 984 
participants will be managed in a REDCap database. Both trials link caregivers (of people with dementia and 
hospitalized children, respectively), at the point of their own or their child’s healthcare, to health-promoting 
community resources. The intervention in these trials consists of caregiver education, delivery of the HealtheRx, and 
ongoing SMS text-based support from a community resource navigator. The HealtheRx component, generated from 
the NowPow platform, uses evidence-based condition algorithms driven by participant address and demographic data 
such as insurance and age. The resource navigator component uses the SMS platform Mosio to automatically send 
text messages. We describe integration of a REDCap database used for clinical trial data collection with NowPow and 
Mosio for intervention delivery and text messages to study participants.  

Methods and Results 

For the text message portion of the intervention, Mosio uses the REDCap API to call relevant participant data from 
REDCap. When specific data entry elements are complete, participants receive pre-scheduled text messages. We 
delivered 95 text messages to pre-test participants. For the HealtheRx, we built a custom middleware to send key data 
fields. The middleware consists of a RESTful web service implemented in C# for the .NET Core platform and 
leverages the REDCap Data Entry Trigger feature: insert or update of a patient record results in real-time notification 
to the web-based middleware. The middleware web service consists of two .NET Core assemblies, the .NET Core 
Web API assembly that implements the public-facing RESTful web service, and an internal class library that 
encapsulates the core processing logic to represent, manipulate, send and receive the necessary data programmatically. 
Within the core processing library are two separate modules, one for data received from REDCap and another for data 
that must be sent to the NowPow web service. Upon receipt of the notification, the middleware retrieves details of the 
record from REDCap, performs translation of field values as necessary for compatibility with NowPow (e.g. 
insurance), and then sends a suitably formatted record on to NowPow’s web-based API. Once the full set of patient 
information has been received from REDCap, a compatible JSON-encoded record is created and sent to the NowPow 
web service. Figure 1 depicts the data workflow. Twenty HealtheRxs were delivered to pre-test participants using this 
middleware. 

 

Figure 1. High-level solution architecture 

Conclusion 

Integration of the REDCap data collection platform with study intervention platforms was successful. Efficient and 
systematic delivery of intervention materials is integral to adoption of effective interventions into clinical practice.

Researcher 

1744



Using Manual Labels to Enhance Natural Language Processing-Based Topic
Discovery and Classification of Patient Concerns

Adam G. D’Souza, PhD1,2, Zilong Zhang, MEng1, Paul Fairie, PhD1, Tara Walsh, BA2,
Hude Quan, MD PhD1, Quan Long, PhD1, Maria J. Santana, PhD1

1University of Calgary, Calgary, AB, Canada; 2Alberta Health Services, AB, Canada

Objective

This study proposes a guided Latent Dirichlet Allocation (LDA) method for modeling topics in patient concerns.

Materials and Methods

76,163 patient concerns were received and categorized into one of four categories by Alberta Health Services between
2011 and 2018. We used a novel guided LDA method incorporating existing category labels to identify topics, inspired
by previous work1. Multinomial logistic regression was used to identify informative words, to create four dummy
documents, one per category. Several LDA models were used to identify novel topics and cross-validated against these
documents, with the final model selected by minimizing a custom loss function encouraging narrow topic distributions
and penalizing topic overlap (Figure 1). The topics were compared to those from existing LDA optimization methods2.

Figure 1: Analytical pipeline for topic modeling of patient concerns with existing manual labels.

Results

The most frequent topics were communication issues causing delays (10.58% of the corpus) and community care for
elderly patients (8.82%), with many concerns categorized into multiple topics. Some were more specific versions of
existing manual framework topics (e.g. communication issues), while others were novel (e.g. smoking).

Discussion

The LDA topics are more detailed than the manual labels, and compared favourably to topics from existing LDA op-
timization methods. Our method can also detect emerging concerns by identifying documents that cannot be strongly
classified into one existing topic. These results are of significance to hospital and health system administration.

Conclusions

Our findings outline the range of experiences patients share with health systems, and our methodology can be used to
leverage existing manual labels to implement a topic classification framework.
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Introduction 

The HL7 Fast Healthcare Interoperability Resources® (FHIR®) specification enables standardized healthcare data 
exchange. FHIR includes a “Questionnaire Resource” to define the content and organization of data collection forms.1 
This resource represents a portable, platform-agnostic method of transferring forms between software and among 
organizations. REDCap, a web-based data collection application designed for clinical research and currently in use by 
over 4,000 organizations worldwide,2 has a centralized open-source repository of curated External Modules created 
and shared by the larger REDCap community (REDCap Repo). In January 2020, we identified the need to share survey 
metadata for implementation in non-REDCap platforms. This created an opportunity to test the FHIR Questionnaire 
Resource for representing concepts commonly seen in survey collection software. We present our experience creating 
an External Module to extract and package FHIR Questionnaire Resource information for sharing across systems.   

Methods 

We reviewed metadata commonly used to describe survey data elements in REDCap (e.g. field names, labels), 
presentation descriptors (e.g. free text, checkboxes, dropdown fields, images, default values), and field validation 
descriptors (e.g. format, range checks). We mapped each descriptor to the FHIR Questionnaire Resource where 
possible and built a REDCap External Module to translate REDCap forms to FHIR, using an extensible design 
approach to allow inclusion of additional survey data descriptor and presentation elements with software updates.  

Results 

The new FHIR Services module can be downloaded through the REDCap Repo. The module supports exporting 
REDCap forms as JSON-formatted FHIR questionnaires, importing of JSON-formatted FHIR questionnaires, and 
partial export of data formatted in the "QuestionnaireResponse" FHIR format. Documentation is provided through the 
Repo-linked GitHub repository, along with a sample REDCap data dictionary and FHIR Questionnaire resource to 
demonstrate mapping of different field types (https://github.com/vanderbilt-redcap/fhir-services-module). 

Discussion 

The new module allows REDCap surveys to be successfully exported as FHIR Questionnaire resources, which can 
then be imported by tools that render FHIR forms, such as the National Library of Medicine’s LHC-Forms widget.3 
In general, we found that data representation was easier to model than presentation layer descriptors. We are currently 
adding functionality such as branching logic, custom data format validation, and questionnaire versioning while 
exploring alternate methods of translating REDCap checkboxes to the FHIR questionnaire format to improve the 
resulting data structure and linking REDCap’s ontology system to external FHIR code sets. This module can be useful 
for sharing forms among REDCap installations and other FHIR-enabled data collection platforms. 

Conclusion 

We have successfully built a transformation mapping and rendering tool enabling REDCap surveys to be described 
using FHIR Questionnaire Domain specifications. Our model for assessment of feature requirements and phased 
implementation of the FHIR Questionnaire Domain should prove valuable to other software developers.  

Funding: This work is supported by NIH/NLM contract #75N97019P00279. The content is solely the responsibility 
of the authors and does not necessarily represent the official views of the National Institutes of Health. 
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Pediatric patients with chronic health conditions often have to spend a lot of time in the hospital, which in turn can 

impact different aspects of their childhood experiences. Woodgate et al.4 studied the perspectives of adolescents going 

through cancer and how they maintain social support throughout their treatment, while Liu et al.3 explored 

understanding the concept of “normalcy” for pediatric patients with long-term illnesses. These populations  have to 

adapt to hospitalized life vastly different from their previous “normal”, which in turn can cause anxiety and depression. 

Different social interaction therapies have been shown to help treat anxiety and depression2, while restoring social 

normalcy for pediatric hospital patients. We propose that since social interaction therapies have shown success within 

hospitals as well as VR experiences are increasingly being used by Child Life departments to improve quality of life 

within hospitals, that social VR spaces could also offer social outlets for play and normalcy and provide therapeutic 

experiences for patients in pediatric wards.  

We collaborated with the Digital Youth Lab’s KidsTeam UW1 at the University of Washington, a co-design workshop 

where children between the ages of 7- 12 can co-design alongside industry professionals and researchers to hone 

design skills. We conducted two co-design workshops with KidsTeam UW to see a) how social VR spaces could 

potentially promote sociability and normalcy for children in hospital settings and b) the ability for pediatric patients 

to network with their family and other children outside of the hospital.  

The co-design sessions breakdown included: Check-In and Snack Time, Circle Time, VR Demo, Design Time 

(Brainstorm, Feedback, and Create), and Discussion Time5. In our initial analysis of the KidsTeam UW data we 

extracted several themes, which included: exploration, control schemes, distraction, play, escape, and emotional 
display. Based off of themes extracted from the KidsTeam UW data as well as our initial literature review into the 

space, we developed two initial design recommendations: 1) the VR system should promote meaningful social 

interactions between both the patient and other patients as well as the patient and their family and 2) one of the most 

important roles of the VR system should be to provide a space for escape and distraction for the patients while at the 

hospital to promote a better sense of normalcy. For our next steps we are planning on having our second wave of 

design workshops at Seattle Children’s Hospital kidney dialysis unit working alongside one of their MDs as well as 

their Child Life facilitators. We envision that this research can later inform both designers within the social VR space 

and more importantly how these types of social VR systems can be better and more regularly incorporated into hospital 

settings for pediatric patients to help promote social interactions, normalcy, and reduce anxiety.  
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Introduction 
MHealth interventions have the potential for combating obesity and overweight among adolescents and might thus 
be a fruitful complement to the existing health management programs. While in-person interventions can be helpful 
in terms of short-term changes in health and health behaviors, mHealth intervention can sustain the effect of such 
behavioral change by filling in the time and distance gaps between or after in-person encounters. However, the 
extent to which the intended benefits of mHealth interventions can be fully realized is constrained by the limited use 
of them. Therefore, it is unlikely in many mHealth instances that the full intended benefits (e.g., improved health 
outcomes) of mHealth can be realized through very short-term uses of the applications. It is not completely clear 
why the use of such mHealth tools tapers. Virtual presence, a psychological state in which virtual objects are 
perceived as actual, can be a crucial factor leading to engagement with mHealth. This study focuses on exploring 
different forms of virtual presence (self-presence, telepresence, social presence, co-presence, extended presence, and 
hyper presence1) that could potentially sustain the user’s engagement with mHealth. 
 

Methods 

We explore the various forms of presence through qualitative methods (focus groups and usability testing) with 

adolescents attending a healthy behavior summer camp program noted to benefit overweight and obese adolescents. 

The focus groups and usability testing captured reactions to screen mockups (derived from user-driven design) and 

the general concept of using mHealth applications with no actual use of the technology.2,3 We analyzed the 

qualitative data by using grounded theory techniques (open, axial, and selective coding). First, we broke data down 

analytically and discerned which sections of transcripts were direct or tangent to the understanding of virtual 

presence. Second, we analyzed relevant coding structures by applying selective and axial coding to develop a set of 

concepts related to the phenomenon of interest.  
                                                                                                                                   Figure 1: Self-presence and avatar features                                          
Results 

Figure 1 summarizes findings regarding avatar functionalities 

and design features that could facilitate self-presence (an 

illusion that one’s virtual representation is oneself) through 

avatar use. Adolescents’ responses revealed avatar features that 

align with three layers of self-presence (proto, core, and 

extended), which correspond to body, emotion, and identity 

levels.  

 

Discussion 

Our results indicate that users want to connect with their avatars 

on physical (body), psychological (emotions), and identity 

levels. Our findings have implications for behavioral change (in 

terms of Proteus effect) and software design.  

 

Conclusion 

Our study leverages the concept of presence to inform the design of mHealth interventions which can be particularly 

relevant to the development and research of digital consumer tools intended for long-term engagement. By 

incorporating the concept of virtual presence in the design of mHealth, we can create a personal connection between 

users and technology on the body, emotion, and identity levels, thereby enhancing obese and overweight users’ 

engagement with technology and improving health behavior outcomes.   
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Problem: Balancing the imperative of protecting patient privacy while making data available for research is a 
perennial problem facing healthcare institutions. In addition, an even higher emphasis is placed on patient privacy 
when dealing with stigmatized diseases such as Human Immunodeficiency Virus (HIV). However, access to such data 
helps advance disease and public health research into the causes, treatment, and co-morbidities that influence disease 
and the cascades of care. 
     Despite the benefits of data access across institutions, siloing remains a consistent issue.  Data collected in 
electronic health record systems (EHRs), despite not being collected for research, can be a valuable tool for public 
health and clinical research; however, navigating inter-institutional administrative structures to access datasets places 
a significant burden on researchers and hinders innovation in the development of interventions and strategies for public 
good. 
     Therefore, we are developing the HIV Disease Registry (HIV-Reg) in conjunction with Grady Healthcare System 
(GH), The Atlanta Veterans Affairs Medical Center (VA) and Emory Healthcare (EHC) to address the needs of HIV 
researchers both in Atlanta and across the United States. 
Motivation: Atlanta, Georgia claims several prominent public health institutions, including the United States Centers 
for Disease Control and Prevention, a top-ranked school of public health, and many health-related non-governmental 
organizations. This metropolitan area consistently ranks in the top ten for HIV infection rates in the U.S.1.  As of 2017, 
approximately 38,000 people living in Atlanta are HIV positive, 70.4% of which are black and 82% are male1. One-
third of new HIV diagnoses in the Atlanta metropolitan area have AIDS1. Atlanta is home to the largest HIV treatment 
center in the United States, the Infectious Diseases Clinic at Ponce de Leon (IDP), a Ryan White-funded clinic 
affiliated with an urban county hospital, the Grady Health System (GHS), and one of the largest VA hospitals in the 
nation. In addition, EHC operates over 500 clinics and 6 hospitals spread across two states. 
Methods: The HIV-Reg will include data from the Cerner EHR at EHC, Epic at GH, and VistA/CPRS at the VA, 
each with distinct data models and terminologies. The project will harmonize data from each institution to the 
Observational Medical Outcomes Partnership (OMOP) common data model (CDM) version 6.02 into a central 
database hosted at Grady. A repeatable patient matching and deduplication procedure will control for probable patient 
overlap between healthcare sites. Routine health care data such as laboratory reports, medical visits, diagnoses, and 
medications will be mapped to standard vocabularies, and through an extract, transform, and load (ETL) process, 
converted into the OMOP CDM. A unified data request process will allow researchers to access de-identified or 
limited datasets from any of these institutions while ensuring compliance with each institution’s policies.  
Results: The current system contains records of approximately 17,000 patients from GHS, loaded during phase one 
of development (2018-2019) of the registry. A data request process allows researchers to access de-identified or 
limited datasets from GHS. The HIV-Reg is partially funded through recharge. Since 2018, we have received 26 data 
requests, and research is currently being performed using the system. Development of the OMOP ETL process is 
underway. In June of 2020, all data from the VA will be loaded and reconciled for duplicate entries using both 
deterministic and probabilistic reconciliation. For the 2020-2021 fiscal year we plan to load and reconcile EHC data 
and implement the ATLAS interface. 
Conclusion: The existing implementation provides an impressive sample of demographics, social economic status, 
and geographic regions that has already had substantial research impact. The completed system is anticipated to 
provide an even more comprehensive sample of the population for study. 
Acknowledgments: This work was funded in part by the NIH-supported Emory Center for AIDS Research 
(P30AI050409) and the National Center for Advancing Translational Sciences of the National Institutes of Health 
under Award number UL1TR002378. 
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Introduction 

Race and ethnicity data is essential for addressing health disparities and required for clinical research1, 2. However, in 
electronic health records this data is complicated by the high number of racial and ethnic groups, sensitivities around 
reporting this data, and the importance of collecting multiracial data2. This makes extracting such data from an EHR 
in a standardized and consistent manner difficult. In a health information exchange (HIE), this issue is compounded 
by the numerous healthcare institutions sending in data. A single patient in a HIE may have incongruous race and 
ethnicity values from multiple hospitals as a result. Therefore, a standard algorithm was developed to extract race and 
ethnicity data from a regional HIE.  

Methods 

First, all available coded race and ethnicity data in the HIE was manually reviewed and grouped per Office of 
Management and Budget standards4. To address historical changes in Asian and Pacific Islander categorization, an 
overall “Asian/Pacific Islander” category was created, with sub-categories of “Asian,” “Native Hawaiian or Other 
Pacific Islander” and “Unknown.” Second, the resultant codebook was utilized within a rules-based query to extract, 
classify, and consolidate patient race and ethnicity as follows: Ethnicity data that was mistakenly coded as race data 
was identified and separated and vice versa. Evidence of multiracial data was prioritized due to the specific data 
structure of the HIE. Next, the mode of the remaining race and ethnicity data was taken and multimodal patients were 
classified as “Other/Unknown.” The final output was a flat file with a unique patient identifier, race, race sub-category, 
ethnicity, and the date of the pull. Finally, the new algorithm was applied to a cohort of patients with previously 
extracted demographic data from 98 different institutions and the results were compared.  

Results 
Table 1. Comparison of race and ethnicity patient counts across original data and implemented standard algorithm.  

Data Element Category Original Count New Algorithm Count Percent Change 
 
 
 

Race 

WHITE 59,222 (74.58%) 59,116 (74.44%) -0.18% 
BLACK OR AFRICAN AMERICAN 9869 (12.43%) 9924 (12.50%) +0.56% 

OTHER/UNKNOWN 9492 (11.95%) 9034 (11.38%) -4.83% 
ASIAN/PACIFIC ISLANDER 677 (0.85%) 943 (1.19%) +39.29% 

MULTIRACIAL 118 (0.15%) 354 (0.45%) +200.00% 
AMERICAN INDIAN OR ALASKA 

NATIVE 
32 (0.04%) 39 (0.05%) +21.88% 

 
Ethnicity 

NOT HISPANIC OR LATINO 49,167 (61.92%) 49,082 (61.81%) -0.17% 
OTHER/UNKNOWN 28,725 (36.17%) 28,563 (35.97%) -0.56% 

HISPANIC OR LATINO 1,518 (1.91%) 1,765 (2.22%) +16.27% 

The algorithm successfully standardized and reduced the number of outputs for race and ethnicity data. Separating 
race and ethnicity data into two discrete data points also allows for more granular patient-level analysis. As seen in 
Table 1, the algorithm reduced the number of Other/Unknown patients and increased the number of Hispanic or Latino, 
Black or African American, Asian/Pacific Islander, Multiracial, and American Indian or Alaska Native patients.  

Conclusion 

Implementing a standardized approach to extracting race and ethnicity data from a HIE will ensure that this data is 
extracted in a consistent manner and has implications for the reliability of clinical studies utilizing such data.  
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Introduction 
Deep learning NLP has rapidly evolved, achieving high accuracy in various biomedical NLP tasks. A specific application of 
interest is to answer patient-specific questions by locating relevant excerpts within his/her clinical notes (the evidence text). 
Our previous work showed the state-of-the-art BERT language model to be promising in medical question-answering (QA)1 
but also revealed patterns that suggested the model only leveraged shallow language cues. Inspired by recent studies that applied 
adversarial test examples to expose model weakness, we sought to further understand BERT’s behavior on the same QA dataset 
through designing several types of linguistic variation in the evidence text to perturb BERT by “controlled confounding”.  

Methods 
A domain expert (MYE) curated 50 out of 200 random QAs that our best-tuned BERT model answered correctly, and double-
checked the correctness of the gold answer. The 50 QAs were then evenly assigned among the authors, who manually crafted 
at least one test instance for each type of linguistic variation. We also programmatically generated typos in the questioned 
concept terms as another perturbation. The perturbing operations are elaborated as follows: 

• Insert/delete– adding distractive text or removing informative text near the answer while preserving the meaning 
• Negation– negation words added near the answer but without changing the meaning 
• Synonym– replacing a term in or near the answer by its synonym (e.g., abbreviation versus full form) 
• Syntactic– structurally paraphrasing the answer sentence without changing the meaning 
• Typo– automated one-letter insertion, deletion, substitution (e.g., neighboring letters) to simulate common typos 

The BERT model was used again to answer the same questions, albeit based on the perturbed evidence text. For evaluation, 
we calculated how the accuracy dropped under each perturbing scenario. 

Results & Discussion 
The f1 in Figure indicates accuracy measured by allowing partial match. On average synonym perturbation hurt accuracy most, 
down to ~0.3, while the other perturbing approaches dragged the accuracy down to around 0.5~0.7. The sharp detriment by 
synonym substitution was unexpected, since deep language models are generally thought to be robust in handling synonymous 
expressions. The wide variance of perturbing effects implies limited consistency among the four authors, which has to be 
addressed before carrying out a larger study. Future enhancements will include visualizing BERT intermediate decisions. 

 
Figure. Decline of accuracy after applying each type of perturbation in the evidence text 
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Introduction. Monitoring devices and similar apps that record patient health information and provide feedback may 

improve self-monitoring and generate standardized data that patients can share with their care team members.1 We 
describe patient use of monitoring devices and related apps to collect and share health information with providers. 
 

Methods. The current analysis comprises longitudinal survey data collected as part of an ongoing Veterans Affairs 
(VA) quality improvement initiative over the last year from a national sample of US military Veterans (referred to as 
the Veterans Engagement with Technology Collaborative (VET-C)). Survey questions asked about Veteran 

demographics, use of apps or devices to collect health measures, and sending health information to their VA 
healthcare team members. Demographics and use of devices were examined using descriptive statistics. 

Associations between Veteran characteristics and device use were examined using chi-square tests.   
 
Results. Currently, 1,239 Veterans have provided complete data on the variables in our analysis. Of these 

respondents, 66.2% indicated that they used a device or app to collect health measures, and 35.1% reported using a  
device to measure and send health information to their VA healthcare team; of those who reported not using a device 
for this purpose, 67.3% indicated that they would be interested in doing so. The most commonly used devices were 

blood pressure cuffs (50.4%), glucometers (23.7%), and smart watches/Fitbits (15.5%). Among Veterans who did 
(vs. did not) report using an app or device to collect measures of their health and using a  device to measure and send 

health information to their VA healthcare team, respectively, a  greater proportion were male (87.1% vs. 81.2%, 
p<0.01; 93.3% vs. 80.6%, p<0.001) and over the age of 65 (58.8% vs. 43.4%, p<0.01; 64.1% vs. 47.9%, p<0.001).  
 

Conclusions. While limited by sample representativeness and potential for confounding effects, our results suggest 
that use of monitoring devices and related apps to collect and share health measures is prevalent among US military 
Veterans, and most who do not currently use such devices may be interested in doing so. Veterans, many of whom 

are confronted with complex healthcare needs, could realize significant benefits from such technologies. Future 
studies should examine how and when information from such devices is shared with clinical team members.  
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Learning Objective(s). After participating in this session, the learner will be able to describe the use of monitoring 
devices and similar to collect and share health information among US military Veterans and understand differences 

in use by key demographic characteristics. 

1752



Removing barriers to clinical text processing with MedSpaCy

Hannah Eyre, MS1,2, Olga V Patterson, PhD1,2, Jianlin Shi, PhD2, Kelly S Peterson, MS1,2,
Alec B Chapman, MS1,2, Patrick R Alba, MS1,2, Scott L DuVall, PhD1,2

1VA Salt Lake City Health Care System; 2University of Utah, Salt Lake City, UT, USA

Abstract To answer the need for a clinical text processing toolkit in Python, we developed a SpaCy-based library
of core clinical text processing components, called MedSpaCy. Our toolkit includes several core components and
facilitates rapid development of pipelines for clinical text.

Objective
Retrospective clinical research often relies on data extracted from electronic medical record systems using clinical
natural language processing (cNLP). Despite a wide range of existing solutions, code reuse is limited because new
projects face the labor-intensive task of connecting isolated modules into cohesive cNLP pipelines. Systems such as
cTAKES and CLAMP have gained popularity because they offer a great starting point by providing modules for a
broad range of use cases. However, many systems primarily target rule-based NLP and are limited in their ability to
integrate custom machine learning (ML) models when building pipelines.
In recent years, Python has become the primary programming language for data science with many open-source, state-
of-the-art packages available for ML, NLP, and other tasks. SpaCy† is an open-source Python library that provides a
robust architecture for building and sharing custom, high-performance NLP pipelines. We aim to expand and dissem-
inate open-source, interoperable, robust, and extensible clinical language models and text processing modules based
on SpaCy for a variety of cNLP tasks. By utilizing SpaCy’s clear and easy-to-use conventions, we created cNLP
toolkit, enabling development of custom pipelines that can combine rule-based and ML processing. Relying on SpaCy
architecture, MedSpacy pipelines can integrate any SpaCy-based modules and may include other modules trained in
related domains such as biomedical literature (e.g. SciSpacy1). Expanded user support and clear documentation will
serve as a demonstration of solutions for common clinical use cases.

System design
MedSpacy‡ is an extensible toolkit that includes core components of frequently employed cNLP algorithms - a sen-
tence splitter2, concept mapper3, and context classifier4. Each individual component has been modified from their
original implementation to utilize the SpaCy framework and packaged as a downloadable language model. Work is
underway to distribute models that would target specific use cases, such as chief complaint analysis, adverse drug
event identification, and smoking status classification. Future work will also include expanding the core component
selection, including building a shareable word embedding model trained on a large set of clinical notes.

Conclusion
By improving the accessibility to high-performance NLP solutions optimized for clinical language, we aim to improve
the productivity of cNLP development and reduce development burden for smaller research groups. Unlocking new
data elements through clinical information extraction will enable researchers to find answers to questions previously
inaccessible for investigation.
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Objective: To assess the utility of a visual analytics dashboard (VAD) in addition to electronic health record 

(EHR) in managing hypertension in a primary care setting. 

Methods: This was a quality improvement study which tasked primary care physicians with performing two 

simulated patient encounters for HTN management: the first using standard EHR, and the second using EHR 

paired with a VAD.  

Results: Use of the dashboard was associated with greater adherence to prescribing guidelines (95% vs. 62%, 

p<0.001) and more correct identification of BP target (95% vs. 57%, p<0.01). Total encounter time fell an 

average of 121 seconds (95% CI 69 – 157 seconds, p<0.001) in encounters that used the dashboard combined 

with the EHR.  

Conclusions: The integration of a hypertension-specific visual analytics dashboard with EHR demonstrates the 

potential to reduce time and improve hypertension guideline implementation. Further widespread testing in 

clinical practice is warranted.  

 

 

 

 

 

 

 

 

 

 

Figure 1: visual analytics dashboard prototype Figure2: visual support device provided to subjects 
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Introduction: Clinical research teams routinely depend on electronic health records (EHR) to identify patients who meet the eligibility 
criteria for an interventional trial.1 However, the accuracy of this pre-screening process is limited by the incompleteness of EHR data.2 
Given this limitation, the authors recognized the need for a “probabilistic” approach to EHR interpretation. To begin developing this 
approach in the service of a real-world application, the authors asked the following: What is the probability that a patient whose EHR 
includes targeted breast cancer (BC) medications or surgical procedures, but does not include an ICD-10 code for BC diagnosis, has in 
fact had BC? Patients with a high probability may represent candidates for a BC study; candidates who would otherwise get overlooked 
through a diagnosis-based search of their EHR. Since patients with only one BC diagnosis are often removed from eligible patients, 
authors also asked if this probabilistic approach could identify patients with only one ICD-10 BC diagnosis in their EHR, who are likely 
to have breast cancer. 
 
Methods: The authors utilized TriNetX, a global federated health research network, to retrieve records from 39,115 females aged 55 to 
60 from a database of 38.4 Million patients. The records belonged to one of two classes: “true positive for BC”, defined as records 
containing at least two instances of the ICD-10 code C50.x separated by one month or more (n=22,611); or “true negative for BC”, 
defined as those containing no instance of C50.x but at least two instances of a code unrelated to breast neoplasms (Atherosclerotic heart 
disease), also separated by a month or more (n=16,504). The authors then built a model from dependent variables selected for their 
frequency within the true positive cohort as compared to true negative. These variables included the presence of ICD-10 codes for BC 
medications (tamoxifen, anastrozole, etc.), BC surgical procedures and BC biopsies.  
 
Results: The model had an AUC of 0.83 and 83% accuracy at a cutoff of ≥ 0.8. The authors applied this model to a data set containing 
patients without a C50.x in their record but with codes for BC medications or procedures (n=28,462). As Figure 1 shows, 9,475 (33.3%) 
were likely to have been diagnosed with breast cancer. When applied to the dataset containing patients with exactly one instance of 
C50.x in their record (n=11,721), the model predicted breast cancer in 2,387 patients (20.4%).  
 

 
Figure 1. Distribution of 60,814 patients with possible breast cancer 

 
Conclusion: When sourcing study candidates from EHR, researchers may undercount the number of eligible patients by as many as 
50% when using two BC codes as the sole stand-in for a true BC diagnosis. In addition to searching for diagnostic codes, these 
researchers might consider querying for patients whose record contains one or more BC medications or surgical procedures for breast 
cancer, as a proxy for the C50.x code. At the same time, while researchers are justified in their skepticism of records containing only 
one BC code, applying the author’s model may help them identify the fraction who are “true positives for BC.” Further research—
including, perhaps, in-depth chart review—is required before either of these recommendations could be considered a recruitment best 
practice. 
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Introduction 

ROBOKOP 1 is an open Knowledge Graph (KG)–based application that allows users to ask questions such as: what 

is the biological mechanism that explains why imatinib is effective in the treatment of asthma? The ROBOKOP 

application 1 answers questions of this type by querying its underlying KG 2 to find subgraphs relevant to the user’s 

question, rank them by the strength of their literature support, and display these putative answers for further 

examination. The ROBOKOP KG 2 currently contains over 6M nodes and 140M edges, with nodes representing 

biological entities such as genes, chemical substances, biological processes, and phenotypes, and edges representing 

predicates or relationships between nodes such as ‘causes’, ‘is associated with’, or ‘decreases expression of’. 

ROBOKOP KG presently incorporates relationships from ~30 biological data sources and bio-ontologies, including 

KEGG, CTD, Monarch Disease Ontology, and Gene Ontology. We explored the use of ROBOKOP to facilitate 

expert review and suggest possible mechanistic explanations for observed associations between environmental 

exposures and immune-mediated diseases such as asthma, multiple sclerosis, and allergic disease. 

Methods 

The NIEHS Environmental Polymorphisms Registry (EPR) is a ~20-year study of nearly 20,000 participants that 

aims to better understand interactions between environmental exposures and genetic determinants of health and 

disease through rich survey data and biological measures. As part of the broader effort, EPR investigators have been 

exploring the impact of environmental exposures on immune-mediated diseases. This work has yielded a variety of 

unexpected, but statistically significant, associations such as chlorine bleach exposure and asthma. However, these 

associations are purely statistical; validation of the associations and creation of hypothetical mechanisms to explain 

them requires a deep understanding of biological, chemical, and environmental mechanisms and interrelationships. 

We investigated the use of ROBOKOP to (1) validate the observed associations by demonstrating connections 

between chemical substance nodes and disease nodes in the KG and (2) suggest hypotheses that might explain the 

associations and could be tested in the laboratory or by computational modeling. We highlight one example here. 

Results 

We demonstrate that even simple KG queries are able to provide relevant information on observed associations 

between environmental exposures and immune-mediated diseases. For instance, ROBOKOP found a connection 

between chlorine bleach and asthma in the KG and identified the ESR2 gene as a potential mediator for the observed 

association, perhaps by contributing to corticosteroid resistance —an assertion that was supported by several recent 

publications. Additional associations that were explored and will be described include: ammonia – asthma; carbon 

monoxide – multiple sclerosis; radiation – thyroid disease (not cancer); and isopropanol – allergic disease. 

Conclusion 

ROBOKOP can be applied to provide experts with suggestions as to genes and other biological mechanisms that 

may mediate observed associations between exposures and disease, along with literature support for these assertions, 

thus facilitating expert review and choice of candidates for subsequent laboratory testing or computational modeling. 
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Introduction. Academic activity is usually documented in the form of a curriculum vitae that is manually 

updated by individuals and shared in the form of a computer file. This is a convenient way to find completed 

academic information pertinent to individual persons, however a systematic search of information from a group 

of academic clinicians is not possible. Furthermore, work-in-progress cannot be gleaned with this method. 

Multiple public systems are available online for scraping, aggregating and presenting in a searchable format such 

information. The most notable limitations are accuracy and using only public information that restrict using such 

systems inside an organizational firewall. Information from internal resources about approved research protocols, 

non-government funding, quality improvement projects are not available in such systems. 

To address these challenges, we designed, developed and tested an automated system that overcomes these 

weaknesses and also allows for internal communication within a large academic department of anesthesiology. 

Methods. The Mayo Clinic operating room (OR) DataMart database was used as a primary data source to track 

professional and academic paths for department personnel with whom aggregated data were associated. 

Scheduled batches of Python scripts with SQL procedures were used as query engine against multiple public and 

internal databases. Entrez PubMed was used as main library to obtain PubMed data. To improve users’ search 

experience, we extracted UMLS concepts with word sense disambiguation across all types of documents and 

articles using NLTK and Java API of MetaMap.  

The schematics of system are showing figure 1. 

 

Web front-end was implemented on Tomcat web server and written on Lucee dialect of CFML to build HTML 

and JavaScript. 

Results. Resulted system was deployed inside hospital firewall.  It included information from 378 individuals 

from the Department of Anesthesiology and Perioperative Medicine at Mayo Clinic, Rochester, Minnesota. By 

February 2020, the system pulled and processed data from approximately 2,894 scientific peer-reviewed 

publications, 515 grants, 3,070 IRB and 310 animal protocols. Other functionality includes semantic search and 

a bulletin board system for collaborators’ announcements. Usability study is currently underway. 

Conclusion. We developed automated system for real time ongoing aggregation of academic activity in a large 

academic clinical department. This tool, termed the “Anesthesiology Investigation Manager” (AIM) helps 

students and young faculty members find mentors and collaborators for research projects and is useful for 

summarizing and displaying academic performance of faculty. 
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Introduction 

Screening a patient for a clinical oncology trial requires an estimated 3 – 9 hours of personnel time1. We aim to develop 

a clinical trial matching application, named VICTOR-E, currently in prototype, to improve VA screening efficiency.  

Here, we present our preliminary phenotype definitions and associated evaluation.  Once refined, they will inform the 

creation of structured, interoperable trial criteria by NCI.   

Methods 

In collaboration with NCI domain experts, we identified the following inclusion/exclusion criteria as having high 

impact on patient eligibility: diagnosis, stage, subtype, performance status (ECOG) and prior therapy. Diagnosis was 

determined by the presence of at least one lung cancer-related International Classification of Disease (ICD) version 9 

or 10 diagnosis code.  Based upon patterns curated from pathology notes, natural language processing algorithms were 

developed to extract subtype, stage and performance status from clinical notes. Prior therapy was identified from 

relevant electronic health record orders and mapped to an internally developed ontology. Trial inclusion/exclusion 

criteria were abstracted and stored within the application. We then applied our phenotyping algorithms to patient data 

from two VA healthcare systems.  We also extracted all cancer patients at the same VA facilities with records 

accessioned in the VA Central Cancer Registry (VACCR) from January 01, 2016 to January 01, 2017 as a validation 

cohort.    

Results 

For one trial requiring non-small cell lung cancer (stage IB, II or IIIA), an ECOG < 2 and no prior systemic 

chemotherapy in the past five years, 854 patients in the study cohort were identified. The prototype application 

determined that the proportions of potentially eligible, likely ineligible and indeterminant patients were 0.32, 0.54 and 

0.14, respectively.  The diagnosis definition achieves a sensitivity of 0.86 and a specificity of 0.67.  By comparing our 

preliminary ECOG at diagnosis algorithm to VACCR data, the proportion of patients correctly classified is 0.74.  The 

proportions of misclassified patients by differences of 1, 2 or 3 ECOG units are 0.19, 0.06 and 0.01, respectively. 

Iterative development, evaluation, user interface development and standardization are ongoing.  Validation by medical 

screening staff is planned.   

Conclusion 

To address the challenges of opening and enrolling patients in cancer trials, the VA established a partnership with the 

NCI through the NAVIGATE (NCI And VA Interagency Group to Accelerate Trials Enrollment) program to improve 

processes and coordination.  With VICTOR-E we are improving the screening process and progress towards standards 

for computable inclusion and exclusion criteria. 
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Introduction    

Genomic analysis of rare diseases is often complicated by imbalanced datasets and complex association patterns that 

are difficult to unravel using standard techniques.  Several ML techniques have been successfully applied to genomic 

data [1-3] for predicting disease onset and / or outcome. When combined with biologically relevant feature selection, 

these techniques provide insight into the combinations of aberrant genomic lesions, a challenge to unravel using 

standard techniques. We propose a ML framework that highlights performance across a combination of ML techniques 

on simulated genetic data –a valuable framework for researchers determining approaches to analyze and interpret 

genomic variant ML results.    

Methods  

The synthetic genomic data (variant) is generated by filling a data matrix with random values representing the genomic 

variants (0 = homozygous wildtype or 0/0 genotype; 1 = heterozygous or 0/1 —1/0 genotype; or 2= homozygous 

alternative or 1/1 genotype). For each “non-spiked” feature, each value has an equal chance of being selected. The 

simulated dataset uses a ratio that determines the number of samples assigned to each cohort. Important features are 

introduced by inserting “spikes” into the matrix. The function selects a random feature, then iterates through each 

sample and looks at its label.  The function has a 75% chance of filling the feature value with a 0 for the control cohort 

or 2 for the disease cohort.  Otherwise, the value has an equal chance (15%) of being the other variants. We not only 

expect the spikes to be more enriched in one of the groups, but we also recognize that there are situations when a 

variant is not 100% represented in a control or disease cohort, rather the combination of these rare various alleles 

could be of more value. In our proposed framework we apply three feature selection techniques - Rare Allele 

Enrichment (RAE), PCA, and SHAP. We use the selected features to train two classifiers among Gradient Boosting, 

Random Forest, and SVMs and compare them against each other. We implement Random Search, a hyperparameter 

tuning approach used to select best performing combination of parameters, then select the best classifier through 

majority voting. After, we validate on the test set by analyzing ROC-AUC curves, showing us the relationship between 

the true and false positive rates.  

Results & Discussion 

We report results for multiple simulated datasets with different properties (number of samples, balanced/imbalanced, 

number of spikes, number of features). Each dataset was divided into two sets, 75% used for feature selection and 

training and the rest 25% (test set) for validation. Random Forest performed the best among classifiers with the best 

AUC scores: .953 and .912 for SHAP. PCA was the least performant, with the AUC scores never reaching higher 

than .60. Both the RAE and SHAP value approaches achieved higher AUC scores when paired with the tree-based 

classifiers. As part of our future work, we will examine our framework further with real datasets. In our analysis, we 

show the classification/feature selection combinations that work best for genomic datasets with different 

characteristics. We will leverage the extensive work on simulation of genetic data [4] to improve our work. We believe 

that this framework will be useful for those seeking to tackle binary classification problems with similar datasets. 
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Introduction 

Progression of diabetic retinopathy (DR) can cause severe vision loss and eventually blindness1. Starting in 2016, 
the federally-mandated, pay-for-performance Merit-Based Incentive Payment System (MIPS) program consolidated 
existing incentive quality programs and added quality improvement activities2. This study aimed to look at changes 
in diagnosis documentation patterns in electronic health record (EHR) data before and after the 2016 MIPS 
implementation. 

Methods 

The American Academy of Ophthalmology’s IRIS Registry (Intelligent Research in Sight) was used to index 
patients with a first diagnosis of DR documented in EHR data. Severity of diagnosis at first ophthalmology visit was 
determined from ICD diagnosis codes and was categorized into mild, moderate, severe, or proliferative DR or 
diabetic macular edema (DME). Temporal diagnosis trends between 2013 and 2018 were analyzed annually.  

Results 

We identified 514,109 patients diagnosed with DR in the IRIS database between 2013 and 2018. Over the six year                   
study period, we observed an increase in the frequency of mild and moderate incident DR diagnoses. In 2013, 13%                   
of patients with an incident diagnosis of DR was DME vs. < 1% in 2018. By 2018, approximately two thirds of all                      
new diagnoses were for mild or moderate DR (66%), compared with 39% in 2013.  

Figure 1. Severity of Diabetic Eye Disease 
at First Ophthalmic Visit for Patients, By 
Year 

 

 

 

 

 

 

Conclusion 

Since increased adoption of value-based reimbursement programs and the implementation of MIPS in 2016,              
temporal EHR diagnosis documentation patterns for diabetic eye disease have changed to primarily include milder               
disease stages. 
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Introduction: Delivering behavioral health interventions via smartphones provides the possibility of personalizing 
these interventions to individuals’ changing behavior, preferences and needs. Reinforcement learning (RL), a 
subfield of machine learning, can be used to personalize and optimize these interventions by adapting their content 
and frequency in real-time to the individual user’s passively sensed context and observed behavior. Specifically, 
algorithms for contextual multi-armed bandit (MAB) problems, a reinforcement learning setting in which the 
algorithm chooses between different treatment options which all have different reward functions depending on 
participant’s contexts, might be particularly effective (1). However, the use of these algorithms presents multiple 
challenges that could impact the effectiveness of them in the real world. These issues remain inadequately explored.  
 
Methods: Using thematic analysis we provide here guidelines for decision making about the design of algorithms 
for mobile health for behavioral health researchers in light of our experience working across a diverse team of health 
services researchers, clinicians, computer scientists, biostatisticians, and mobile app developers. We use the design 
process of an MAB for a mobile health study ‘DIAMANTE’ developed to optimize the content and frequency of 
text-messages for increasing physical activity in underserved patients with diabetes and depression. Over the 2 years 
of the project, the team kept track of the research process using a combination of Google Docs tools, Whatsapp 
messenger and video teleconferencing. In addition, in year 2 the team convened to discuss, categorize, and code 
critical challenges and solutions. CAF reviewed the initial list of challenges and solutions and coded the document 
and recordings, which were revised by AA and CRL. Challenges were classified and grouped to create thematic 
topic process domains. All authors agreed on the final set of themes. 
 
Results: From our coded notes, recordings and other communications, 15 challenges emerged which were divided 
into 5 major themes. The major challenges were categorized as the following: 1. What type of model to pick for 
decision making; 2. Choosing the right contextual variables to include in the model; 3. What reward variable to use, 
4. How to deal with sparse or missing data in real-time; 5. Efficacy vs. effectiveness/implementation.  
 
Conclusion:  Real-world lessons about decision making in the design of reinforcement learning algorithms to 
improve the effectiveness of behavioral health interventions, not just the final algorithm performance, is essential for 
advancing this field. Further, different values on efficacy vs. effectiveness/implementation research need to be taken 
into account, making the tradeoffs in the decisions listed above slightly more complicated. We need collaboration 
between different disciplines and partnerships to do this work well with real-world patients, in addition to 
simulations or convenience samples in which generalizability could suffer.  
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Introduction:  Clinical informaticists play a key role in the clinical and academic missions of health institutions.  
Physicians can achieve board certification in clinical informatics1 through a practice pathway overseen by the 
American Board of Preventive Medicine (ABPM), or completion of an ACGME-accredited fellowship in clinical 
informatics.  Fellowships must affiliate with a primary specialty at their home institution, but presently this does not 
include any surgical disciplines. This inherently fosters a gap in informatics-training for surgeons, and suggests a 
disparity may already exist among surgical disciplines with regard to the expertise afforded by trained informaticists.  
To date, no such analysis of clinical specialties has been performed to describe the differential representation and 
informatics-related productivity of board-certified informaticists.  Our goal was to both define any deficiency of 
surgical informaticists, and to analyze the consequences of such a disparity related to relevant academic productivity. 
 
Methods:  The study was comprised of two phases of analysis. First, we reviewed all current United States ACGME-
accredited clinical informatics fellowship programs for specialty affiliation, then assessed the allocation of primary 
specialties among ABPM diplomates in clinical informatics.  Using a series of refined PubMed queries, we analyzed 
the medical literature (publications through March 1, 2020, inclusive of international) to characterize the distribution 
of articles that reflected an intersection of surgical specialties and clinical informatics.  High impact journals were 
grouped into surgical vs. non-surgical cohorts, and prominent informatics journals were assessed for differential 
publication rates across specialties.  Comparative data were analyzed when applicable using Fisher’s exact testing. 
 
Results:  There are 1,820 physicians board-certified in clinical informatics, of which only 12% hold certification in a 
surgical discipline (Table 1). We identified 42 ACGME-accredited fellowships in clinical informatics, none affiliated 
with a surgical specialty.  PubMed queries reflected a smaller body of clinical informatics literature among surgical 
specialties (Table 2). Compared with high-impact journals for medicine specialties, surgical journals collectively 
demonstrated a lower rate of informatics publications (2.1% v 2.6%,P<0.001).  Only 255 abstracts within a cohort of 
top informatics journals included an author from a surgical department, and there were fewer Medical Subject Heading 
(MeSH)-defined surgical abstracts in these journals compared to abstracts from MeSH-defined medical disciplines. 
 
Conclusion:  Surgical specialties appear underrepresented in clinical informatics.  
Survey of the medical literature revealed fewer informatics abstracts among surgical 
disciplines. This disparity may carry significant opportunity costs secondary to 
potential gains in operational efficiency and academic productivity. These data suggest 
that surgical departments and their national societies should consider initiatives to 
expand the pool of surgeon informaticists. This might involve becoming a sponsoring 
specialty for fellowships, integrating informatics into residency curricula, supporting 
faculty graduate degrees in informatics, developing informatics sessions within 
surgical society meetings, and partnering with informatics professional societies. 
 
References:  1.  Detmer DE, Shortliffe EH.  JAMA. 2014;311(20):2067-2068.  

Table 1.  Distribution by specialty of ABPM 
clinical informatics diplomates 

 Total 
Colon & Rectal Surgery 1 
Neurological Surgery 2 
Obstetrics & Gynecology 40 
Orthopedic Surgery 33 
Otolaryngology 12 
Ophthalmology 14 
Plastic Surgery 2 
Surgery 94 
Thoracic Surgery 3 
Urology 23 

Surgical Totals 224 

Allergy & Immunology 2 
Anesthesiology 72 
Dermatology 7 
Emergency Medicine 199 
Family Medicine 70 
Internal Medicine 681 
Medical Genetics 5 
Nuclear Medicine 5 
Pathology 1 
Pediatrics 321 
Physical Medicine & Rehab 18 
Preventive Medicine 76 
Psychiatry & Neurology 51 
Radiology 88 

Non-Surgical Totals 1596 
 

Table 2.  Characterization of PubMed abstract volumes representing clinical informatics 

 
Surgical Journals 

(35 Titles) 
N = 426,595 Articles 

Non-Surgical Journals 
(57 Titles) 

N = 611,596 Articles 

P 

Informatics [MeSH] or [All Fields] 9,275 (2.1%) 15,943 (2.6%) <0.001 
Informatics (Systemic Reviews) 527 (0.12%) 1,482 (0.24%) <0.001 
    
 Informatics Journals (5 Titles) 

N = 12,009 Articles 
 

Author Affiliations    
Surgical Department 255 (2.1%)  
Medical Department 2,666 (22%)  
    

MeSH Content Only by Specialty    
Surgical Procedures or Surgery 488 (4.1%)  
Medical Disciplines 1,555 (13%)  
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Background: The United States is in the midst of an opioid epidemic that continues unabated; an average of 130 Americans 
die daily from an opioid overdose and 2.1 million have an opioid use disorder.1 Prior work has demonstrated that mining 
social media data can be useful in a variety of contexts for health-related research such as tracking outbreaks and predicting 
mortality rates.2 Despite its potential benefits, social media content has been studied in isolation of the electronic health 
records (EHR) of patients, making it difficult to fully understand the opioid use disorder status at the individual level. 
Sharing social media records (SMR) for research purposes has been shown to be possible when patients in an urban 
academic adult emergency department2 and in outpatient substance use disorder treatment facilities in Philadelphia, 3 

consented to share their social media activity. In this work, we introduce our attempt to survey and consent patients to allow 
us to monitor their social media activity and EHR contents. We approached patients of an addiction recovery clinic at Yale 
New Haven Hospital-St. Raphael Campus. The goal of our study is to compose the combined EHR-SMR database on 
patients that contains their EHR and SMR data. We will collect social media data and clinical information from the EHR 
on patients and combine both datasets into the EHR-SMR database for further analysis. We plan to utilize the EHR-SMR 
database to better characterize patients who have opioid use disorder.  

Method: We conducted a cross-sectional survey on patients who have opioid use disorder. Patients who presented to the 
clinic were first asked if they are active on social media. If the answer was positive they proceeded with the remaining 
questions of the survey including: age, sex, ethnicity, employment, education, the use of internet/social media and finally 
their willingness to share their social media account to build our database.  

Results: Nearly half (46.1%,18/39)) of surveyed patients consented to monitor and analyze their social media data and 
provided their account names on different social media outlets. Of those who consented, 61% were male users, and 39% 
were females with ages between 21 and 60 years old. Of the participants, 28% have posted information on social media 
about their addiction or cravings, and 83% of them thought that social media would be the place to receive information to 
help them avoid relapse. About 77% participants have used opioids including: opiates, cocaine, PCP, amphetamines, and 
marijuana. Participants who have completed high school or General Education Diploma has multiple types of social media 
accounts accumulating 34 accounts; the largest compared to other groups as shown in Figure 1. About 72% of participants 
agreed that an online program should be provided to help people while they are being treated for their addiction or pain. As 
shown in Figure 2 the use of different types of social media varied by age groups; older participants tend to use more diverse 
kinds of social media outlets.  
Conclusions: 46% of patients who have opioid use disorder were willing to participate in this survey and share their social 

media accounts. Age and educational background are two factors that can explain choice of different social media outlets. 
According to participants, online recovery programs are potentially useful to help patients and prevent relapses. 
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Figure 1: Social media accounts distribution by education Figure 2: Social media accounts distribution by age group 
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Introduction: The electronic health record (EHR) is increasingly used to identify candidates for clinical trial 

recruitment1. However, reliance on retrospective data gathered in routine clinical care may not reflect patients’ active 

disease state and current suitability for a particular intervention2. Patients who maximally benefit from intervention 

may be missed, and patients who minimally benefit may be enrolled. These inefficiencies may delay trial start and 

increase recruitment costs. The purpose of this study is to describe development of a predictive model leveraging EHR 

data and patient reported outcomes (PROs) to identify patients with symptomatic asthma eligible for a digital health 

asthma application clinical trial. 

Methods: We identified patients across a multi-site academic health care institution (Partners HealthCare) with EHR-

based encounters, subspecialty providers, problem lists and medications consistent with asthma based on criteria 

derived from peer-reviewed literature and expert consensus3. We selected a validated PRO tool for asthma symptom 

assessment - Asthma Control Method (ACM). Our goal was to recruit patients with current, uncontrolled asthma as 

indicated by ACM score. Initially, patients are randomly sampled, recruited, and ACM scores are obtained. Using 

their PROs as outcome, and additional EHR-derived demographics and comorbidities as covariates, the model is fitted 

to predict ACM score. Next, the model is applied and remaining patients ranked by predicted ACM score; selected 

patients are recruited, ACM scores obtained, and the model is adapted. This iterative process continues until 

recruitment goal is achieved.  

Results: 7,810 patients with asthma were identified by EHR queries with the goal of recruiting 500 symptomatic 

asthma patients. Approximately one-third of patients had characteristics suggestive of prior symptomatic asthma (eg 

encounter for exacerbation) while the remainder had only a diagnosis or problem listing of asthma. The process of 

predicting patients with symptomatic disease among these potential recruits is illustrated below (Figure 1).  
 

 

Figure 1. Generalized adaptive recruitment model in context of an intervention. 

Conclusion: Optimizing EHR data for recruitment is increasingly important to identify patients for clinical trials. We 

developed an adaptive recruitment model that predicts PROs to target symptomatic patients who best match the study 

design. Next steps include 1) applying the model to our full study population, 2) conducting interim analyses 

comparing predicted versus actual PRO scores and 3) comparing average PRO scores from patients recruited by the 

adaptive recruitment model versus alternative recruitment strategies including random sampling. Future applications 

of this model include population health management interventions where there are similar needs to identify symptom-

active patients, conserve resources, and maximize potential patient benefit.   
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Introduction 

The volume of secure messages has grown significantly in recent years, highlighting the need to better understand the 

process of message routing between patients and care team members. Messaging process impacts time and effort for 

health care providers. However, many providers do not have a dedicated time to respond to the messages leading to 

provider burnout. The long-term goal of this study is to analyze, define, and recommend optimal metrics, then to 

implement reporting to support the consistent usage of metrics in operations. In this preliminary study, we sought to 

understand how types of messages impact turn-around-time (TAT) of secure messages. 
 
Methods 

University of Missouri Health Care (UMHC) uses a patient portal system, “HEALTHConnect”, which enables patient 

and provider communications. The system allows for patient appointment scheduling, reporting clinical test/lab 

results, prescription refilling, and messaging between patients and health care teams. We collected 588,781 messages 

from five UMHC hospitals and 50 clinics in Oct-Dec 2019. We defined a conversation as a complete event containing  

one or more messages. We employed multi-step data cleanup process. Messages associated with non-UMHC locations 

and physician and providers not employed at UMHC were removed. We also removed conversations composed of a 

single message because we were unable to determine duration. Out of 237,790 conversations, we randomly sampled 

387 conversations for analysis at 95% confidence level and 5% margin of error. We coded the conversations by type 

using subject line analysis. We defined TAT as the time difference from the initiating event to the terminal event.         
 
Results 

We analyzed 387 conversations containing 1309 messages. 

Table 1 shows nine conversation types we developed by 

examining message subject lines and associated TATs. Range 

of conversation duration was 15 seconds to 822 hours. 

Excluding conversations with unknown subjects, medications 

questions were most common (61) and updating patient data 

was least common questions (2). Regarding TAT, health 

related questions took most time to resolve (63hr) and 

updating patient data took least time (25hr). We analyzed the 

volume of conversations by the type of initiator, we found 

nurses (48%) initiated the conversations most, followed by 

patients (31%), and physicians (4%). We counted after hours 

(5pm-8am) message fragments responded by physician or 

other providers to understand their workload outside business hours. There were 71 of 1309 after-hour messages (5%). 

Physicians were involved in 66% of the conversations, however there was no statistically significant difference in 

TATs between conversations with physicians (58hr) and without physicians (40hr) (p=0.09). Team pool system has 

been known to improve workflow by redistributing message requests. We found no statistically significant difference 

in TATs between conversations with pools and conversations without pools (p=0.37).  
 
 
Conclusion 

It is important to develop an appropriate set of metrics for tracking and evaluating the secure messaging system to 

optimize future process and workflows. This study sought to understand how secure messages are used by patients 

and various providers in a moderate-size urban, tertiary care, academic medical center. Previous research studies have 

analyzed workload from secure messaging via qualitative satisfaction surveys or data sample was collected in a limited 

care setting. This study represented the data sample for three-month period that did not allow for potential seasonal 

variation. Because message content was not available at the time of study, we were unable to assign some of 

conversations. Larger study with extended timeline and full message content is needed to confirm the study findings.  

Table1 Distribution of Message Types and TAT (HH) 

Conversation types (Occurrence) Mean Mode SD 

Medication Question (62) 40 4 86 

Appt/Scheduling (52) 44 19 63 

Prescription Refill (47) 29 5 104 

Health/Disease/Diagnosis Concern (35) 63 18 108 

Lab/Test Results (25) 39 4 104 

Paperwork/Forms (10) 33 22 33 

Pt Data/Info Update (2) 25 6 5 

Other – procedures, equipment etc. (18) 25 14 41 

Unknown (136) 67 19 123 
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Abstract  
As part of a randomized crossover trial of in-person app testing with 92 adult patients on insulin therapy, we 
assessed the usability of top-rated commercially available diabetes apps. Through content analysis of observation 
notes and patient comments, we identified key app usability design important to support diabetes self-management 
activities such as monitoring blood glucose (BG), carbohydrate (carb), and insulin dose. 
 

Introduction: Using a diabetes app can improve glycemic control with a 0.4%–1.9 % reduction in 
hemoglobin A1c (HbA1c) level. However, the rate of diabetes app use is low possibly due to limited 
usability. Usability refers to how well a specific person uses a product to achieve goals of effectiveness, 
efficiency, and satisfaction in a desired context according to the IOS 9241-11. Diabetes app usability is 
the degree to which an intended user is satisfied with using the app and uses it efficiently and effectively 
to accomplish tasks such as tracking of blood glucose readings. The purpose of this study was to identify 
barriers to app use among adult patients with diabetes who were testing diabetes apps for the first time.  
 

Methods: This study is part of a parent quantitative study, a randomized crossover trial that tested the 
usability of two Android apps conducted in 2017. The tested apps (OnTrack and mySugr) were listed as 
“the Best Diabetes Apps 2016” by Healthline, an online health forum. This within-subject design (one 
group of patients to test two apps) allowed collection of two sets of usability observations. We conducted 
a content analysis of observation notes and patient comments collected during the testing of two top 
commercially available diabetes apps as part of a crossover randomized trial. Study eligibility criteria 
were (1) age 18 or older, (2) type 1 or type 2 diabetes, (3) used an Android phone for six months or 
longer, (4) used insulin therapy for six months or longer, (5) English proficiency, and (6) smartphone use 
beyond phone calls, emails, texting, or taking pictures. Individuals were excluded if they were unable to 
read or speak English, had used either app in this study (OnTrack or mySugr) previously, or had used 
another diabetic app in the past six months. Participant followed a checklist protocol to practice and test: 
(1) enter a carb intake, (2) enter an exercise activity, (3) enter an insulin dose, (4) enter a BG reading, (5) 
locate a BG report for days of the week, (6) locate a BG report for each meal, and (7) email a BG report. 
We analyzed field notes and transcriptions of audio recordings. Open coding derived categories of 
usability issues and then were grouped into themes and subthemes on usability problem types. 

Results: A total of 92 adult Android smartphone users were recruited, 50% from Facebook postings. 
Other recruitment sites were community health center, Veterans Affairs (VA) clinic, university campus, 
community bulletin boards, a diabetes support group meeting, and Craigslist. Three major themes 
described problems with data input, app display and presentation, and self-learning options available 
within the app. Data entry modes were problematic because of overcrowded app screens, the fat finger 
phenomenon, complicated “save data” steps, and a lack of data entry confirmation. App display and 
presentation were another major challenge and participants reported that the app icons, wording, entry 
headings, and analysis reports were not intuitive to understand and were difficult to interpret. Participants 
wanted additional self-learning options in the app such as pop-up messages or built-in help functions 
during app use.  

Conclusions: Patient testing of commercially available diabetes apps revealed significant usability issues 
in the app designs. Data entry modes were burdensome. They required extensive patient time to have 
correct data input and saved data. App display and presentation of reports were not patient friendly. 
Having additional app training or self-help learning options within the app is important for patients to 
gain confidence using diabetes apps. 
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Introduction 

Our team demonstrated that the inclusion of documentation and measurement frequency triggered an early warning 
score 5-26 hours earlier than the first MEWS alarm(1). We propose an algorithm that utilizes only timestamps of 
longitudinal electronic health record (EHR) data (i.e., time and co-occurrence of vital sign measurements, flowsheets 
comments, order entry, and nursing notes) to predict clinical deterioration events. These time-series data reflect nurses 
decision-making related to patient surveillance(2). 

Methods 

This retrospective study explores the efficacy of a machine learning algorithm in predicting clinical deterioration 
among patients in intensive care units (ICU) using a series of timestamps of vital sign measurements, flowsheets 
comments, order entry, and nursing notes. Data was analyzed from 12 to 36 hours prior to discharge (n=6471) or the 
following composite outcomes of death, cardiac arrest, or rapid response team call (n=158). We partitioned the time 
series into regularly spaced timesteps and assigned 1 to features having at least one measurement/record within given 
timesteps and assigned 0 otherwise. A dummy variable was created to represent the time of day corresponding to each 
timestep (Table 1).  

 
HR BP …… Notes Time of day [00:00, 00:30) …… Time of day [12:00, 12:30) Time of day [12:30, 13:00) …… Time of day [23:30, 00:00) 

1 1 0 …… 0 0 …… 1 0 …… 0 

2 0 1 …… 1 0 …… 0 1 …… 0 
…… …… …… …… …… …… …… …… …… …… …… 
48 0 0 …… 1 0 …… 0 0 …… 0 

Table 1. Data Preprocessing. Each ICU encounter was represented by a matrix of binary variables. The interpretation 
for the first timestep is: at least one heart rate measure occurred during the time of day 12:00-12:30.  

Logistic regressions and deep neural networks (on overall counts of timestamps over 24 hours) as well as recurrent 
neural networks with various combinations of features and different length of timesteps were tested on training dataset 
then were validated on a holdout dataset.  

Results 

A total of 6,621 ICU encounters in the analysis dataset had 1,356,006 timestamps. The Gated Recurrent Unit model 
using timestamps of vital signs and order entry as well as the time of day variable in time block of 60 minutes had the 
best predictive power with AUROC 0.817, AUPRC 0.179. This model performed better than the baseline logistic 
regression with L2 normalization (AUROC 0.621, AUPRC 0.037). In general, models on time-series data 
incorporating time variables (LSTM, GRU) have twice the value of AUPRC than models on single data points with 
time variables (Logistic, deep neural network). 

Conclusion 

This study demonstrates that RNN models using only timestamps of longitudinal EHR data that reflect healthcare 
processes achieved well-performing predictive power. The time of day variable was able to indicate the “unusual 
time” for measurements, which served to reflect clinicians’ concerns of a patient’s condition.  

Acknowledgements: This study was funded by the NINR CONCERN Study (1R01NR016941-01). 
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Introduction 

Medication alerts are clinical decision support (CDS) tools intended to improve outcomes and reduce adverse drug 

events (ADE). Multiple types of medication safety alerts are available in modern electronic health record systems, 

utilizing different parameters, such as dosage, frequency, allergies, and medication interactions. Despite efforts to 

improve salience and decrease the number of inappropriate safety alerts, override rates remain substantially high and 

ADEs continue to be a principal source of iatrogenic injuries
1
. Our objective is to retrospectively evaluate the effect 

of residency training on prescriber medication alert response. We hypothesize that salience will decrease as residents 

become more experienced with CDS tools, possibly reflecting long-term desensitization. 

Methods 

Medication alert information was queried from the electronic health medical record database (EPIC® Systems) for 

Internal Medicine residents at MetroHealth Medical Center and University of Pittsburgh Medical Center from 

December 2018 through February 2019. These alerts were divided into categories: Drug-Drug interactions, Drug 

allergies, Dosage alerts, and Duplicate medications. Salience was defined as percent of alerts which the provider had 

acted on rather than overridden. Comparisons were made across residency training levels and between organizations 

for number of alerts per residency training year, and type and number of alerts generated per resident per month. 

Salience rates for alerts were compared both across each resident class and between organizations. 

Results 

UPMC PGY-1 residents triggered a total of 5558 alerts, eliciting 1053 removals, and 4505 overrides (81%), 

corresponding to a salience rate of 19%. PGY-2 residents triggered a total of 6177 alerts, eliciting 954 removals, and 

5223 overrides (85%), corresponding to a salience rate of 15%. PGY-3 residents triggered a total of 3839 alerts, 

eliciting 400 removals, and 3439 (90%) overrides, corresponding to a salience rate of 10%. The mean number of 

alerts triggered per resident per month was 93.6, 147, and 98, for first, second, and third years, respectively. 

MH PGY-1 residents triggered 16732 alerts, eliciting 1536 removals, and 15196 overrides (90.82%), corresponding 

to a salience rate of 9.18%. PGY 2 residents triggered 13353 alerts, eliciting 1089 removals, and 12264 overrides 

(91.84%), corresponding to salience rate of 8.16%. PGY-3 residents triggered a total of 6965 alerts, eliciting 565 

removals, and 6400 (91.89%) overrides, corresponding to a salience rate of 8.11%. The average number of alerts per 

resident per month was 164, 194, and 105 for first, second, and third years respectively. 

Discussion 

Salience rates decreased with higher level of training at both institutions, suggesting an inverse relationship between 

duration of training and salience. There was also decreased salience rate, and a higher alert per resident ratio, at MH 

in comparison to UPMC suggesting an inverse relationship between number of alerts and salience. The higher alert 

per resident ratio seen at MH may reflect a heavier workload at this institution. Our findings suggest that residents 

may experience progressive drug alert desensitization throughout training from increased exposure to CDS alerts, 

which could have an impact on patient care if appropriate alerts are ignored. However, it is also important to 

consider the effect of increased resident experience improving awareness of excessive CDS alerts, as well as 

different roles and responsibilities between interns and seniors while rotating through medical wards, intensive care 

units, and electives. Continued optimization of medication CDS tools is needed to increase relevance and decrease 

inappropriate alerts.  
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Introduction 
Vaccination rates in the United States are in decline and infectious disease rates are on the rise as a result of parental 
vaccine hesitancy. In 2017, 1.3% of 2-year-old children had not received a single vaccination compared to 0.3% in 
20011 and there were record numbers of measles cases in 2019. High rates of consumer technology adoption (e.g. 
mobile phones, tablets, and personal computers) in the United States represent an excellent vector to deliver 
immunization information and to overcome parental vaccine hesitancy. Therefore, the aim of this systematic review 
is to characterize the current state of consumer health informatics efforts that influence childhood vaccine uptake to 
inform future research in this area. 
 

Methods 
We conducted a search of PubMed, CINAHL, Scopus, IEEE Xplore, and the ACM Digital Libraries in February 2020 
following PRISMA guidelines. Repositories were chosen for broad coverage across the health science and computer 
science literature. Search strategy used keyword variations of technology terms derived from the “hedge” definition 
of consumer health informatics from the AMIA Consumer and Pervasive Health Informatics working group + 
vaccine/immunization terms + consumer/parent terms.  
 

The initial search yielded 6,433 results after duplicates were removed. Inclusion criteria were peer-reviewed, English- 
language studies involving strategies that used consumer technologies and reported immunization rates for children 7 
years of age or younger. Excluded studies were those that focused on animal or network immunizations, vaccine 
development and delivery, family planning, allergies, injection distress or pain management, and factors associated 
with under- or non-vaccination. Also excluded were formative evaluations or descriptions of intervention 
development, clinical quality improvement projects, reviews, commentaries, editorials, position papers, and protocols. 
 

Both authors independently reviewed 100% of titles and abstracts according to the inclusion/exclusion criteria, and 
reconciled disagreements to exclude 6,406 articles. Full text review was conducted by the first author with the second 
author confirming exclusion of 11 of the remaining 27 articles. Preliminary analysis was conducted on the final articles 
to identify the study country, setting, design, technology type, sample size, and effects on immunization rates.  
 

Results 
Sixteen articles published between 2000-2020 were included in the final review. Studies were conducted in the United 
States (n=5), Guatemala (n=2), India (n=2), and one each in Australia, Bangladesh, England, Kenya, Pakistan, the 
Philippines, and Zimbabwe. Seven studies explicitly reported urban settings, 3 studies were conducted in rural settings, 
and 3 studies included both rural and urban sites. Of the 16 included studies, 14 were randomized controlled trials. All 
16 studies included a comparison group. The most common technology type was SMS/text message reminders (n=13), 
followed by websites (n=2) and near-field communications (n=1). Study sample sizes varied from 57 to 12,354 
participants. Half of included studies (n=8) reported sample sizes between 100 and 1,000 participants. Most studies 
(n=9) were focused on the country’s routine vaccination schedule. Twelve studies reported significant results in at 
least one of the stated study outcomes and four studies reported no significant results. Seven studies reported a 
significant increase in vaccine coverage, two studies reported an increase in timeliness of vaccination, and one study 
reported a significant increase in full completion of the vaccine series.  
 

Conclusion 
Based on review results, SMS/text reminders are an effective way to influence vaccine coverage through vaccine 
uptake, especially in urban/metropolitan settings in the United States. Anti-vaccination efforts against a coronavirus 
vaccine that does not yet exist are a critical reminder that consumer vaccine technologies are needed to influence 
vaccine acceptance and uptake for current and future vaccines. Future studies should develop technology-based 
interventions tailored to parental characteristics and preferences using vaccine series completion as the outcome of 
interest. Detailed results comparing countries, technology features, acceptance, and outcomes will be presented. 
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Introduction 

Patient portals are a standard part of care and have an impact on health outcomes. However, limited English proficient 

(LEP) patients lag in their use of portals.1 This gap has been attributed to a lack of multilingual portals. Our hospital 

offers a bilingual (English and Spanish) portal, but little data exists on who are Spanish-speaking portal users. The 

goal of our study was to understand factors associated with the use of a bilingual portal among Spanish-speaking 

patients. 

Methods 

We used institutional data from an academic medical center using Epic’s MyChart. Our study population was Spanish-

speaking patients, defined as those who had Spanish as their preferred language and who had at least 1 encounter or 

portal login since the implementation of the Spanish portal in October 2016. Our primary outcome was portal use, 

defined as having an active registration status. We evaluated factors associated with portal use including demographics 

and patient complexity (defined as number of problems on their problem list). We also examined the relationship of 

portal use to Emergency Department (ED) and outpatient visits. We performed unadjusted and adjusted analysis 

comparing Spanish-speaking portal users and nonusers. Analyses were performed using R software version 3.5. 

Results 

From the 36,256 Spanish-speaking patients included in our study, we found that only 3,789 patients were portal users, 

accounting for 0.7% of all portal users. This number represents 10.5% of Spanish-speakers. In multivariate analysis 

of Spanish-speaking patients only, the characteristics associated with portal use were being younger, female, married 

or widowed, and having more health problems (Table). We also found Spanish-speaking portal users to have a higher 

number of outpatient visits, as compared to Spanish-speaking nonportal users. 

Table. Association Between Patient Characteristics and Patient Portal Use 

 Bivariate Analysis Multivariable 

Analysis 

 Spanish  

Portal User 

N= 3789 

Spanish  

non-Portal User 

N=32467 

p-value OR p-value 

Age, mean(sd) 50.2 (16.9) 52.2 (17.6) <0.001 0.97 <0.001 

Sex   <0.001   

Female, n(%) 2074 (70.6) 21019 (64.7)  1.17 <0.001 

Marital status   <0.001   

Married 1857 (49.1) 12424 (38.3)  1.96 <0.001 

Single 1367 (36.1) 15049 (46.4)  ref  

Divorced/Separated 407 (10.7) 3626 (11.2)  1.31  

Widowed 158 (4.2) 1368 (4.2)  1.80  

ED visits, mean (sd) 1.7 (2.7) 1.4 (2.7) <0.001 0.93 <0.001 

Outpatient Visits, 

median (IQR) 

12(5-27) 2 (0-12) <0.001 1.02 <0.001 

Problems, median (IQR) 9 (4-16) 4 (1-11) <0.001 1.04 <0.001 

Conclusion 

Despite a bilingual portal, Spanish-speakers made up a small percentage of portal users. Portal users tended to have 

worse health status and more outpatient visits, in contrast to descriptions of portal users as the “worried well.” Our 

study is limited by inaccuracies of patient language in administrative data. Ultimately, language is only one barrier to 

portal use among Spanish-speakers, training and institutional commitment are critical to achieve technology equity.  
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Abstract: We administered an Electronic Health Record (EHR) satisfaction survey to all institutions within the 

Partners HealthCare system in May 2019. Clinicians were asked to answer 48 close-ended questions and provide 

additional feedback through open-ended comments. Overall, 14% of clinicians responded. Of these,54% of 

clinicians responded as being “satisfied” and 46% of clinicians responded as being “dissatisfied”.  

Introduction: Modern healthcare systems have implemented electronic health records (EHRs) in order to improve 

patient experience, reduce medical errors, and promote clinician efficiency.1 Epic EHR software (Epic Systems 

Corporation) is one of the most commonly used EHR systems in the United States and is currently used by 

institutions within the Partners HealthCare system.2 Since Epic’s implementation in 2015, we have conducted 

annual satisfaction surveys in order to better understand how the EHR has impacted clinicians’ workflow and ability 

to care for patients. Because clinician dissatisfaction with an EHR has been shown to negatively impact patient care 

and satisfaction and can result in provider burnout, studying clinician satisfaction has become paramount for 

improving the holistic healthcare experience.1 We report on the overall results from the 2019 satisfaction survey. 

Methods: The 2019 EHR satisfaction survey was administered in May of 2019 to all Partners HealthCare system 

physicians, nurse practitioners, and physician assistants who use Epic. These clinicians were asked demographic 

questions related to their clinical role, institution, gender, and prior experience using Epic. Clinicians were asked to 

rate the ease of performing 33 different tasks in Epic on a scale of 5 = “Very easy” to 1 = “Very Difficult” related to 

reviewing patient data, documentation, patient engagement, task and workflow management, preventive care and 

panel management. We then asked clinicians to rate their agreement or disagreement on 14 statements about Epic 

using a scale of “Strongly Agree”, “Agree”, “Neutral”, “Disagree”, and “Strongly Disagree”. Clinicians were also 

asked to rate their overall satisfaction with Epic from a scale of 6 = “Very Satisfied” to 1 = “Very Dissatisfied”. We 

determined clinicians to be in the “satisfied” category if they responded with “Very Satisfied”, “Satisfied”, or 

“Somewhat Satisfied” and being “dissatisfied” if they responded with “Very Dissatisfied”, “Dissatisfied”, or 

“Somewhat Dissatisfied”. Descriptive statistics were done on all items of the survey. At the end of the survey, 

clinicians were encouraged to leave comments regarding their experience with Epic.  

Results: The survey had a 14% response rate with 1632 total participants belonging to all levels and specialties of 

physicians, nurse practitioners, and physician assistants across 12 institutions in the Partners HealthCare system. 

54% or 868 clinicians responded as having used Epic for more than 3 years. Overall, 40% or 648 clinicians 

responded as having using Epic for 1 to 3 years. Only 95 (6%) of respondents had less than 1 year of experience 

using Epic. In terms of overall satisfaction, the mean satisfaction rate was 3.2; 54% of clinicians responded as being 

“satisfied” and 46% of clinicians responded as being “dissatisfied”. Of the 33 tasks, 13 had a mean rating lower than 

3.00. The easiest tasks to perform in the EHR were reviewing radiology results (3.70), reviewing laboratory results 

(3.63), and creating a visit note (3.59). The most difficult to perform were monitoring patient adherence (2.06), 

identifying when a referral has not been completed (2.30), and making a list of patients based on clinical information 

such as a problem or medication (2.31). 

Conclusion: Clinicians were mixed regarding their satisfaction with Epic overall and indicated areas that need 

improvement. Gaining insight into provider satisfaction is key in determining how EHR systems can be improved to 

enhance the experience of both patients and clinicians.  
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Introduction 

The Institute of Medicine (now the National Academy of Medicine) has set a goal of 90% by the year 2020 for 
clinicians to adopt evidence-based practice (EBP). Although the fundamental benefit of implementing EBP is to 
improve the quality of care and patient outcomes, research shows that nurses do not use the best available evidence 
to confirm their clinical decision-making. Nurses may not have adequate skills or knowledge to search, synthesize 
and use evidence at the point of care. The Maryland nurse residency program facilitates EBP among new nurses who 
are motivated and committed to EBP, and be champions for diffusing EBP to staff nurses. This study aimed to 
examine nurses’ attitudes and beliefs to EBP, EBP implementation, and nurse-related outcomes in Maryland nurse 
residency programs before introducing an intervention. The plan is to use the PubMed4Hh mobile app use to find 
the best evidence at the point of care in Maryland. 
 
Methods 

An IRB approved cross-sectional presurvey was conducted among newly licensed registered nurses in residency 
programs in Maryland in 2019. Using structural equation modeling, new-to-practice nurses’(N=276) baseline EBP 
beliefs, attitudes towards implementation of EBP, job satisfaction, group cohesion, and intent to practice in 
Maryland were examined. The Advancing Research and Clinical Practice through close Collaboration (ARCC) 
model was used for the conceptual framework and for developing survey items.  
 
Results 

The initial structural equation model based on the ARCC showed a poor model fit (χ2 = 242.538, df = 6, p < .001, 
χ2/df = 40.423; NFI = 0.155; CFI = 0.130; RMSEA = 0.379; 90% CI 0.339–0.420) (Figure 1). Alternate models 
were explored to find the best-fitting model with a maximum number of statistically significant paths. The final 
model showed best goodness-of-fit (χ2 = 102.732, df = 3, p < .001, χ2/df = 34.244; NFI = 0.642; CFI = 0.633; 
RMSEA = 0.348; 90% CI 0.292–0.407). EBP beliefs were positive predictors of EBP implementation with direct 
effects on job satisfaction, group cohesion, and intent to stay; whereas EBP implementation had direct effects on 
group cohesion and intent to stay. 

  
Figure 1. Initial and final structural equation modeling based on the ARCC model. 
 
Conclusion 

Findings suggest that EBP beliefs and implementation directly impacted nurse residents’ job satisfaction, group 
cohesion, and intent to stay at their current jobs. Improving nurse residents’ own beliefs in the value of EBP, and 
confidence in carrying out EBP projects, may also have direct effects on their job satisfaction, group cohesion, and 
intent to stay at current jobs. Interestingly, nurses who more frequently implemented EBP tended to less intent to 
remain at current nursing practice. The actual change in nursing practice based on evidence may not be made by 
nurses alone but can be multifaced support by the organization and leaders of units. We plan to compare this 
baseline data after using the PubMed4Hh mobile app as an intervention tool.  
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Clinical Type 1 Diabetes (T1D) is generally preceded by asymptomatic islet autoimmunity (IA) with the presence
of islet autoantibodies (AAb). Recent studies have found that the persistence of AAb is a strong predictor for the
development of T1D. However, both development of AAb profiles (clusters) during IA phase and progression rate
to T1D are heterogeneous. Recently, a study from the BABYDIAB group [1] reported a clustering algorithm that
was developed to group subjects using their longitudinal autoantibody profiles from prospective follow-up. The study
found 9 clusters based on subject-level IAs profiles and also showed that losing IAA positivity at the last follow-up
visit may be associated with delayed progression rates to T1D in a cohort of 88 children with multiple positive AAb.
However, the clustering algorithm has three major limitations. First, the algorithm does not account for the clinical
age at which the autoantibodies develop, which is previously shown to be an important factor [2]. Also, different
autoantibodies carry different risks to T1D [3], which was also not incorporated into the clustering algorithm. Finally,
determining the number of clusters was determined in ad-hoc way. In this study, we address the following question:
do autoantibody profiles affect the progression to T1D similarly in different countries?

To answer this question we extended the previous clustering algorithm to solve all three aforementioned limitations
and present a novel approach to not only cluster subjects but also determine number of clusters and their profiles
using autoantibody dynamics and assess their generalizability across different geographical cohorts. In particular,
we developed a similarity algorithm that considers subject-level temporal IA profiles (based on 3 autoantibodies
- IAA, GADA, and IA2A positivity or negativity), age at which autoantibodies were developed, and imbalance
in autoantibodies positivity. Using this subject-level similarity measure, we performed hierarchical clustering of
autoantibodies positive subjects. We applied the clustering algorithm on data from 1507 subjects from 3 prospective
birth cohorts, DAISY (US), DiPiS (Sweden), and DIPP (Finland). We only included subjects having at least 3
visits. We identified clusters in each dataset associated with different rate of progression from seroconversion to
T1D. We tested the generalizability of the clusters by 1) learning a clustering from one data set “learned clusters”,
2) labeling each learned cluster as either T1D or non-T1D cluster, based on the fraction of T1D subjects in each
cluster, 3) classifying subjects from another (independent) data set with the “learned clusters” based on k-nearest
neighbors, and 4) measuring how often the subjects were assigned to the right group (T1D or non-T1D). The average
accuracy of cluster transfer was high (mean = 84.2%, sd =4%) suggesting that the AAb profile predicts progression
rate to T1D independently of the population.
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Introduction.  The multifunctional features of Menstrual Tracking Apps (MTAs) make them appealing for those 

seeking to manage their health and make positive lifestyle changes. However, evaluations of the design and 

implementation of MTAs are still in the early stages1. The lack of adherence to recommended human-computer 

interaction principles in menstruation-based health technology makes MTAs a target for better design. Useful data 

visualization, incorporating both what data is presented and how it is presented, is important in the pathways that 

transform data into meaningful insights. In pointing to the three main attractions of MTAs, predictions of the start of 

the period, fertility window and ovulation date, this study aims to investigate potential issues in how predictive 

information is presented to the end-user of MTAs.  
 

Methods. Our research team applied a heuristic evaluation2 approach to MTAs in the Apple App Store and Google 

Play Store. We collaboratively designed a set of heuristic evaluation questions that examined in-app functions 

including entering, editing, retrieving, interpreting, and sharing user data. The evaluation questions were integrated 

into a REDCap database. When testing each app, researchers followed a testing script that included a username, 

birthday, date of start of last period, average length of cycle, birth control method, reason for using the app, and six 

menstruation cycles of a simulated person. The responses to the heuristic questions along with comments about the 

app design allowed us to systematically assess the design of how predictions and analysis are presented. Each MTA 

was tested by two researchers, providing two perspectives of the usability of each MTA.  Two researchers (LC and 

RSO) focused on Android only, two (KMU and AM) on iPhone only, and one researcher (MG) tested apps on both 

iPhone and Android. One researcher (MG) extracted data from questions related to data visualization as well as 

images saved by the evaluators from the REDCap database, and then analyzed the data for consistent themes across 

all apps. 
 

Results. We evaluated top MTAs in the Apple App Store and Google Play Store, totaling 67 unique apps. Of the 67 

unique apps, 38 MTAs were available in both stores, 15 MTAs were available in only the Apple App Store, and 14 

MTAs were available in only the Google Play Store. In analyzing app menstruation prediction visualization, we 

identified potential issues in app design grouped into four main themes: Monetization, Accessibility, Ambiguity, and 

Flexibility. Most evaluated MTAs required subscriptions (63%) to gain full access to predictions and analysis. While 

57% of our tested apps displayed cycle and predictions using a calendar view, 34% displayed cycle and predictions 

using a combination of calendar and ring views, and 8% used other methods. Tested MTAs lacked quick access to a 

list view of period predictions. Changing user themes within the app came at the expense of text visibility.  Lastly, 

tested MTAs presented non-intuitive calendar views, and restricted user ability to specify what data should be 

analyzed and in what manner.    
 

Discussion and Conclusion. Mobile health technologies, such as MTAs, have the potential to provide significant 

and quick health management support for individuals. However, tested MTAs gave the impression that flowery and 

pattern driven app themes was a priority as opposed to implementing useful and interactive data visualization.  Our 

analysis reveals the lack of functioning and useful design features in MTAs, potentially contributing to lack of user 

ease. These limitations provide insight as to why app users discontinue use. Our analysis points to ways that MTA 

developers can provide functional design to end users and enable them to ask deep questions about their health and 

to improve the utility of MTAs to individuals who menstruate and their healthcare providers.  
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Introduction 

Data from an originating source are central to research, public health surveillance, IT product development, and 

testing health IT systems. Nevertheless, access to most data in health care are tightly controlled, which may limit 

innovation, development, and efficient implementation of new research, products, services, or systems. Synthetic 

data hold great potential in addressing data access challenges and in advancing evidence-based policymaking, 

research, and innovation. This abstract discusses the utility of synthetic datasets in healthcare by examining different 

use cases, providing real-world examples, and by discussing its strengths and limitations. 

Study Design 

We searched PubMed and Scopus databases, and Google Scholar to identify peer-reviewed articles, conference 

papers, and thesis/dissertations to identify articles about the use of synthetic datasets in healthcare. A combination 

of synonyms of the terms “synthetic”, “health”, and “data” were used for the search. Because of limited peer-

reviewed articles, reports from organizations known to be working on synthetic health data were also included. 

Elements established from the literature were grouped and thematic analysis was conducted to address the objectives 

of the study.   

Principal Findings 

The review identified readily and publicly accessible healthcare datasets, databases, and sandboxes containing 

synthetic data with varying degrees of utility for research, education and software development. Examples of these 

datasets are the CMS 2008-2010 Data Entrepreneurs’ Synthetic Public Use File (DE-SynPUF), Synthea™ -generated 

datasets (open source), and the CMS Synthetic data in the Blue Button Sandbox. Open-source applications, paid 

services, and models are also available that users can leverage to develop custom synthetic datasets. Based on the 

literature, synthetic data can address three main challenges in healthcare data: it protects the privacy of individuals 

in datasets, it allows increase and faster access of researchers to healthcare research data, and it addresses the lack of 

realistic data for software development and testing. The review also identified seven major use cases of synthetic 

data in healthcare: a) simulation and prediction research, b) hypothesis, methods, and algorithm testing, c) 

epidemiology/public health research, d) health IT development and testing, e) education and training, f) public release 

of datasets, and g) linking data. Limitations about data leakage, data source and imputation dependencies, and 

concerns about utility and validity should be examined when developing and using synthetic data.  

Conclusion  

The review provided evidence that synthetic data is useful in a number of areas in healthcare. While real data usually 

remains the preferred choice, synthetic data hold possibilities in bridging data access gaps and in ushering 

innovations in the healthcare sector. The availability of datasets and tools reflect the growing interest and demand 

for synthetic health datasets. Users need to evaluate synthetic datasets for their quality and appropriateness for their 

intended use. 

Implications for Policy or Practice 

The use of synthetic data presents an opportunity to improving data infrastructure to help address some of the 

emerging health challenges (e.g., provide synthetic data to study opioid and maternal mortality) and accelerate 

patient-centered outcomes research. Future discussions and studies should focus on examining synthetic data’s 

validity in different use cases, establishing its utility in research, and promoting awareness among the research and 

health IT community. Standards and best practices for validating synthetic dataset as well as the tools and/or 

techniques used to generate them should be examined and made available to researchers. Research should also 

continue in exploring how methods can be implemented to address some of the technical challenges in developing 

and using synthetic data, for example, using differential privacy techniques and disclosure control evaluation. 
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Abstract  

As members of the healthcare team, Chaplains document in the EHR. However, other members of the healthcare team 
do not consistently use this documentation to inform their practice. This study seeks to understand gaps in Chaplaincy 
documentation and use of that documentation across the care continuum. Therefore, a comprehensive synthesis of the 
literature was conducted. Findings suggest that inconsistency in spiritual assessments could contribute to sporadic 
use of chaplaincy documentation across the care continuum.  

Introduction 

As members of the healthcare team, healthcare Chaplains document their patient visits, interventions, and outcomes 
in the electronic health record (EHR)1,6,8. However, literature suggests that chaplain documentation is used 
sporadically by other members of the care team across the care continuum1,4. Such sporadic use of important spiritual 
assessments could lead to unintentional gaps in holistic care, including the role of spiritual care in improved patient 
outcomes4,5. As such, a comprehensive synthesis of the literature was conducted to better understand gaps in chaplain 
documentation and the use of such documentation across the care continuum.  

Methods 

Across five databases, 123 articles were found from 01/01/2009 to 12/31/2019, of which 13 met the final inclusion 
criteria. To allow for in-depth and rigorous analysis, each paper was loaded into Nvivo (Version 12 Plus, 2018) and 
coded using open coding and then axial coding. This process allowed for early identification and iterative streamlining 
of themes as well as relationships between those theme7. 

Results 

Four major themes emerged: 1) Spiritual assessment; 2) Interventions; 3) Outcomes; and 4) Evidence-based practice. 
Further analyses of the relationships between these themes suggest that current documentation lacks the: use of 
standard nomenclature, consistency in spiritual assessments and spiritual screenings, and consistent documentation of 
specific interventions performed and associated outcomes. Moreover, chaplain documentation can include a patient's 
spiritual practice that impacts medical care which the medical team needs to be aware of for continuity of care.8  

Conclusion 

This study identified three major gaps in chaplain documentation that may be contributing to its lackluster use across 
the care continuum. Chaplains have adopted EHR documentation, which is consistent with wider trends in EHR 
adoption3. However, current chaplain documentation lacks standardization and consistency and does not seem to 
support evidence-based practice. Building from this study, future research would include analyzing EHR 
documentation to model the chain of spiritual documentation across the healthcare continuum. Ideally, this line of 
research would include in-depth interviews to better understand the how and why behind the use of chaplain 
documentation.   
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Introduction 

Hypertension (HTN) is the most common chronic disease in the U.S. and a leading risk factor for heart disease1. While 
approximately 75% of adults with hypertension are taking medications, only half have blood pressures that are under 
adequate control1. Conversational agents or chatbots, which are computer systems that converse with people, have 
demonstrated the potential to deliver self-management interventions in an engaging manner2. However, little is known 
about patient perspectives towards using chatbots to support HTN medication self-management. The objective of this 
qualitative study was to assess information needs and preferences for using chatbots to support HTN self-management.  

Methods 

Semi-structured interviews were conducted to assess HTN self-management information needs and preferences for 
using a chatbot. Purposeful sampling was used to select adults (18 years+) with HTN who were prescribed at least one 
HTN medication based on age, race, gender, education, and number of medications. Participants were shown a short 
video of a commercial health-focused chatbot and then asked about their perceptions of using a chatbot for HTN 
management using an interview guide. Barriers and facilitators for using chatbots were also elicited. Interviews were 
audio-recorded, transcribed verbatim, and imported into NVivo software for analysis. Transcripts were analyzed using 
applied thematic analysis by two reviewers (AG, ZX), and discrepancies were adjudicated by a third reviewer (SM). 
Transcripts were double-coded until a Cohen’s kappa of 80% was reached, which was after coding three transcripts. 

Results 

Thematic saturation was met through interviewing 15 participants. Participants had a mean age of 59 years (SD = 11), 
53% were female, 66% were White, and 60% had at least a college degree. The majority of participants (60%) had 
HTN ³ 5 years, took 6 prescription medications (SD = 4), but only 20% had used a chatbot before. Thematic analysis 
revealed several key themes, which included medication and refill management needs, perceptions of chatbots for 
HTN self-management, and intrusiveness. Medication needs included: 1) a medication list with frequency and dosage 
(current and past), 2) information about side effects, potential interactions, and similar medications, 3) the ability to 
track when medications are taken, and 4) the ability to set medication reminders, particularly on weekends or holidays. 
For managing refills, participants were primarily interested in being able to view the number of refills left and the date 
of next refill, set up alerts to order or pick up medications, and request refills. Overall, participants viewed chatbots 
positively for managing HTN, and most reported they would like to interact with the chatbot to help track their 
medications, refills, and blood pressures. Patients also wanted to be able to schedule appointments and share blood 
pressures with their care team via the chatbot. Some patients described interest in chatbots being integrated with patient 
portals. Several patients felt that chatbots may be intrusive if recommendations focused on lifestyle modifications. 

Conclusion 

Our findings are consistent with patient needs previously identified for medication self-management, and we 
contribute towards a better understanding of how chatbots could be leveraged for HTN self-management. While this 
is an emerging area, our results suggest there is curiosity and interest in interacting with chatbots, particularly if 
embedded within patient portals. Interest for using chatbots for lifestyle changes may vary across individuals. This 
research informs future design and functionalities of chatbot interventions to support HTN self-management.  
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Introduction 

An estimated 100 million Americans accessed their own health records online last year, which can prevent medical 

errors, increase shared decision-making, and improve health outcomes.1 Unfortunately, abbreviations and acronyms 

present a major barrier to patient comprehension of clinical text. The Joint Commission prohibits abbreviations in 

discharge summaries and other patient-only documents. Unlike patient-only documents, however, many sources 

contribute to health records and doctors' notes, and prohibiting abbreviations altogether is impractical and 

unrealistic. It is uncertain whether healthcare organizations should invest in post-hoc or automated abbreviation 

expansion in health records, and how much such efforts would improve patient communication. In this two-arm, 

parallel, individually randomized trial at five urban hospitals, our objective was to assess patient comprehension of 

abbreviations in health records, and quantify the potential impact of abbreviation expansion. We compared patients' 

objective comprehension (primary outcome) of common abbreviations (control group) or corresponding expansions 

(intervention group) in health records, controlling for prior health system exposure, context, and difficulty. 

Methods 

A purposive sample representative of the U.S. population on age, gender, and race was enrolled beginning January 

2020. To isolate the main effect, we included only English-speaking adult patients with advanced heart failure 

(NYHA Class III or IV) currently or recently hospitalized (<1 month ago). Participants were computer-randomized 

to receive clinical note text with abbreviations (control group) or expansions (intervention group). Providers rated 20 

abbreviations commonly found in heart failure notes as easy, moderate, or difficult for patients to comprehend, and 

we choose 10 abbreviations of varied difficulty for inclusion in the trial. The primary outcome was objective 

comprehension, assessed using the International Organization for Standardization Method for Testing Compre-

hension (ISO 9186),2 and defined as the summary (count) score of the total number of abbreviated or expanded 

terms comprehended. Baseline demographics and health literacy scores were collected. We conducted all analyses in 

R and compared groups using an unequal variances t-test. The Weill Cornell Medicine IRB approved the trial. 

Results 

So far, we have recruited 10 patients into the trial, 6 randomized to receive abbreviations and 4 randomized to 

receive expansions. On average, patient participants were 72 years old (range: 54-91) and were 40% female, 40% 

non-White, and 10% Latino. Overall, patients comprehended 95% (±6%) of expansions, but only 57% (±21%) of 

abbreviations (p=0.005). Patients with low health literacy comprehended fewer abbreviations (40% vs. 70%, 

p=0.35), as did patients with a lower level of education (ρ=0.80, p=0.053), although neither effect was statistically 

significant at this time. Provider perceptions of potential comprehension compared favorably with actual 

comprehension for abbreviations (56% potential vs. 57% actual) and expansions (89% potential vs. 95% actual). 

Conclusion 

Patient comprehension of abbreviations in health records was moderate-to-poor (57%), however, expanding 

abbreviations significantly enhanced comprehension (to 95%, p=0.005). These findings suggest that post-hoc or 

automated abbreviation expansion would improve health records transparency and should be encouraged. 
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Introduction 

In December, 2019, a pneumonia associated with a novel coronavirus, which was later defined as coronavirus disease 

2019 (COVID-19) by WHO, emerged in Wuhan and throughout China. Early research on clinical characteristics of 

the disease showed that characteristics of patients who died were in line with the MuLBSTA score, an early warning 

model for predicting mortality in viral pneumonia1. We used the model to predict the mortality rate of COVID-19 

patients in a city near Wuhan and took early interventions on high-risk patients. 

Methods 

Data preparation: E-health data of patients suspected or diagnosed of COVID-19 were extracted from the hospital 

information system (HIS) and electronic medical record (EMR) system of 9 designated hospitals to the central 

platform established for the city. A COVID-19 common data model (CDM) was well-defined and interpreted by 

medical informaticians and senior data engineers.  

MulBSTA scoring: All six indexes were calculated of each inpatient who were diagnosed of viral pneumonia. Number 

of pulmonary lobes was determined from the chest CT scan report. Lymphocyte count was extracted from laboratory 

information system. Bacteria infection was determined by antimicrobial treatment or elevated neutrophil granulocyte 

percentage. Smoking status was determined from personal history while hypertension from past medical history and 

examination on admission, both extracted from electronic medical record. Age was extracted from demographic 

information. Null values were calculated as zero points. 

High-risk report: Key information of the patients who were scored equal to or greater than 12 points would be reported 

to the COVID-19 headquarter of the city before 12pm every day, including admission time and MulBSTA score. Daily 

report would be delivered to clinicians next morning, who would decide whether early intervention should be taken.  

Results 

From Feb. 23th to March. 9th, the MulBSTA score was calculated for a total of 1258 patients and among which 915 

patients were still in hospital. The nucleic acid results were later confirmed by local disease control department and 

224 patients were positive of covid-19. 18 out of 224 patients were scored equal to or greater than 12 points, labelled 

as high risky. All the high-risk patients were transferred to the only two hospitals with intensive care units equipped 

with better apparatus of inspired oxygen and vital surveillance devices. Closer observations were made by the local 

medical team. Only one high risky patient died due to covid-19 and related complications, but another three patients 

also died whose score were 8, 11, 11 respectively. 

Conclusion 

The development of medical service and informatization were relatively backward in county towns in China. However, 

the pandemic of COVID-19 made the situation rather urgent to the local government. Our experience showed that 

mature and standard data processing workflow could quickly help local doctors analyze medical documents and as a 

result could provide clinical decision supports to them. Though more research were needed to validate the efficiency 

and effects of MulBSTA score and CDSS on prognosis improvement of COVID-19, this practice gave us confidence 

that medical informatization was an effective way to improve the quality of medical care and the capability of 

diagnosis and treatment in our country.  
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Abstract  
A corpus analysis was conducted to examine how social isolation was presented in the clinical narratives of cancer 
patients. We identified 18 attributes describing social isolation and risk of social isolation. The corpus consisted of 
500 clinical notes representing 73 cancer patients. Of those, 630 mentions were extracted based on 11 identified 
attributes of social isolation. Future analysis will evaluate the performance of the identified attributes of social 
isolation in a larger corpus. 

Introduction 
Social isolation is associated with poorer cancer treatment outcomes and survival. Information on social isolation in 
the electronic health records (EHRs) is documented in clinical notes. Because social isolation is an abstract, 
multidimensional concept without a standard definition, it is challenging to extract information about social isolation 
from clinical notes. Loneliness, lack of social support, and lack of social connectedness with others are often used as 
indicators for social isolation. However, other key indicators of social isolation, such as lacking a sense of social 
belonging, social participation, or access to social resources, are often not included for text information extraction. 
Thus, a more comprehensive list of attributes or features for describing social isolation are needed. 
Purpose 
The purpose of this study was to identify comprehensive attributes for the concept of social isolation and then examine 
how social isolation was documented by clinicians or presented in the clinical notes of patients with cancer.  
Methods 
This study had two stages: a scoping review and corpus analysis. For the scoping review, we followed Arksey and 
O'Malley's methodological framework to identify attributes of social isolation from literature in English published 
between 1990 and 2018. Online databases including PubMed, CINAHL, JSTOR, Web of Science, and PsycINFO 
were searched. Two nurses annotated a corpus of 500 randomly selected clinical notes of inpatients and outpatients 
with cancer using identified attributes of social isolation.  The inter-annotator agreement was strong (Kappa > 0.8). 

Results 
We identified 18 attributes of social isolation from 114 articles and then grouped them as social isolation (10 
attributes) and at risk of social isolation (8 attributes). In a corpus analysis of 500 clinical notes representing 73 
patients, 630 mentions were annotated as social isolation (n=17) or risk of social isolation (n=613) from 128 notes 
representing 37 patients. Of 18 identified attributes, 11 were used to annotate the corpus – 5 from social isolation (i.e., 
lack of social relationships, lack of participation social activities, lack of quantity of communication with others, lack 
of informational or material social support, and perceived lack of social support), and 6 from risk of social isolation 
(i.e., impaired mobility, living alone, social rejection, social role implying being alone, lack of social resources, and 
caregiver burden). Of 73 cancer patients, 37 (51%) had indicators of risk of social isolation; 4 (5.5%) had indicators 
of social isolation.  

Discussion 
This study demonstrated the feasibility of identifying social isolation and risk of social isolation in a small sample of 
clinical notes of patients with cancer. The majority of the identified attributes for risk of social isolation and half of 
the identified attributes for social isolation were used. Surprisingly, feelings of loneliness, a representative indicator 
of social isolation, was not used yet, suggesting the need for further evaluation in a larger corpus of clinical notes.  

Conclusion 
This study provided a comprehensive attribute list of social isolation which is useful for identifying social isolation 
and risk of social isolation from clinical notes. This will allow for future development of natural language processing 
algorithms for automatically identifying social isolation status. 
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Introduction 

Kaizen-Education started in 2012 as a web-only application that infused gamification principles into traditional 

learning environments by delivering competitive “quiz-style” games to learners. Gamification elements, such as 

leaderboards, badges and team play, promoted student engagement, learning course content and learning in teams1. 

The Kaizen-Education platform consists of two parts: the Player Portal (allows learners to play educational question-

based games built by their educators) and the Game Manager Tools (allows educators to make customized educational 

games). Although the web-based Player Portal has effectively provided value in several medical residency and nursing 

education programs across different universities, it lacked the faster and more responsive experience the mobile 

platforms offer. In an effort to enhance the Player Portal, we set out to create a mobile app and gauge its usability. 

Methods 

During the analysis and design phases of the new version of the Kaizen-Education Player app, we followed a user-

centered design framework to ensure long-term and meaningful gamification by exploring intrinsic and extrinsic 

motivators, universal design for learning, and player-generated content. We used prototyping as an ideation method 

to explore alternative solutions and to engage with end-users. Mockups and high-fidelity prototypes were created to 

represent the new user interface. Nielsen’s heuristics were used to identify problems and improve the usability of a 

system2. We also utilized other techniques, such as usability testing and interviews. Combining more than one 

technique allowed us to evaluate and detect additional usability improvements and incorporate them into the final 

design. Once this revised version for the Kaizen-Education app was completed, a panel of students and educators 

(N=12) were asked to complete a System Usability Scale questionnaire and a semi-structured interview. 

Results and Conclusion 

The new version of the Kaizen app was found to have a 

good to excellent performance (84% SUS score) in the 

aspects of effectiveness, efficiency, and overall ease of 

use (Figure 1). We continue implementing the feedback 

provided by the users in the interviews, in most cases 

matching the heuristic violations found, including 1) a 

lack of help and documentation (eg., how badges work),  

2) a lack of visibility of system status (eg., no push 

notifications)  and 3) absence of error prevention (eg., use 

of confirmation dialog before logout). The shortlist of 

violations found was a result of our systematic approach 

of creating the app using a user-centered framework and applying several usability principles. This approach resulted 

in an improved application, in terms of usability, that will be useful in enhancing the user experience and engagement 

of learners. We will also redesign our Game Manager Portal to include item analysis and access to data so that 

educators can analyze the information captured in the app to unlock insights into optimal play strategies to enhance 

academic performance through educational analytics. 
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Figure 1: SUS Score and Interpretation3 
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Introduction  
Clinical trials are a mechanism by which new cancer therapies are tested and emerging therapeutic options are available when 

standard treatments have failed. Paradoxically, less than 5% of eligible adult cancer patients enroll in trials despite 70% 
expressing a willingness to participate1.  Manual screening of patients for clinical trials is onerous. Cancer-trial eligibility 
criteria vary significantly by cancer type and change frequently with the rapidly evolving science of targeted therapies. Very 

specific inclusion criteria must be considered, such as EGFR, ALK and ROS1 status in lung cancer; KRAS and NRAS status 
in colorectal cancer; or FIGO stage in endometrial cancer. Efficient trial matching requires a system that can ingest clinical 
trials, extract attributes from patient data and trial information, and match clinical trials with eligible patients.  

 
Methods 

The Watson Clinical Trial Matching (CTM) system was developed by IBM Watson Health in collaboration with the Mayo 
Clinic Cancer Center in Rochester, Minnesota. CTM is an artificial intelligence (AI)-based system that uses proprietary 
natural language processing (NLP) and machine learning (ML) to ingest inclusion and exclusion criteria from clinical trials 

and patient data in electronic health records (EHR) and then match eligible patients to tria ls. CTM ingested clinical trials 
from ClinicalTrials.gov and from the Mayo Clinic trial registry database, and it then extracted patient and trial attributes and 
eligibility criteria for each cancer type.  Patient and clinical trial ground truths were generated and refined interactively using 

CTM and subject matter expert (SME) review.  SMEs assessed both structured and unstructured EHR data sources, including 
laboratory results, vital signs, medications, demographic information, and unstructured clinical notes. Clinical notes obtained 

from the EHR were reviewed to determine whether a relevant cancer attribute was identified in each document. Using these 
ground truths, CTM was trained to extract clinically representative information from EHRs and match patients with clinical 
trials. 

 
Results 
Watson CTM was successfully trained for twenty-one cancer types. The number of attributes required for satisfactory 

matching performance ranged from 10 in cervical cancer to 44 in lung cancer. Attribute numbers by cancer type included 
anal (18), biliary (22), bladder (17), breast (28), cervical (10), colon (25), colorectal (26), endometrial (12), esophageal (23), 

gallbladder (20), gastric (20), gastroesophageal junction (22), kidney (15), liver (24), lung (44), neuroendocrine tumor (21), 
ovarian (17), pancreatic (22), prostate (23), rectal (25) and small bowel (26). Follow-on analysis with Cohen’s kappa is 
currently under review and will be provided during the presentation. In an evaluation conducted at a  separate research site2, 

CTM demonstrated accurate eligibility classification for 102 lung cancer patients and 10 trials with recall (sensitivity) of 
83.3%, precision (positive predictive value) of 76.9%, negative predictive value of 95.7%, and specificity of 93.8%. At 
another site, agreement between system and manual review for breast cancer attributes ranged from 64.3-94%, 81-96% for 

eligibility determination with specificity 76-99%, and sensitivity of 91-95% for 3 trials and 46.7% on a fourth trial3.  
 

Discussion and Conclusion  
This poster describes the successful development and training of an AI-based clinical trial-matching tool. Training was 
performed interactively with cancer experts using contemporary patient and trial data at a  large, tertiary academic medical 

center. A highly variable number of cancer attributes were identified for each cancer type, and the system has demonstrated 
highly specific eligibility determination, enabling accurate identification of ineligible patients in the prescreening process.  
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Introduction 

Telehealth can improve access to care which can result in improved outcomes and patient satisfaction. This is of 

particular importance for patients and families of those with rare disorders, as expertise may be concentrated in a 

few areas throughout the country.  Access issues are compounded for those in rural areas or in other areas of need [1, 

2].  We sought to understand uses of telehealth for identification, management and treatment of rare genetic 

disorders.  We also identified barriers and facilitators for telehealth uptake and use for this population.   

Methods 

This work was conducted as part of a larger effort to support patients and caregivers with Severe Combined 

Immunodeficiency (SCID).  Keywords and MeSH terms were identified related to telehealth, genetic disorders and 

rare diseases and searched across several databases including PubMed, Web of Science, Embase, PsycINFO, New 

York Academy of Medicine Grey Literature Report and Google Scholar.  Articles were reviewed and themes 

identified. 

Results 

There was a wide range of uses of telehealth for those with genetic disorders.  Uses included direct care (virtual 

visits, family-based interventions, support groups, genetic counseling), patient and family engagement 

(coordination, communication, health coaching), and provider education (consultation, expert opinion).  Some 

focused on increasing access in areas of national need [3] whereas other studies did not have a location focus.  

Barriers to telehealth implementation and use included legal and policy issues such as licensing and credentialing, 

funding and reimbursement, operational considerations and technology acceptance.  Facilitators include flexibility, 

support for collaboration across providers, the need to maximize the workforce due to the shortage of genetic 

counselors, and patient demand. 

Discussion 

The state of the evidence in this field is characterized by pilot and feasibility studies.  Thus, future work should include 

larger systematic studies which can support the state of evidence in a more generalizable manner.  Some of the areas 

for future study include considering the implications of telehealth and identifying how it fits into the spectrum of 

identification and treatment for genetic disorders.  In addition, identifying and prioritizing appropriate uses of 

telehealth versus face-to-face care for genetic disorders is an area for future study.   

There are a number of considerations in providing telehealth services to address going forward.  These include 

developing parameters around provision of telehealth services.  In addition, due to the shortage of genetic counselors 

and inconsistent reimbursement, some are moving to a direct-to-patient model.  The implications of this model and 

care coordination and provision must be studied.  Usability and user needs for patients and providers is another area 

for future study.  This can include technology adoption and acceptance considerations.  Finally, study of ways to 

address sustainability of services is an area to address. 
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Introduction: Developing treatments for rare diseases is challenging due to the insufficient evidence and poor access 
to innovative drugs and technologies1, additionally, there is limited mechanisms to screen related studies from massive 
information resources such as clinicaltrials.gov and PubMed. Most existing search engines provide complex 
parameters to filter rare disease query results, and requires users to have sufficient search skills and specific knowledge. 
To address this issue, this study aims to promote the exploration of rare disease studies in existing study repositories 
by using natural language processing and data visualization techniques.  

Materials and Methods: We identified the relevant information needed for identifying rare disease studies and 
extracted the free text information of research proposals in our institutional review board (IRB) system through a 
research data warehouse. This information includes the study titles, abstract, the summary of methods and 
disease/condition coding. A total of 11,690 active studies conducted in Mayo Clinic during the past 10 years were 
targeted. Among them, 3,247 studies had their diseases and conditions being studies annotated manually by domain 
experts in SNOMED terms for both our research and internal use, while the rest 8,402 studies remain to be annotated. 

To identify whether a study is related to rare diseases using unstructured text data, we designed an ensemble model 
that includes a text search model based on keyword matching and a concept search model based on rare disease 
ontology (as shown in Figure 1(a)). In the text search model, we use regular expression technique to query rare disease 
terms based on a keyword list from the Genetic and Rare Diseases (GARD) information center and the Orphanet. In 
the concept search model, we first extracted medical concepts from the texts of studies by MetaMap2, and then 
searched these concepts in a “rare disease – medical concept” dictionary based on the rare disease ontology from 
Orphanet. Moreover, we designed a visual exploration tool for interpreting the identification results. 

Results: Evaluation on the annotated dataset shows that the text search model achieve higher performance (Precision: 
74.26%, Recall: 60.48%, F1 Score: 66.67%) than the concept search model (Precision: 76.55%, Recall: 32.42%, F1 
Score: 45.55%), and the ensemble model achieves overall better performance with a minor decrease in precision 
(Precision: 73.11%, Recall: 64.41%, F1 Score: 68.49%). With the ensemble model, we identified 1,912 rare disease 
studies out of the 8,402 and visualized the results in an interactive interface (as shown in Figure 1(b)). 

Conclusions: The ensemble model could identify rare disease studies from unstructured clinical text and the visual 
design could improve the interpretability of the identification results, demonstrating the feasibility to translate the 
developed approach to internal usage on identifying rare disease studies. 

  

Figure 1. (a) The data processing procedure and (b) the screenshot of the visual exploration tool. 
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Introduction 

While it is well-recognized that pharmacogenomics (PGx) has the potential to predict increased likelihood of adverse 

drug events, lack of relevant PGx guidance within the clinician workflow and increasingly voluminous genomic data 

can cause cognitive overload1. Clinicians provide care within the context of patients’ symptoms or conditions. 

However, PGx support is traditionally provided within the context of patient medications. The disconnect of 

medication-based PGx recommendations and condition-based treatment decisions increases cognitive demand. To 

maximize the value of PGx recommendations and minimize the cognitive burden during the therapeutic decision-

making process, we leverage electronic health record (EHR) data, and medication-condition mapping to make PGx 

recommendations more accessible, meaningful, and clinically relevant.  

Methods 

We established interoperability between Intermountain Healthcare’s Laboratory Information Management System 

(LIMS) and a third party-vendor that provides discrete genetic variant data and PGx recommendations through a 

RESTful API2. To make the systems semantically interoperable we transformed the third-party vendor’s medication-

centric data model to the variant-centric data model of our LIMS. We made PGx data viewable in the EHR using the 

LIMS variant API. To bring the PGx recommendations into the context of patient health concerns, we leveraged 

mappings from generic medications to conditions. Medications were first mapped to their generic equivalents, then 

they were mapped to medication categories, which were in-turn mapped to conditions. Generic medications that were 

mapped to patient conditions are highlighted in the user interface.  

Results and Discussion 

We successfully integrated the PGx recommendation module into existing workflows of our EHR. The 

recommendations are conveniently presented in the landing page of the patient chart. The patient’s genetic data, 

current medications, and clinical history are collected, combined, and presented in real-time. E.g., patient Jon Doe has 

a history of anxiety with panic disorder and recurrent depressive disorders, for which he takes Escitalopram. However, 

he is neither taking any diabetes relevant medications nor is at risk for diabetes. Medications for panic disorder may 

have clinical relevance due to Jon’s medical history. Although he is not currently on any anxiolytic medications for 

panic disorders, benzodiazepines and other anxiolytics with PGx implications should be surfaced and made available 

for clinical assessment. Our tool readily exposes these under panic disorders in the clinician view. Furthermore, 

medications for depressive disorders with PGx implications are immediately relevant in treating Jon, as he is currently 

taking one of these medications. The tool highlights recommendations for prescribed medications and medications 

indicated by the patient’s current condition(s). Finally, diabetic medications with PGx implications are not applicable 

to Jon and hence should not be highlighted. Our tool accomplishes this by suppressing recommendations that are not 

relevant to patient conditions. Through this tool, we streamlined clinician access to PGx recommendations for over 

5000 patients. Additionally, clinician feedback indicated that the tool provided foundational knowledge of PGx in the 

context of patient conditions and advanced the ability to act on PGx by suppressing non-relevant PGx interactions. 

Conclusion 

To lower the cognitive burden associated with treatment decisions, a module to contextualize PGx recommendations 

inclusive of the context of patient conditions was developed, and successfully implemented across the organization. 

Future work includes continuous assessment of patient outcomes and further standardization of the API interactions. 
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Introduction: Concept normalization is traditionally scored as a simple correct/incorrect comparison of concepts from 
a closed class of mutually exclusive terms. As such, basic accuracy (correct / total) is a sufficient metric. However, 
when concepts are hierarchically related, basic accuracy has the potential to hide structural performance biases and 
ignore near misses, among other drawbacks1. In these cases, metrics that account for hierarchical distance are a better 
choice. For instance, the 2019 n2c2 Challenge Task 32 evaluated clinical concept normalization to Concept Unique 
Identifiers (CUIs) from the UMLS Metathesaurus, a resource with a rich hierarchy. 

Methods: We have extended the official Challenge Task evaluation script to include hierarchical metrics3. The top 
ten teams from the challenge have released their system outputs, allowing us to perform a meta-analysis across all 
systems to both better understand the quirks of each system and to explore the utility of basic accuracy versus 
hierarchical measures of accuracy, precision, recall, and F1-measure. 

UMLS Metathesaurus concepts are assigned semantic types organized into semantic groups. The first hierarchical 
metric we assess is accuracy when comparing semantic types or groups instead of CUIs. That is, regardless of the 
exact CUI, can a system normalize to the correct semantic type or group? The second hierarchical metric requires 
extracting all ancestors of a CUI. We used the UMLS API and our own custom lexicon tools3 to build this reference 
and limited the maximum depth to ten generations. We then measured hierarchical accuracy by allowing for a 
normalization to count as correct if the reference CUI is a direct ancestor or descendent of the system output CUI by 
at most depth generations (depth = 0 is basic accuracy). Finally, we calculated hierarchical precision, recall, and the 
F1-measure1. Conceptually, high hierarchical precision means that the system output does not include too many 
additional concepts by being lower or more specific than the reference. High hierarchical recall means the reference 
CUI is not lower or more specific than the system’s CUI.  

Results: Using a confusion matrix to inspect semantic type and semantic group accuracy, we find that systems tend 
to choose the correct type and group during normalization. The leftmost panel in Figure 1 presents the increase in 
accuracy for each additional generation included in the evaluation across the top ten teams. The center and rightmost 
panel present the increases in hierarchical precision and recall, respectively. We can see that all teams receive their 
largest boost from just one generation of flexibility in evaluation. Teams are sorted by basic accuracy (TTI is highest). 

Conclusion: Basic accuracy is a good starting point for analyzing system performance. Hierarchical metrics, when 
the task and data allow, provide a fuller picture of performance and problem areas. 

 
Figure 1. Increase in Performance at Each Additional Hierarchical Level (Generation Depth) for the Top 10 Teams 
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Introduction 
   Clinical interactions are not commonly scored and most result in a clinical progress note. Interactions quantified by 
instrument scores are liable to training biases, lack of granularity, and enforced phenotypic dimensionality. Objective 
measurements derived from speech and facial features have been previously demonstrated to correlate with clinical 
assessment. Here we evaluate face, gaze, head, and speech features recorded during clinical interactions for useful 
disease state phenotypic information and potentially recover this otherwise squandered opportunity. 

Methods 
 Clinical interactions were voluntarily recorded from eight inpatient participants over 48 sessions with a Zoom Q8 
camera and two channel audio through into laptop. Face action units, head pose, and gaze features were calculated 
using the OpenFace library1,. Acoustic, prosodic, and linguistic features were extracted using common software tools 
(e.g. Praat, Opensmile, GloVe, LIWC). We evaluated the results of four algorithms (Support vector, Lasso, Ridge, 
and Linear regression) to infer several Brief Psychiatric Rating Scale (BPRS) sub-scores using a 10-fold cross-
validation approach. In addition, we visually explored the feature space for phenotypic subtypes and potential response 
to treatment. 

  
Figure 1. Trajectory of head motion per session (L) and words per session for clinician and patient (R). 

Results and Conclusion 

  From face, gaze, and head movement features we predicted non-zero BPRS depressive mood scores with accuracy 
of .93 and inferred BPRS depressive mood, blunted affect and motor retardation subscores with Pearson coefficients 
of (.78,  .82, and .76). Figure 1 on the left reveals the trajectory of faster head movement as depressive mood score 
decreases with the exception of patient 8 among participants diagnosed with depression. Figure 1 on the right shows 
words per session for clinician and patient. Patient 8 again displays an unusual depression phenotype producing more 
words than the clinician. Participant feature data plotted longitudinally exposes subtle changes in objective measures 
humans would find difficult to identify from memory. The cross-sectional plot facilitates comparison of patient 
features in context with each other. 
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BACKGROUND 

Due to the number of patients that move between the VA and DoD and other health care systems, information sharing 

is critical to the delivery of current and accessible health information, advancement of patient safety, provision of 

continuity of care, and promoting high quality service. VA recognizes that a thorough understanding of health 

information systems and standardized terminologies can reduce the incidence of incomplete and/or incorrect data 

transfer when migrating legacy patient data to COTS products. VA has identified key areas of concentration at both 

the system and data levels to promote seamless data migration of clinical data from legacy environments to COTS 

products.  

METHODOLOGY 

A workgroup with subject matter experts from the VA, DoD, COTS vendor, and the Federal Electronic Health Record 

Modernization (FEHRM) team was established to determine an efficient process to standardize clinical data from each 

organization’s native systems.  VA team members developed the following workflow that can be adapted for use in 

different clinical domains: a) extraction of data from VA’s corporate data warehouse (CDW) to determine usage, 

frequency count and occurrences for the most commonly documented patient clinical terms; b) cross-system analysis 

of data models, data structure, system dependencies and constraints (e.g., character limitation, format, term 

composition) for DoD and COTS EHR; c) review source data files and CDW extracts with terminology standards for 

coverage and representation of the most common terms; d) normalize clinical terms (remove vague, redundant, or 

ambiguous terms) and map to target concepts in RxNorm and SNOMED CT and to a COTS code. Tool sets used for 

mapping are limited to online terminology browsers, excel spreadsheets, and access database. 

 

RESULTS  

COTS medication, food, and environmental allergy data sets were reviewed and compared to existing VA data. 

Mapping VA medication, food, and environmental allergy data to mediation codes was then performed. Several 

gaps were identified such as difficulties with mediation of VA medication class allergens to COTS codes, lack of 

COTS food and environmental allergen entries compared to VA data, inability of the COTS product to communicate 

food/drug allergens to the VA food and nutrition COTS product, and the need to incorporate VA food and 

environmental allergens to the existing COTS allergy data. This work resulted in COTS software updates to parse 

drug/food allergens in order to send the identified allergens to the VA nutrition application. Also, VA has identified 

food and environmental  allergens that need to be added to expand the current COTS food and environmental data 

set. These actions will help ensure that  appropriate food allergy alerts are generated and thereby decrease the risk to 

patient safety. 

 

LESSONS LEARNED 

The use of mapping algorithms and tools can help increase mapping efficiency and accuracy. Data normalization 

rules should be established based on source data representation and data models. It is necessary to align mapping 

context (use case) and content coverage to determine appropriate terminology standards for clinical data 
integration. A thorough understanding of the legacy data structure is important to mitigate data omission or errors 

that may occur with migration to the COTS EHR system and for data exchange with external entities. 

CONCLUSION:  

Mapping of VA and DoD source data to  authoritative terminology standards provides coverage and completeness for 

terms that may not be encoded in the COTS EHR system. This approach ensures minimal loss of important clinical 

data in the migration process. Upon migration of VA and DoD to a single platform, integrated data extension will be 

used for clinical decision support in the COTS EHR system to trigger clinical alerts and promote patient safety. 
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Purpose 

 Healthcare information systems have historically suffered from multiple design and implementation flaws.  
Many clinical information systems do not match clinical workflows or clinicians’ information needs, leading to 
underutilized systems that often frustrate users.  Various sociotechnical models suggest organizations can intervene 
to stimulate employees’ system use.  This study explored the influencers on physical therapy managers’ use of clinical-
quality-based information system, validating and extending through the addition of contextual factors, an established 
framework of technology acceptance, the Unified Theory of Acceptance and Use of Technology (UTAUT).1,2  This 
study built upon a qualitative phase of the research that established important contextual factors rated to this use case 
for information systems implemention.3  

Methods 

 Researchers distributed surveys to 4441 outpatient physical therapy managers.  Surveys items were an 
extension of a previously validated UTAUT survey including additional factors generated from a preceding qualitative 
phase of the research.  The team analyzed surveys (8.66% response rate) using a combination of confirmatory factor 
analysis and structural equation modeling with an emphasis on both survey item validity and latent factor explanatory 
power.   

Results 

 UTAUT explained 64.9% of the variance in managers’ intention to use the systems.  Managers’ expectation 
that the systems aligned with their daily work and their habits using the systems were most explanatory of their 
intended use of the systems.  Adding age, years of experience as a manager, and gender had minimal impact on the 
model.  Adding, physical therapy-specific contextual factors, likewise added little additional explanatory power.  
However measurement of these additional contextual factors was generally poor.    

Conclusion 

 Contextual factors are difficult to measure quantitatively.  While UTAUT can explain a considerable amount 
of variance in end users’ behavior, additional important factors exist.  However, UTAUT was able to explain system 
use in PT managers.  Managers’ perception that a system was useful explained more of their intention to use the 
system than did their perception of the ease of system use.  Both of these factors were moderated by habit, suggesting 
developing sound behaviors early in their careers has a marked impact on eventual system use.     

Impact Statement 

 This study provides physical therapy organizations with a framework of supporting managers’ use of 
information systems to oversee clinical quality.  It also establishes a research framework for future study of 
information system use in physical therapy and illustrates the need for mixed-methods research approaches.  
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Introduction. Despite their prevalence, uptake of mobile health apps is limited.1 We examined use of mobile health 
apps among US military Veterans, including how Veterans learned about the availability of such apps, and the 

association between healthcare team member encouragement of app use and Veteran app adoption.  
 
Methods. We recruited a purposefully sampled national cohort of Veterans to provide feedback on VA patient-

facing technologies. We surveyed this cohort regarding (1) their use of mobile health apps developed by VA and 
other non-VA mobile health apps, and (2) perceptions of healthcare team member encouragement to use apps. 

Demographics, app use and how Veterans learned about apps were examined using descriptive statistics. 
Associations between VA healthcare team encouragement and app use were examined using chi-square tests.   
 

Results. To-date, 1,237 Veterans have provided complete data on the survey items in our analysis. Among them, 
47.3% reported that they used a VA health-related app and 38.4% reported that they used a non-VA health-related 
app. The top five ways Veterans reported learning about available VA health-related apps were: by reading about 

them on VA’s patient portal (37.3%), being told about them by their VA healthcare team (24.9%), reading about 
them on VA’s website (11.2%), hearing about them through Veteran Service Organizations (8.3%), and other 

approaches (11.3%), e.g., newsletters and flyers. Over a third (34.5%) of respondents agreed that their VA 
healthcare team encourages them to use apps and other technology to manage their health. A greater proportion of 
respondents who reported using (vs. not using) VA apps (62.5.3% vs. 39.3%, p<0.001) and non-VA apps (44.5% vs. 

35.2%, p<0.01) to manage their health reported being encouraged to do so by their VA healthcare team. 
 
Conclusion(s). We found a significant association between healthcare team member encouragement and reported 

use of health-related apps among US military Veterans. Veterans predominantly reported learning about mobile 
health apps through other VA technologies or their VA healthcare team members. Although these results are limited 

by the representativeness of our sample and potential for confounding effects, they add to evidence suggesting that 
endorsement of apps by a healthcare system or healthcare providers can positively impact patient uptake and use. 
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Learning Objective(s). After participating in this session, the learner will understand the reach of mobile health 

apps and issues related to their adoption, including how patients learn about available health-related apps and the 
important role that healthcare system and provider endorsement can play in uptake.  
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Abstract 

Here we describe the application of BioBERT, a biomedical text-mining model to automate the extraction of  

information from public data sources for creating a knowledgebase of Myxoma virus research findings.  This 

construct, with other manually-curated data sets from the scientific literature, will provide researchers with a highly 

explorable, graph-based database for new insight discovery. Our results demonstrate the utility of GPU applications 

and the value of a purpose-built, graph knowledgebase for rapid research deployment. 

Introduction 

Natural language processing and text mining approaches have been used previously to identify valuable information 

from published literatures. However, the performance of these approaches leaves room for improvement because the 

word distribution of general corpuses of text are not well suited to biomedical literature. To address this, BioBERT 

was developed as a model specifically trained for biomedical text[1]. Implementing BioBERT in a workflow to 

automate the development of databases of scientific knowledge would be a useful application for current research 

needs. We decided to focus on the Myxoma virus, due to the fact that the data would be of a manageable size and the 

data would present enough variability for us to determine the accuracy of BioBERT application. The objective of the 

research is to determine the effectiveness of using available programming languages and deep learning techniques to 

rapidly construct and populate purpose-built biomedical research knowledgebases to enable new insight discoveries.   

Methods and Preliminary Evaluation Result 

We used pre-trained weights of BioBERT as published in the BERT repository by Google and fine-tuned this model 

to extract information from public databases to build our own internal knowledgebase for Myxoma virus. In the fine-

tuning process, we used Species-800 datasets to train and test the model. This dataset is focus on species names which 

can be used in named entity recognition (NER). It collected eight hundred abstracts in PubMed that belong to eight 

categories including bacteriology, botany, entomology, medicine, mycology, protistology, virology and zoology. Each 

category has a hundred abstracts with PubMed ID, species name and the location of names in the articles. Then we 

randomly split them into three different parts: evaluation, training, and test. We tokenized the content of these abstracts 

and annotated tokens based on reference documents.  After these steps, we had input data to fine-tune the model with 

the training dataset, test dataset and evaluation dataset. We then wrote scripts to import data into a structured 

framework linking the data together based on common identifiers.  We used Neo4j for the underlying graph database 

construction and visualization, as well as standard file and folder architecture for hyperlink connection to data in the 

graph database. We evaluated the entity-level BioBERT NER mission result (Example Result, Figure 1).  

 

Figure 1. Performance evaluation result of the fine-tuning of BioBERT applied to scientific data. 

Conclusion 

Text mining models pre-trained on biomedical corpora have been shown to be promising. This study provides solid 

evidence that text mining could be effectively used on a specific subset of biomedical research to rapidly provide 

knowledgebases for new insight discovery.  
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Introduction 

The All of Us (AoU) Research Program is built around the hypothesis that accruing a diverse set of one million 
participants engaged in a longitudinal research cohort will improve human health and advance precision medicine. 
The AoU Data and Research Center (DRC)  has built a cloud-based resource, the AoU Researcher Workbench 
(Workbench), to deliver the largest dataset of its kind including physical measurements, survey responses, and 
electronic health record (EHR) data paired with powerful tools and compute capabilities.  The DRC is also charged 
with demonstrating the quality, utility, and diversity of the data and tools. To accomplish this goal, we built a 
Phenotype Library that is a dynamic repository of electronic phenotype algorithms including pseudocode and 
prepopulated queries accessible to all Workbench users. Here, we describe the initial Phenotype Library offerings 
available in the beta launch of the Workbench platform.   

Methods 

To select diseases for the Phenotype Library, we used the intersection of health areas prioritized by the AoU Science 
Committee with phenotypes that had existing eMERGE Network published algorithms requiring only the available 
structured data types from the EHR. This process resulted in 5 conditions: ischemic heart disease, breast cancer, type 
2 diabetes, depression, and dementia.  The documentation for the phenotypes was sourced from the PheKB resource 
and implemented using Workbench tools including Workspaces (where computational tools are available), Jupyter 
Notebooks (to query data in R or Python3 programming languages), Cohort Builder (a point and click tool to easily 
build cohorts), and the Dataset Selector (which is a UI tool to build tables and datasets to analyze in Notebooks).1 

Breast cancer, type 2 diabetes, dementia, ischemic heart disease, and depression algorithms were modified by adding 
their respective ICD10 and Rx norm codes for diagnosis codes and medications that were developed after the 
publication of the original algorithms. By including ICD10 and Rx norm codes, we were able to capture more recently 
diagnosed participants. The implementations for type 2 diabetes and ischemic heart disease focused on building 
cohorts directly from querying the data from the Curated Data Repository (CDR) into the Jupyter Notebooks. The 
dementia algorithm focused on using Workbench UI tools, Cohort Builder and Dataset Selector, to build participant 
cohorts. Depression and breast cancer algorithms used both Notebooks and the Cohort Builder tools to capture case 
and control groups of participants.  A denominator for each algorithm was defined as participants with any EHR data 
element which included 113,280 participants across the EHR upload sites. Of these participants, 25,945 had evidence 
of at least one of the selected conditions. The Phenotype Library is hosted within the Featured Workspaces section of 
the Workbench, a resource that includes a  fully integrated help desk and user forum available for support. 

Conclusion 

In summary, we successfully implemented 5 eMERGE  phenotype algorithms in the AoU Researcher Workbench 
tools.  This Phenotype Library provides users with these examples to expedite their research and compare their custom 
cohorts to previously published phenotypes. We will continue to publish phenotype algorithms as the dataset expands 
and new data types are added to the program.  
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Introduction 

In recent decade, tools and knowledge bases for Data Quality Assessment (DQA) have emerged that identify 

implausible data tuples in healthcare observational databases. A tool developed by Observational Health Data Sciences 

and Informatics (OHDSI) community called Data Quality Dashboard (DQD) contains expert-driven knowledge base 

(KB) with maximum and minimum thresholds for checking plausibility of values for laboratory tests values that are 

coded in LOINC (Logical Observation Identifiers Names and Codes). 

Methods 

We first evaluated existing DQD expert-driven thresholds KB in terms of coverage, development effort and 

consistency. Next, we designed a network study to extract aggregated data (per lab test-unit pair) from multiple sites 

and used the data to inform development of possible DQA methods. We designed and evaluated several methods for 

creating a data-driven KB for laboratory data DQA. Method 1 consisted of producing KB with percentile values and 

other benchmark data and checking whether evaluated dataset has significantly different percentile values. Method 2 

consisted of splitting threshold into two thresholds: extreme and plausible thresholds (for min and max). The extreme 

value was based on finding that at some sites we saw extreme values (e.g., 9999; referred to as special-meaning-

numerical-value or semantic value) present in the data. Creating an extreme threshold construct was a possible method 

how to identify semantic values across many datasets and lab-unit pairs. It was easier to achieve some consensus for 

extreme value methodology (based on formula of 1st/99th percentile ± standard deviation) among DQD developers 

compared to plausible thresholds. Finally, since we evaluated expert-driven KB for consistency across convertible 

units, we have also created and tested an additional knowledge base that facilitates unit conversions. 

Results and Discussion 

The evaluation of the expert-driven KB showed the following: (1) OHDSI datasets contain lab results not covered by 

expert-driven KB (330 distinct lab test present in expert-driven KB; 5,943 lab tests observed in network study); (2) 

development requires significant resources (several hours to review of hundreds of thresholds, need for multiple 

specialty expertise and expert consensus); (3) for some tests, thresholds values do not agree when defined for multiple 

units (convertible into each other). In the OHDSI network study (study repository at github.com/vojtechhuser/ 

DataQuality) we collected data from six OHDSI sites. The benchmark KB has data on 1,350 lab-unit pairs (data from 

2+ sites; full KB has 5,943 lab-unit pairs). Study repository contains the benchmark KB together with additional 

results (see extras/DqdResults), such as ranked list of common lab tests. The full data-driven KB contains data on 

additional 3,993 distinct lab tests not covered by the existing expert-driven KB (12.1 times more) and can facilitate a 

more comprehensive DQA. The most optimal DQA approach may involve combination of data driven approach 

followed by (or combined with) expert review. Besides planned integration into OHDSI DQD tool, our KB is self-

standing and can be used by other data models (we have developed an R script for PCORNet CDM). We have extended 

the study to also analyze ValueAsConceptId results.  Limitations: Our results are limited by the fact that only 6 sites 

contributed data. Acknowledgement: This research was supported by the Intramural Research Program of the National 

Institutes of Health/National Library of Medicine/Lister Hill National Center for Biomedical Communications. 
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What might the attendee be able to do after being in your session? 
An attendee would gain a better understanding of the current healthcare provider classifications, particularly those of 
behavioral health and the need for a new taxonomy to facilitate care coordination, research, and role-based access.  
 
Description of the Problem or Gap 
The motivation for this project arose from a study on provider perspectives on patient-controlled granular consent 
for sharing electronic health records at local integrated behavioral health facilities via the state health information 
exchange. We realized that clinicians and informatics professionals trained primarily in physical health 
environments have significant gaps in their understanding of the varied roles and preparation of providers in the 
behavioral health care environment. This is reflected in studies reporting “provider” perspectives as well as in 
professional communication. A further complexity is noted in that US states differ in their requirements for licensure 
and certification of physical as well as behavioral health professionals.  Better mutual understanding is needed to 
facilitate team-based care, perform comparisons for research and to configure systems that support electronic record 
sharing, including role-based access. A modern, standard taxonomy based on shared definitions and mutual 
understanding is needed. In order to address the information gap, we are exploring how the taxonomies are used at 
the national and local levels beginning with behavioral health classifications. 

 
Methods 
We performed a literature review on healthcare provider taxonomies where we noted a lack of detail regarding the 
description of individual health care professionals, particularly mental health professionals, though ample definitions 
were available for defining institutions and health systems. 1,2 The background, preparation, and qualifications 
(certifications, licensures, education, etc.) of healthcare professionals employed at two integrated healthcare facilities 
was analyzed and compared to national and state descriptions retrieved from the literature and professional 
organization websites.     
 
Results  
The most useful published taxonomy, the Healthcare Provider Taxonomy Code Set,  organizes providers as 
individuals, groups of individuals, and non-individuals (agencies, hospital systems, transportation systems, etc.).1 
This system was not usable for the researchers seeking to gain insights from logically grouping interview and survey 
responses from an heterogenous array of physical and behavioral health professionals. Using position titles, job 
descriptions, education, authorizations, state and national certifications and licensure, we found that prescriptive 
authority, was the most granular definition we could apply to compare the participants.  
  
Discussion 
The literature review demonstrated that current health care provider taxonomies 1,2 lack the detail needed to advance 
integrated care. A standard taxonomy based on shared definitions and mutual understanding is needed.   
 
Conclusion 
This study addresses the need for a more complete healthcare provider taxonomy for use by physical health, mental 
health, and integrated care organizations and proposes an approach that may support clinical, administrative, 
information technology and research needs. Future research will focus on the different uses of the taxonomy across 
different local organizations by conducting interviews at different behavioral health organizations.  
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Problem Addressed and Project Purpose 

Motivated by the transition to value-based payment models,1 there are growing efforts to capture information about 
patients’ social determinants of health (SDOH) in United States (US) healthcare and provide subsequent services 
targeted at those health-related social risk factors. The collection of data about social risk factors creates opportunities 
for healthcare providers to make referrals to social service agencies to address individual patients’ needs and to tailor 
treatment plans to individuals’ specific needs, a goal of precision health2,3. Hence, by accurately and appropriately 
collecting SDOH data from patients and actionably displaying these data to providers, healthcare systems may provide 
resources and effective patient-centered treatment, working towards the goal of achieving better health outcomes for 
patients who are disadvantaged2. While healthcare organizations are beginning to screen patients for numerous social 
needs using a variety of tools, no standard or universally-used screening tools or processes exist. At the same time, 
varied screening policies tailored to the needs of specific patient populations may be necessary to ensure accurate and 
appropriate data collection1. There is limited evidence on how social risk data collection is currently carried out both 
formally and informally in different clinical settings, suggesting open research questions such as what types of 
screening are offered, which types of providers or staff performs screening, when are patients screened, how are 
patients screened, and what is the impact of standardized screening practices on patients and providers? We have 
formed a partnership between Parkview Health and the University of Michigan to address these questions. 

Methodology Overview 

Parkview Health System is non-profit health system featuring nine hospitals in northeast Indiana and northwest Ohio.  
To identify existing social risk screening practices at Parkview Health, as well as those clinical areas in which formal 
or informal screening is currently underway, we convened two stakeholder meetings featuring 31 healthcare provider 
attendees in November 2019. Participants were asked to bring copies of any paper or digital screening tools currently 
in use, allowing for a show-and-tell session which they identified a range of unique social risk screening practices. 
Informed by the findings of the stakeholder meetings, we have begun interviewing providers and staff who participate 
in social risk data collection and use in 4-5 clinical sites so as to learn about individuals’ varied experiences using 
existing tools. We will analyze interview transcripts using a grounded theory methodology to generate novel theory 
describing how standardization impacts screening for patients’ social needs.  

Evaluation Results 

We will characterize existing SDOH screening practices of providers and staff using qualitative data from interviews 
and observations. We will use interview data to describe the impact of SDOH screening on patients. 

Conclusions 

Evaluating existing SDOH screening in a variety of clinical settings, made possible by our partnership, will allow us 
to learn of how screening impacts a diverse range of patients and providers and identify opportunities to inform a 
shared definition of SDOH, improve SDOH data quality, and evaluate the impact of screening standardization.  
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Abstract 

Patient portals empower adolescents to take a greater role in managing their own health care but depend on reliable 
mechanisms to maintain confidentiality. In practice, parents and guardians have been found to access adolescent 
portals, potentially violating the confidentiality of the portal system. We developed and validated a natural language 
processing (NLP) algorithm to analyze portal messages and quantify parent utilization of adolescent portals. Our result 
showed 43% of adolescent portals have been used by parents, which has important implications for how sensitive 
health information should be delivered.  

Introduction 

In many health systems, adolescents are allowed to create their own patient portal accounts to communicate with their 
healthcare providers1. Confidential communication is critical to encourage adolescents to seek care for sensitive health 
needs (e.g. mental health, birth control, substance abuse) and comply with state-mandated adolescent confidentiality 
laws2. While parents can register for a proxy portal to communicate with their child’s providers separately, in practice, 
some parents use their adolescent’s portal to directly communicate with providers. This study sought to investigate 
the degree of parental utilization of adolescent portals in one health system.  

Methods 

We included patients aged ≥ 12 years and < 18 years who have registered for an adolescent patient portal account 
(MyChart, Epic Systems, Verona, WI) with at least one non-automated message sent from the portal. We applied an 
NLP algorithm to flag messages if one of these criteria was met: (1) third-person references to the adolescent, (2) 
certain phrases such as “my son” or “my daughter” found in the text, (3) the salutation matches a relative on file. We 
subsequently identified the portal accounts that were associated with these flagged messages.  

Results  

There were a total of 1,094 unique adolescent patient portal accounts that met the inclusion criteria. We extracted a 
total of 13,610 messages associated with these accounts from June 2014 to February 2020. Of these messages, 2992 
were flagged by the NLP algorithm. Forty-three percent of adolescent portal accounts had at least 1 flagged message. 
We manually reviewed a random sample of 200 messages and validated that 97% of flagged messages were highly 
suggestive of parental access to the associated adolescent portal accounts. 

Conclusion 

Using an NLP algorithm, we identified high parental utilization in confidential adolescent patient portals in one health 
system. The result has important implications on how sensitive health information should be shared with adolescents 
electronically. As a next step, we plan to expand this study to two other health systems (Rady Children’s Hospital and 
Nationwide Children’s Hospital).  
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Abstract 

Medical text, like that found in electronic health records, contains health information vital to the care and treatment 

of patients. Other studies have used natural language processing (NLP) with supervised deep learning (DL) methods 

to automatically extract health information from medical text1. Here we show that a Transformer2 model with 

SentencePiece3 tokenization outperforms all other methods in correctly classifying the malignancy of neoplasms based 

on individual medical notes from the MIMIC-III4 medical record database.  

 

Introduction 

The advent of the electronic health record (EHR) has led to the generation of a vast amount of medical text, or text 

which contains health-related information, which other studies have shown can be mined using DL and NLP methods. 

Training time is an important factor in the development and training of new models for specific tasks. Reducing the 

burden of computing clusters in hospitals and other institutions can help accelerate the throughput of research 

workflows. Model selection and tokenization methods are therefore crucial for reducing training time. Here we 

evaluate the performance of long short-term memory (LSTM) and Transformer models in predicting the malignancy 

in neoplasm-related medical notes from the MIMIC-III database. We also show the performance difference between 

a manual, generic tokenization method and subword tokenization using the SentencePiece package. We found that the 

transformer with SentencePiece tokenization outperformed all other methods.  

 

Methods 

We implemented the LSTM and Transformer classifiers using the PyTorch Python package. We preprocessed the 

medical notes from the MIMIC-III database, selecting only notes with ICD-9 codes related to neoplasm presence, by 

designating each note as a single document, which we then passed into the SentencePiece Python implementation to 

generate the subword model for SentencePiece tokenization. For generic tokenization, we tokenized each note by 

individual word after removing punctuation. We split the remaining documents 90:10 for training and testing.  

 

Conclusion 

The Transformer model was able to achieve peak accuracy in the smallest number of training epochs. Similarly, 

tokenization methods did not impact the ultimate performance of the model, but subword-based tokenization through 

SentencePiece was able to reduce the number of training epochs needed to achieve peak performance compared to a 

simple tokenizer. The multiheaded attention of the Transformer and the subwords of SentencePiece make for a 

significant reduction in epochs required for training. 

 

References 

1. Barbieri S, Kemp J, Perez-Concha O, Kotwal S, Gallagher M, Ritchie A, et al. Benchmarking Deep Learning 

Architectures for Predicting Readmission to the ICU and Describing Patients-at-Risk. Scientific Reports. 2020;10(1). 

2. Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz Kaiser, and 

Illia Polosukhin. Attention is all you need. Advances in Neural Information Processing Systems, pages 6000–6010, 

2017. 

3. Taku Kudo and John Richardson. Sentencepiece: A simple and language independent subword 

tokenizer and detokenizer for neural text processing. arXiv preprint arXiv:1808.06226, 2018. 

4. A. E. W. Johnson, T. J. Pollard, L. Shen, L. H. Lehman, M. Feng, M. Ghassemi, B. E. Moody, P. Szolovits, L. A. 

G. Celi, and R. G. Mark. MIMIC-III, a freely accessible critical care database. Scientific Data 3: 160035, 2016. 

1797



Prevalence and Survival of Lip, Oral Cavity and Pharyngeal Cancer 
Yaswitha Jampani, MS1, Abu S. M. Mosa, PhD, FAMIA1 

1Department of Health Management and Informatics, University of Missouri, 
Columbia, MO 

Introduction   
Oral Cancer can be defined as cancer that forms in tissues of the Oral cavity or Oropharynx. This type of cancer 
is less fatal and preventable at early detection. In 2019 about 3% of all new cancer cases that were reported are 
Lip, Oral cavity and pharynx carcinomas, and of all cancer deaths, deaths related to this cancer accounted 1.8% 
in USA. In this poster, we will present our study on the prevalence and 5-year relative survival as well as the 
application of advanced computational approach for discovering the factors affecting 5-year survivability.  

Materials and Method  
We used SEER Stat Software 8.3.6 version and SEER data for analyzing the prevalence and 5-year relative 
survival rates. We included SEER 9 and 13 Regs, Nov 2018 data bases with total cohort population of 97,969 in 
this research. Our inclusion criteria comprise of all age groups, gender, and the population listed under ICD-O3 
codes for Lip, Oral cavity and Pharynx (C00-C14). We excluded all benign tumor categories. We used observed 
survival method with age adjusted percentages for prevalence calculations and relative survival, and Ederer II and 
Actuarial methods for 5-year relative survival. Moreover, for discovering the factors affecting 5-year survivability, 
we plan to use Decision Tree, Logistic Regression, Naïve Bayes, Neural Network and Support Vector Machine, 
and compare their performances. 

Preliminary Results 
To see the trend changes in survivability have plotted a graph based on the 5-year survival analysis results with 
end study years 1980, 1990, 2000, 2010, 2016 where we had seen an increase in trend from 53% to 59.7%. This 
shows that death rates due to lip, oral cavity and pharynx cancer are decreasing gradually (Figure 1(a)). The 
prevalence rates are more among the males with 0.5% seen in 70-74 age group whereas in females 85+ years age 
group had highest prevalence with 0.19%   (Figure 1 (b)). Moreover, the death rates are higher among 85+ age 
group in both males and females which is natural at that age and doesn’t prove relevance to the disease.  

 
(a) 

 
(b) 

Figure 1. (a) Showing the percentages change of relative survivability, (b)Showing prevalence and death rates 
based on age and gender 

Discussion:  
Increase of survival rates might be because of the slow prognosis and better treatment modalities of the disease. 
Jansen et al. (2018)1 presented that incidence rates were increased drastically from 1999 to 2013 due to human 
papilloma virus even with lowered rates of major risk factors like tobacco and alcohol. As SEER cancer registries 
don’t include the virus etiological factors, in our study we decided to use advanced computational approaches. 
These approaches are for mining large cancer registry datasets to discover the etiology and to understand the 
factors that affect mortality, which is still under process and will be included in the poster. 
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Introduction 

Arden Syntax is an American National Standards Institute (ANSI) formalism supervised by Health Level Seven 

International (HL7) for representation of procedural medical knowledge with the goal of facilitating sharing units of 

knowledge known as medical logic modules (MLMs).  Some site-specific changes must occur in order for a 

knowledge base to be transferred from one site to another.  Key to minimizing site-specific changes is the 

standardization of database linkages, which in turn requires identification of a standard data model, vocabularies and 

query syntax.  This is sometimes known as the “curly braces problem” of Arden because of the syntactic construct 

used to enclose these site-specific references1. While possible data models have been examined in HL7 for this 

purpose, none has yet been selected.  The Fast Healthcare Interoperability Resources (FHIR) standard has been 

considered, but it is relatively immature.  By contrast, the Observational Medical Outcomes Partnership Common 

Data Model (OMOP CDM) has evolved to v6.0 and is commonly used to aggregate data from disparate sources in 

registries and other health data repositories.  The present work was undertaken to assess the CDM’s utility as a 

standard data model for queries in the Arden Syntax, which is important because of Arden’s use internationally in 

the systems of multiple vendors in organizations that would benefit from knowledge sharing. 

Methods 

A previously assembled, robust convenience sample of MLMs was examined.  The MLMs were concatenated; 

regular expressions in a text editor were used to extract the data query statements; and the data elements therein 

were identified.  Each then was assessed to ascertain whether it could be represented using OMOP CDM v6.0. 

Results 

A total of 340 MLMs were pooled from 6 source CDS systems, including 19 from 3 vendor knowledge bases and 

312 from 3 academic medical centers, encoded in Arden Syntax v2.1 but compatible with v2.10.  MLMs concerned 

mainly with lab tests were the most common (138/331 = 42%), followed by clinical assessment or classification 

(75/331 = 23%) and medication (45/331 = 14%).  The remainder addressed administrative and miscellaneous topics.  

Each MLM contained at least one READ statement with a data query.  A total of 3268 queries were identified, and 

the data elements therein were compared to CDM tables to assess whether they could be represented.  All the data 

elements in these queries could be represented in CDM tables, including laboratory test results in 

MEASUREMENT, medications in DRUG_EXPOSURE, hospital admissions in VISIT_OCCURRENCE, orders in 

PROCEDURE_OCCURRENCE and problems in CONDITION_OCCURRENCE.  Some data elements were 

complex (e.g., bacteriologic reports) but still were representable in CDM.  While the CDM does not explicitly 

incorporate intermediate or decision support blackboard data (that is, output of 1 MLM that is input for another) or 

output messages, these can be represented in the OBSERVATION table.  Elements that were not directly 

representable in other data models previously proposed for the Arden Syntax such as the HL7 Virtual Medical 

Record (e.g., reference ranges and pregnancy status) were representable in CDM.  Of note, the primary time of 

query data elements in Arden is an implicit attribute of every query variable and is not explicitly represented in 

MLMs, but this, too, is representable in the CDM. 

Conclusions 

OMOP CDM is adequate to represent the data elements found in a large set of query statements in a corpus of Arden 

Syntax MLMs.  Consideration should be given for the use of the CDM to represent data elements in a standard way 

in queries in the Arden Syntax in order to facilitate knowledge sharing. 
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Introduction 
This study examines a surge-management system (SMS) which has improved key emergency department (ED) wait-
times (e.g. time to physician initial assessment, patients who left without being seen) at a rural Canadian, 80-bed 
hospital. The SMS is installed in the ED nursing station, and staff receive notifications of surge levels through a 
smartphone app, and through email and text messages. Patient demand and capacity are entered in the system, and a 
surge level score is calculated in real-time. Each score has a corresponding set of prescribed actions for frontline 
workers. The SMS was implemented as one part of a seven-step intervention over several years (external review, 
Lean training, fast track implementation, patient-centeredness training, door-to-doctor approach, performance 
reporting, and the SMS). See the WJEM article for further information on the SMS1. This study examines the 
implementation and use of the SMS through the lens of work system theory (WST)2, which views the work system 
from a static framework, and as having a dynamic life cycle. WST is based on the premise that systems, and the 
work processes they impact, must be properly managed to fit with practice. It sees the adoptive entity as not just the 
system, but as the entire IT-enabled work system.  

Methods 

We followed a longitudinal case study methodology. We have  
conducted 14 hours of observation, and 22 interviews with front- 
line clinicians and management. An online survey was completed  
by 23 people who play a direct role in surge-management at the  
hospital (less than 50 directly involved with this process).  

Results 

The interventions helped to ensure alignment among  
elements in the WST’s static framework and created a  
strong commitment to the SMS - 72% of survey  
participants were satisfied with use of the system,  
and 82% felt it was integrated with their work- 
flow. Viewing the SMS as part of dynamic  
work processes with a series of changes that  
emerged through planned and unplanned  
events and their interactions, highlighted  
the importance of interventions that  
helped to manage the changes. The  
changes were managed well - sufficient resources were available to support the change (70%) and sufficient 
management support for the changes (79%).  

Conclusion 

Through this conceptualization of the surge-management process through the lens of WST, we capture how the 
interventions, helped to ensure successful implementation of the SMS. The findings can guide further research and 
implementations of health systems that are part of an integrated workflow. 
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Introduction 

Natural language processing (NLP) has been widely used to identify and extract health related information from free 

text in clinical records and to detect health risk factors and adverse health events. An individual’s functioning, defined 

as participation in activities one needs to do, wants to do, or is expected to do, such as dressing, doing housework, or 

socializing1 is increasingly perceived as an important health indicator. Capturing functioning concepts using NLP, 

however, has been limited due to the lack of ontologies, terminologies, and shared datasets for research2,3. To develop 

these key resources, we developed a workflow for curating annotated corpora for functioning information and using 

them to apply NLP terminology discovery, augment existing ontologies with functioning concepts, and develop 

machine-learned models for identifying functioning information in clinical notes. 
 

Methods 

We established a workflow for receiving, processing, annotating, and evaluating clinical records.  Two types of records 

are used: NIH Biomedical Translational Research Information System clinical notes and Social Security 

Administration disability determination records, received either as unstructured database text fields or as images of 

original clinical records, which were converted into text using Nuance optical character recognition software. Clinical 

records are preprocessed to achieve a consistent format, and are then annotated by domain experts for functioning 

information using GATE Developer. Annotations are based on guidelines and schemas that use four domains 

(Mobility, Self-Care, Domestic Life, and Interpersonal Interactions and Relationships) from the Activities and 

Participation component of the World Health Organization’s International Classification of Functioning, Disability 

and Health as conceptual frameworks. Manual annotation requires several iterations, where inter-rater reliability (IRR) 

is evaluated using different metrics, depending on the task, and qualitatively, using an NIH-developed quality 

assurance tool that automatically detects and categorizes annotation errors and discrepancies among the domain 

experts. For each domain, annotation schemas are revised and new subsets of clinical records selected and annotated 

until IRR stabilizes, after which the clinical records are updated to create a gold standard corpus (GSC) for use in the 

remaining downstream processes. The GSC is then exported from GATE Developer as XML files, which are 

converted into the necessary file formats for analytics, including building terminologies and training and testing 

machine learning models of functioning information extraction.  
 

Results 

The resulting Mobility, Self-Care, and Domestic Life GSC contains over 600 annotated documents that have been 

used for information extraction (such as named entity recognition (NER) and polarity attribute classification) and 

automatic population of a terminology. The Interpersonal Interaction and Relationships GSC (500 documents) is being 

used to develop sentence-level classification models.  
 

Conclusions  

We have curated corpora that establish a gold standard for functioning information through a workflow for receiving 

and annotating clinical records. The NIH is currently exploring ways to make these corpora and the corresponding 

NLP byproducts available to the broader research community to promote greater research and development around 

capturing information on functioning.  
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Introduction 

Survivorship care plans (SCP), a critical component of care delivery for cancer survivors, is a document provided 
to patients after completing initial cancer treatment, provides a summary of their cancer-related treatment history, 
including diagnosis, procedures, medications, and recommended follow up. There is abundant evidence that 
highlights their pitfalls, including dependency on recall limitations of the survivors, ease of access, and 
obsolescence over the long survivorship continuum1. Moreover, evidence indicates that these traditional paper-
based SCP offer no additional benefit in comparison to the standard discharge process.  

Objective 

The objective of this pilot study is to evaluate the feasibility of implementing and delivering an online SCP tool 
called ACESO (After Cancer Education and Post Operations) for breast cancer survivors (BCS). 

Method 

IRB approval was obtained prior to commencing all research activities. We utilize an online SCP tool (ACESO) 
previously developed2, based on feedback from BCS and clinicians. Here, we evaluate the online SCP to 
determine its feasibility by testing it among BCS. BCS were recruited via email, flyers, and online postings on 
cancer survivorship communities. To be eligible, BCS must have (i) completed initial cancer treatment; (ii) no 
prior history of any other form of cancer; and (iii) the ability to read and understand 8th grade level English. 
Survivors self-referred to participate and informed consent was obtained prior to participant registration. Six 
weeks after registration, all participants were invited to complete an online questionnaire to obtain their feedback 
regarding ACESO. 

Results 

132 BCS participated and registered to use the online SCP, of which, 91 logged into the online SCP more than 
once after registration. 53 BCS completed the online questionnaire. 96% of them reported that they found it to be a 
useful tool for BC survivors, and 92% reported that it had a positive impact in managing or improving their quality 
of life. Participants mentioned “everyday reminders”, “simplicity”, and “building confidence” as some of the 
characteristics they liked about ACESO. Areas for improvement mentioned by BCS included adopting more user-
friendly medical terminology and being accommodating to single BCS when tracking outcomes such as sexual 
function. 

Conclusion 

Overall, participants expressed high levels of satisfaction from using ACESO and indicated that it was a useful tool 
for BC survivors. The online SCP addresses the several shortcomings of the paper-based SCPs by delivering 
interactive and customized information at the point of need to the BCS. The online SCP presented here can be 
adapted to implement survivorship guidelines for other forms of cancer, or chronic conditions. 
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Introduction

There are more than 14 million lesbian, gay, bisexual, and transgender (LGBT) Americans. Because LGBT people
constitute a hidden population that faces social stigma and discrimination, conducting LGBT health-related studies
can be challenging since individuals may be reluctant to disclose their information. Existing studies on this population
have shown that there is a difference between health issues experienced by LGB and transgender individuals. However,
these studies rely on small-scale samples. It is essential for future research to collect and analyze larger samples of
LGBT people to advance knowledge and understanding of their unique health concerns. Further, transgender concerns
are different than LGB ones. During the last decade, millions of people have shared their everyday stories on social
media. Twitter users share approximately 500 million tweets per day, discussing different personal issues like health.
This new communication technology has provided a unique opportunity for LGBT individuals to share their health
concerns. This paper applies mixed methods using both computational and qualitative approaches to collect and
analyze a large number of health-related tweets by self-identified LGBT people. The paper identifies and compares
the health topics shared by LGB and transgender users.

Method and Result

Data Collection: Initial LGBT users on Twitter were identified by manually observing their profiles for self-identification
as LGBT individuals. Based on this strategy, we collected 522,773 tweets, including 237,322 and 284,451 tweets
shared by 271 LGB and 279 transgender individuals, respectively. Health-Related Tweets Detection: We used the
Linguistic Inquiry and Word Count (LIWC) tool to detect health-related tweets. This tool can identify tweets hav-
ing health-related words such as “pain.” This filtering step provided 14,471 and 20,700 (total 35,171) health-related
tweets for the LGB and transgender users, respectively. Topic Discovery: We used topic modeling to find topics and
the weight of topics. Topic Analysis: We utilized qualitative analysis to inductively interpret and analyze conceptual
themes. Two coders individually coded the topics, discussed their findings, and worked towards consensus. Statistical
Analysis: To analyze temporal patterns, we utilized statistical tests to compare LGB and transgender individuals based
on the weight of topics.

Table 1: Comparison of Topics’ Weight
T# Topic Label p-value Mean Comparison
T1 Sleep Issues 0.00 LGB >T
T2 Insurance & Access to Healthcare 0.00 LGB <T
T3 General Illness 0.00 LGB >T
T4 Hormone Replacement Therapy 0.00 LGB <T
T5 Abortion 0.00 LGB >T
T6 Fitness Tracking 0.00 LGB <T
T7 Exercise 0.00 LGB >T
T8 Healing Pain 0.00 LGB >T
T9 Injuries & Pain 0.00 LGB >T

T10 HIV/AIDS 0.17 LGB =T
T11 Cancer 0.00 LGB >T
T12 Gender Confirmation Surgery 0.00 LGB <T
T13 Diet 0.00 LGB >T
T14 Mental Health 0.47 LGB =T

Result: We found 14 topics were related to health (Ta-
ble 1) that HIV/AIDS and mental health have similar
weight for LGB and transgender users. There was a
significant difference between the two groups for the
remaining 12 topics. LGB individuals shared more in-
formation about sleep, general illness, abortion, exer-
cise, pain, cancer, and diet than transgender individu-
als. Transgender users posted more information about
insurance, hormone replacement therapy, fitness track-
ing, and gender confirmation surgery.

Discussion

This study can help to design efficient monitoring strategies through social media. This paper has disclosed some
interesting patterns in health-related tweets of LGB and transgender people and can open new directions for studying
minority groups in social media. Our findings can be beneficial for researchers, organizations, and policymakers to
have a macro-level perspective of hidden populations. This study creates new opportunities for future work, including
analyzing both US and non-US users, investigating Twitter metadata features and demographic information (e.g., time
and location), and studying other combinations of LGBT individuals such as comparing lesbian and gay users.
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Introduction. Patient portals have great potential to reach and engage patients; however, that potential has not yet 
been widely realized. The Veterans Health Administration’s (VA) patient portal, My HealtheVet (MHV), provides 

various features and functionality to Veterans. Previous research has characterized use of MHV by US military 
Veterans with different health conditions;1 however, less is known about the technology Veterans use to access 
MHV. This analysis examined the technology platforms Veterans use to access VA’s MHV patient portal.  

 
Methods. We surveyed a sample of 2,727 Veterans who were known technology users from 14 different VA 

facilities across the country. These Veterans participated in a telephone survey conducted as part of a quality 
improvement initiative regarding technology ownership and use, including access to VA’s MHV portal. Technology 
ownership was examined using descriptive statistics, and differences in portal access by demographics were 

examined using chi-square tests.  
 
Results. We included 2,533 Veterans in this analysis who had complete data. Most (95.8%; n=2,427) Veterans 

reported owning a desktop or laptop computer, 90.0% (n=2,271) reported owning a smartphone, and 59.5% 
(n=1,507) a tablet computer. Veterans reported using their desktop or laptop computer (93.8%; n=2,276), tablet 

computer (44.2%; n=666), and/or smartphone (40.6%; n=922) to access MHV. Among Veterans who reported using 
(vs. not using) their laptop computer to access MHV, a greater proportion were male (83.7% vs. 73.5%, p<0.001), 
over the age of 65 (46.1% vs. 33.8%, p<0.01), had completed at least some college (88.1% vs. 82.1%, p<0.05), and 

reported little difficulty paying for necessities (70.7% vs. 58.3%, p<0.01). Among Veterans who reported using (vs. 
not using) their smartphone to access MHV, a greater proportion were under the age of 65 (68.1% vs. 52.0%, 
p<0.000) and black (15.5% vs. 11.3%, p<0.01), while a lesser proportion reported little difficulty paying for 

necessities (66.4% vs. 71.6%, p<0.05). Among Veterans who reported using (vs. not using) their tablet computer to 
access MHV, a greater proportion were under the age of 65 (60.7% vs. 54.6%, p<0.05), black (15.9% vs. 12.1%, 

p<0.01), and reported being in fair or poor health (39.5% vs. 31.2%, p<0.01).  
 
Conclusions. We found significant differences in the technology platforms used by Veterans to access their online 

portal. Considering the different platforms that Veterans may use for portal access can inform outreach and 
engagement efforts, as well as policy regarding privacy, security, and technology provision to patients.  
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Learning Objective. Learners will understand ownership of different technology platforms among US military 
Veterans, as well as differences in how they use these platforms to support portal access. 
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Introduction 

Japan has been a super-aged society as more than 28% of the population is 65 years or older in 2019.  Rehabilitation 
is an important treatment that affects the prognosis.  Standardization of rehabilitation processes is difficult because 
there are few quantitative indicators and they depend largely on the individual therapists rather than medicines and/or 
instruments.  As a result, there are differences in processes and outcomes among individual therapists and hospitals. 

In this study, we aim to develop a method for standardization of rehabilitation after cerebrovascular diseases.  Then, 
we aim to computerize the operation for dysphagia rehabilitation in order to implement it into actual hospitals. 
 

Method 

The inherent/empirical knowledge of medical professionals was visualized and structured, focusing on responsible 
lesions, dysfunctions, and required assessments, to standardize rehabilitation among four hospitals in Japan.  We 
designed and improved intervention processes for dysphagia, language disorder, basic motion, and work activity. 

We organized assessments and interventions needed for dysphagia, and identified the components of assessments, 
interventions, and relationships between assessments and interventions. 

Through analysis of rehabilitation processes, we elaborated the process, assessments and interventions for dysphagia 
rehabilitation based on “Patient Condition Adaptive Path System (PCAPS).”  We computerized the operation of 
medical doctors and therapists for dysphasia rehabilitation on “PCAPS-Administrator,” which is a computer 
application to administrate processes in PCAPS format, and implemented it into an acute stage hospital in Japan.  
 

Results 

Responsible lesions, dysfunctions, and assessment items were structured for cerebral infarction and cerebral 
hemorrhage, and the relationships between them were expressed in matrix format.  Rehabilitation processes were 
structured, focusing on acquisition and recovery process for each dysfunction. 

Assessments and interventions needed for dysphagia was structured by 111 assessment items and 140 intervention 
items. The relationships between assessments and interventions were structured by 198 records. 

Rehabilitation processes were identified to have patient condition-oriented structure, and the operation was rationally 
computerized on PCAPS-Administrator.  The standard process for dysphagia rehabilitation running on PCAPS-
Administrator was operated in the acute stage hospital to record over 100 cases of clinical process retrospectively. 
 

Conclusion 

It becomes possible to operate rehabilitation process, assessments and interventions standardized based on patient 
conditions, as the relevant dysfunctions which is specified from responsible lesions by medical doctor’s diagnosis.  
By accumulating standardized assessment data, it would be possible to evaluate the effects of interventions, in addition 
to compare and verify the transition of patient conditions. 

It was still difficult to operate the standardized process in actual clinical practice, because it takes too much time.  It 
is the next issue to improve the user-interface and the coordination with the HIS (Hospital Information System), in 
addition to the volume of the contents. 
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Abstract 

The VA’s EHR modernization efforts require that certain existing data be mapped to SNOMED CT prior to data 

migration from the VA’s current EHR, VistA, to the new EHR, Cerner. This mapping effort revealed the necessity for 

additional materials and consultations to appropriately map this content. This insight had significant implications for 

the mapping workflow, final mapping outcome, and ongoing VA quality assurance processes. 

Introduction 

The Department of Veterans Affairs (VA) has selected the Cerner electronic health record (EHR) to replace its current 

EHR, Veterans Health Information Systems and Technology Architecture (VistA). Existing VistA terms known as 

Health Factors (HFs) needed to be mapped to SNOMED CT prior to implementation within Cerner. Initially, 189 HFs 

pertaining to adult wellness screenings were selected for data migration. A preliminary mapping using an exclusively 

lexical approach showed low reliability. Additional materials and subject matters experts (SMEs), beyond the HF 

strings themselves, needed to be added to the process. This poster describes the authors’ experiences in mapping HFs.  

Methods 

In VistA, HFs are terms (text strings) without identifiers that capture patient observations in VistA. The 189 HFs 

designated for rollout represented Veteran data related to eight high importance adult wellness screenings for 

abdominal aortic aneurysm, colorectal cancer, traumatic brain injury, military sexual trauma, embedded fragments, 

breast cancer, cervical cancer, and post-traumatic stress disorder.  

VA contractors performed an initial mapping of HFs to SNOMED CT. The mappers were given HF materials: the HF 

name, its text definition, as well as screen captures and videos showing how these HFs were captured in VistA at the 

point of care. The initial mappers did not identify any discrepancies or inconsistencies between the HF text strings 

and the accompanying materials. If an appropriate SNOMED CT concept did not exist, a SNOMED CT Extension 

concept could be proposed and modeled, resulting in an exact match. 

Results 

In their review of the initial contractor mappings as well as the HF materials, the authors discovered a problem: many 

HF strings did not align with their meanings as expressed in the materials. To ascertain the intended operational 

meaning of each HF, the authors met with VA clinical and technical SMEs from each HF domain to review each 

individual HF. Based on the HF materials and SME input, it was determined that all of the initial HF mappings needed 

to be re-evaluated. The authors accepted 33 of the 189 (17%) initial mappings that were created using a lexical 

approach. The authors re-mapped the remaining 156 HFs with SME input and using the accompanying HF materials. 

Of the 156 HFs, 131 (69%) were re-mapped, 9 (5%) were excluded from migration by SME recommendation, and 16 

(9%) will require further discussion prior to migration.   

An example HF whose intended meaning did not match its lexical content is “IRAQ/AFGHAN SERVICE.” VA SMEs 

indicated that this HF not only represents service in Iraq and/or Afghanistan, but also represents service in several 

additional specified theatres of combat. Another ambiguous HF text string (related to embedded fragments, e.g. 

shrapnel) was “EF-NO FRAGMENTS IN BODY.” In addition to the absence of embedded fragments, this HF’s 

intended meaning also included “possible embedded fragments.”  

Conclusion 

The low face validity of many HF strings had significant implications for the mapping workflow (i.e., unanticipated 

time and resource costs to meet with SMEs and perform the re-mapping) and the final mapping outcome (i.e., the 

accuracy and utility of the final mapping). As a result of this effort, the VA has initiated new activities related to HF 

quality assurance. Semantic mismatching may not be limited to the VA; further research may reveal the prevalence of 

this issue within other organizations and projects. 

1806



Sustained Clinician Engagement with mobile ECDS (mECDS) 
Tools Disseminated Through a National QI Collaborative 
Ellen Kerns, MPH CPH1, Sarah Fouquet PhD2, Russell McCulloh MD1 

1. Department of Pediatrics, University of Nebraska Medical Center, Omaha, NE; 2. 
Department of Biomedical and Health Informatics, University of Missouri-Kansas City, 
Kansas City, MO 

Introduction: Clinical practice guidelines (CPGs) are a foundational tool in most quality improvement (QI) 
projects but require a feasible and acceptable method of deployment.1 Mobile device-based electronic clinical 
decision support (mECDS) tools are one potential method. Our research team previously developed two mECDS 
tools that were deployed as part of national QI collaboratives.2-3 During the projects, we found cumulative 
monthly designated market area (DMA)-level metric related screen views (MetricHits) to be associated with 
increased odds of appropriate admission, increased odds of appropriate length of stay, and reduced odds of chest 
x-ray for well- appearing febrile infants2 and reduced odds of transfer to higher level of care, reduced time to 
steroids, increased odds of smoking cessation referral for pediatric asthma patients.3 However, usage of such 
tools after project completion usually declines rapidly on the rare occasion it has been assessed.1  In this study we 
review user reported experiences with these mECDS tools and analyze usage trends within and beyond each 
project’s lifecycle. Methods: The two projects were the American Academy of Pediatrics Value in Inpatient 
Pediatrics (VIP) Reducing Excessive Variability in the Infant Sepsis Evaluation (REVISE)2 and Pathways for 
Improving Asthma Care (PIPA)3 involving 127 and 80 hospitals (sites) running from Dec16-Nov17 and Jan18-
Mar19 respectively. Both tools were released within a freely downloadable app called PedsGuide (Figure 1A). 
The app was introduced to project participants with project kickoff webinars. MetricHits from Dec16 to Nov19 
were aggregated by country, month, guideline, and study period and by the designated marketing area (DMA) in 

the United State. All anlayses were conducted using R 
v3.6.4 Results:  Figure 1B depicts Worldwide 
PedsGuide usage in the first 3 years post release. 
Figure 1C depicts usage within the continental US by 
DMA. The associated VIP project site locations are 
shown in both figures. US usage accounted for 38% of 
totalsessions with the remaining spread across 75 other 
countries. There were more sessions in DMAs 
containing a project site, but these DMAs accounted 
for only 41% of sessions. User sessions occurred in all 

DMAs with a project site. The app was used more than 100,000 times with about 7 events (screen-views/button 
clicks) per session. Daily REVISE MetricHits and distinct DMAs with use steadily increased throughout the 3 
years (Figure 1D). PIPA MetricHits and DMAs held at a low level throughout the 15 months from its release 
until the end of year 3 (Figure 1D). Post-surveys revealed that participants of both projects who had downloaded 
PedsGuide (n=30,PIPA; =32,REVISE) reported on its intuitiveness (70%), using it on most relevant encounters 
(45%), and agreeing to its recommendations (50%). Discussion/Conclusion: Overall there was sustained and 
increasing use of these mECDS tools beyond the life of the associated projects and beyond the locations of the 
participating sites.This uptake and spread occurred without any dedicated marketing, highlighting the potential 
role of social contagion as a means of dissemination. These findings show the potential sustained reach and, 
given the in-project association, potential sustained impact of using mECDS tools to deliver the latest guidelines 
to frontline providers. Future projects should attempt to determine drivers of uptake and continued use and 
continued association with clinical practice patterns. 
References: 
1. Ament SM, de Groot JJ, Maessen JM, Dirksen CD, van der Weijden T, Kleijnen J. Sustainability of 

professionals’ adherence to clinical practice guidelines in medical care: a systematic review. BMJ open. 
2015 Dec 1;5(12). 

2. Kerns EK, Staggs VS, Fouquet SD, McCulloh RJ. Estimating the impact of deploying an electronic clinical 
decision support tool as part of a national practice improvement project. Journal of the American Medical 
Informatics Association. 2019 Jul;26(7):630-6. 

3. Kerns, E., Fouquet, S., McDaniel, C., Ken, L., McCulloh, R., Kaiser, S. (2020) Effects of a Mobile 
Electronic Clinical Decision Support (mECDS) Tool on Pediatric Asthma Care. Poster presented at: 
Pediatric Academic Societies Meeting; 2020 Apr 29-May 6; Philadelphia, PA. 

1807



  

Impact of comprehensive, language-concordant discharge instructions on rates 

of patient questions about discharge medications or instructions 

Elaine C Khoong, MD MS1, Sachin Shah, MD MPH1, Michelle Mourad, MD1 , Raman 

Khanna, MD1 

1UCSF, San Francisco, CA, USA 

Introduction 

One in five older adults experiences adverse drug events after discharge.1 Discharge instructions improve transitions by 

communicating critical information ,2 but the quality of instructions varies dramatically. Limited English proficient (LEP) 

patients rarely receive written instructions in their preferred language creating increased vulnerabilities.3 We assessed if 

language concordant written discharge instructions changed rates of questions about discharge instructions and medications.  

Methods 

On an academic center hospital medicine service, we evaluated two discharge instruction interventions. In 11/2017, we 

adopted a new after visit summary (AVS) that aimed to improve readability and included standard header text in eight non-

English languages. We also implemented standardized written discharge instructions (using an Epic SmartList created 

with stakeholders) in English (3/2018) and in Spanish, Chinese, and Russian (8/2018). Our outcomes were rates of questions 

about instructions or medications, collected from 11/1/2016–4/30/2019 via an automated 72-hr post-discharge phone call 

conducted in English, Spanish, or Cantonese. On 4/30/2018, the phone call script for LEP patients changed its question 

related to discharge instructions for LEP patients thereby impacting data collection for that outcome. We assessed the 

interventions using interrupted time series analyses (ITSA) stratified by preferred language (English vs non-English). 

Results 

In 9187 encounters (3407 before AVS; 1286 after AVS before standardized instructions; 4494 after both interventions), the 

mean age of patients was 58.8 years. Discharge instructions: In English-speakers, the questions about discharge instruction 

was similar in all time points: (6.3% vs 7.4% vs 6.4%); after seasonal/secular trends, there was a 5% decrease at AVS 

implementation (p=0.002) and 1% decrease in the trend after standardized instruction implementation (p=0.004). In LEP 

patients, questions decreased after each intervention: 46.4% baseline, 26.0% post-AVS, 12.2% post-standard instructions, 

but this was not significant after considering seasonal and secular trends (increasing interpreter use and focus on LEP 

patients). Medication questions: In English-speakers, neither intervention significantly impacted med-related questions. 

Among LEP patients, there were differences between rates at baseline and post-standard instruction implementation (18.3% 

vs 11.3%, p=0.013). After considering seasonal and secular trends, the new AVS was associated with a 2% increase in trend 

of questions (p<0.001) but standardized instructions decreased the rate of questions by 16% (p<0.001) when first initiated. 

Figure. Rates of reported questions about (A) discharge instructions and (B) medications 

       

Conclusions 

Modifying written discharge instructions impacts rates of patients’ questions about discharge medications and instructions. 

Written instructions in LEP patients’ preferred languages can reduce medication-related questions post-discharge, which 

may reflect changes in either comprehension or engagement.  
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Background 

In a randomized controlled trial (RCT), sample size and statistical power are key indicators of the reliability of the 
study findings1. Transparent reporting of these characteristics can facilitate assessment of the robustness of the 
underlying study, and contribute to its replication2. However, sample size and power calculation reporting remain 
inadequate3. CONSORT guidelines2, developed for RCTs, provide guidance on reporting key RCT characteristics, 
including sample size determination. In this study, our goal is to automatically identify sentences that discuss sample 
size determination criteria (SSD sentences) in RCT publications.  

Methods 

We annotated 50 RCT articles with 25-item CONSORT checklist, including sample size determination (CONSORT 
item 7a)4. An example SSD sentence in this corpus is “With 80% power and 2 groups of 20 participants, we estimated 
that we would be able to detect an effect size difference of 0.9 at the α = 0.05 level.” (PMCID: 5033259). We only 
considered the Methods sections of the articles to identify SSD sentences. This amounted to 2,411 sentences, 113 of 
which were SSD sentences (4.7%, 2.26 sentences per article). We experimented with three methods: a simple rule-
based method using 10 key phrases (e.g., power to detect) (PHRASE), a bigram-based SVM classifier (SVM), and a 
neural network model using BIOBERT5, a variant of the BERT pre-trained language model, fine-tuned on our corpus. 
80/20 training/test split was used for supervised machine learning (ML). For two other ML experiments 
(SVM_AUGMENTED, BIOBERT_AUGMENTED), we augmented the training data with sentences automatically labeled, 
with consensus, using three methods (PHRASE, section header heuristics, sentence vector similarity). This weakly 
labeled data consists of 23,067 sentences (3,134 SSD sentences, 13.6%) from a separate set of approximately 15K 
RCT articles. We measured precision, recall, and F1 score for evaluation. 

Results and Discussion 

Table 1 shows the performance of our methods in identifying SSD sentences. All methods achieved precision over 
0.9, while recall ranged from 0.5 to 0.87. BIOBERT with weakly labeled data performed best overall (0.91 F1). Weakly 
labeled data improved ML performance in general (9-12% in F1 score). The results show that the sample size and 
power calculation statements can be recognized with reasonable accuracy. Our models can assist authors of systematic 
reviews and others in more effectively assessing study reliability and synthesizing evidence from RCTs. In future 
work, we aim to extract more specific and precise information about sample size characteristics from RCT articles, 
such as group size, statistical power, and effect size of the study, to enable large-scale analysis and comparison. 

Table 1. Evaluation results on 517 test set sentences. *_ AUGMENTED methods use weakly labeled data. 

 PHRASE SVM BIOBERT SVM_AUGMENTED BIOBERT_AUGMENTED 
Precision 0.94  1.00 0.96 0.92 0.96 
Recall 0.57  0.50 0.73 0.73 0.87 
F1 score 0.71  0.67 0.83 0.81 0.91 

References 
1. Moher D, Dulberg CS, Wells GA. Statistical power, sample size, and their reporting in randomized controlled trials. JAMA. 

1994;272(2):122-4. 
2. Schulz KF, Altman DG, Moher D. CONSORT 2010 statement: updated guidelines for reporting parallel group randomised 

trials. BMC Medicine. 2010;8(1):18. 
3. Rutterford C, Taljaard M, Dixon S, Copas A, Eldridge S. Reporting and methodological quality of sample size calculations in 

cluster randomized trials could be improved: a review. Journal of clinical epidemiology. 2015;68(6):716-2.  
4. Kilicoglu H, Rosemblat G, Peng Z, Malički M, Schneider J, ter Riet, G. Annotating Clinical Trial Publications to Assess 

CONSORT Adherence: A Feasibility Study. World Conference on Research Integrity (WCRI 2019).  
5. Lee J, Yoon W, Kim S, Kim D, Kim S, So CH, Kang J. BioBERT: a pre-trained biomedical language representation model 

for biomedical text mining. Bioinformatics. 2020;36(4):1234-40. 

1809



  

Usage Pattern Changes of a Mobile Personal Health Records Functions 

During 9 years According to Version Upgrades 

Do-Hoon Kim1, *, Yura Lee1, Ji Seon Oh1, Dong-Woo Seo1, 2, Kye Hwa Lee1, Young-Hak 

Kim1, 3, 4, Woo Sung Kim1, 5, and Jae-Ho Lee1, 2 
1Department of Information Medicine, Asan Medical Center; 2Department of Emergency 

Medicine, University of Ulsan College of Medicine; 3Health Innovation Big Data Center, 

Asan Institute for Life Science, Asan Medical Center; 4Department of Cardiology, Asan 

Medical Center, University of Ulsan College of Medicine; 5Department of Pulmonary& 

Critical Care Medicine, University of Ulsan College of Medicine, Seoul, South Korea 

 

Introduction 

Mobile personal health record (mPHR) provides easy access to personal medical information and helps health 

management for patients. To ensure active utilization of the mPHR, it is necessary to provide user-customized 

functions by analyzing the usage logs. Asan Medical Center, a tertiary hospital in Seoul, South Korea, developed a 

tethered mPHR application called My Chart in My Hand (MCMH) in 2011 and upgraded the application to MCMH2.0 

in 2016. We investigated the usage trends and pattern according to user characteristics by analyzing a long-term log 

data of an mPHR application. 

Methods 

We collected the log data of the MCMH1.0 from January 2011 to November 2015 and MCMH2.0 from February 

2016 to May 2018. The access counts and trends in each menu were analyzed according to version upgrades by 

segmented linear regression analysis. The monthly average access count and monthly access count per user in each 

menu were compared according to age and sex using the Wilcoxon rank-sum test. 

Results 

The total number of users of the MCMH 1.0 and MCMH 2.0 were 15,357 and 51,553. The proportion of males was 

higher than females (51.3 % vs. 48.7 %). But females under 50 (19-50 years) were the most prevalent user group 

(30.0 %). After version upgrades, the total access 

numbers of the MCMH (4,240,403 vs. 18,518,700) 

and access count per month (73,110 vs. 661,382) 

increased. “My chart” menu was the most accessed 

menu in all groups, and total number of access counts 

was steeply increased by approximately ten times 

after version upgrades. The median value of average 

monthly access also increased in all menus after 

version upgrades (P<.001) except for “Today’s 

medication”. The children and adolescent group 

accessed the “My chart” menu and the “Online 

appointment” menu more frequently than the other 

groups, and also showed the highest degree of 

increase in their access to these menus after version 

upgrades (Figure 1). The access counts of the 

“Health management” menu did not increase after 

version upgrades in children and adolescents and 

females 50 years or older (Figure 1). 

Conclusion 

In this long-term observation study, we found that use of the mPHR application increased over time and that a major 

update of the application accelerated this trend. The usage pattern of the mPHR and the effect of version upgrades 

were significantly different according to the user’s age and sex. The user characteristics revealed in this study may be 

helpful in developing mPHR applications. 
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Introduction 

The value of a clinical dataset can be maximized when 
it is linked to registries, electronic health records, and 
other behavioral and health data sources. Data 
standardization using a common data model (CDM) 
accelerates comparative studies across different 
institutions via the use of common queries and analytic 
processes. While the Observational Medical Outcome 
Partnership (OMOP) CDM has been adopted in 
institutions worldwide, it still emphasizes  clinical and 
health claims data over longitudinal cohort or registry 
data.1 Since the OMOP CDM is supported by a 
structured dataset (except for the Note table), it offers 
limited support for representation of survey questions 
and repeated measurements data over time from a 
longitudinal cohort. Transforming cohort data into the 
OMOP CDM will help in the validation of models 
developed elsewhere as well as in the publication of 
models derived from the cohort. The Strong Heart 
Study (SHS) involves a longitudinal cohort to study 
cardiovascular disease and its risk factors among 
American Indians in three geographic areas: Arizona, 
Oklahoma, and North/South Dakota since 1988.2 We 
transformed SHS data into the OMOP CDM and 
improved its interoperability by developing a metadata 
registry using comparative objective modeling.3  

Methods and Results 

The source SHS vocabularies were mapped into 
OMOP CDM concepts. Extract-Transform-Load 
(ETL) processes were applied to convert and load the 
source data into the target OMOP CDM. Data quality 
was assessed by calculating the agreement rate 
between the source and the target via comparison of 
descriptive statistics such as min, max, mean, and 
median. The mapping results were reviewed by two 
independent university teams at UC San Diego and 
Yonsei University. The Metadata Registries (MDR), 
based on the international standard ISO 11179, were 
implemented to address the semantic and structural 
limitations of mapping to OMOP CDM, taking into 
consideration SHS-specific needs. Specifically, we 
integrated the metadata object model (IMOM) and a 
metadata exchange format that were created by 

introducing and relating new classes.3 The SHS source 
data had 376 variables in six main study phases, from 
five domains. As a result of the mapping, the target 
OMOP database had three concepts in the CARE_SITE 
table, 438,073 in MEASUREMENT, 204,727 in 
OBSERVATION, 6,772 in PERSON, and 14,879 in 
VISIT_OCCURRENCE. The overall mapping rates 
were 79%. The mapping results had three different 
classifications. Fifty percent (50%) of the source SHS 
variables were directly mapped to OMOP concepts 
one-to-one. Another 29% source variables were 
mapped to semantically equivalent concepts. The 
remaining 21% variables were not mapped to OMOP 
as no semantically equivalent concepts were found. 
Before we mapped and developed metadata, the use of 
data across the study phases was difficult. For 
example, in the source SHS, diabetes status {yes, no} 
of the same subject across six multiyear-phases 
between 1988 and 2018 was not comparable because 
its definition changed over time (e.g. new guideline vs. 
old guideline), and by institution (e.g., World Health 
Organization vs. American Diabetes Association), or 
restricted to the one phase only. OMOP mapping and 
metadata model enabled comparisons and secondary 
analyses. 

Conclusion 

OMOP CDM mapping and metadata development 
were applied to the phenotype data from SHS. As a 
result, semantic and structural inconsistencies in the 
raw data were improved.  
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Introduction  
There were 34.2 million people with diabetes in the United States in 2018. Considering the access barriers, the diabetes 
education healthcare providers deliver during clinic visits may be the only source for diabetes self-management 
education and support (DSME/S). Patients with diabetes seek care from either primary care or specialty care. However, 
evidence on whether both care settings deliver equivalent DSME/S is lacking. We aimed to determine if there were 
differences in DSME/S information in clinic note documented by these two groups.  
 
Methods 
We used PowerInsight, a reporting platform for patient encounter at University of Missouri Health Care. We included 
patients with type 2 diabetes, aged 65 and older, visited primary care or diabetes specialty care between 10/17/2018 
and 10/16/2019. Out of 1278 eligible patients, we randomly selected and extracted five clinic notes from these two 
care, respectively. We defined sections of History of Present Illness and Assessment/Plan as active documentation as 
these sections are mostly entered by providers. We defined other sections as auto-populated documentation because 
the text was mostly automatically generated by EHR. These included Medications, Social History, Immunization and 
Lab Results. We created a codebook based on the AADE7TM guidelines validated in the previous studies. The 
codebook includes seven principles and 78 codes. The AADE7TM is a widely accepted patient-centered DSME/S 
guidelines. AADE7TM includes seven principles for DSME/S: Healthy Eating, Being Active, Monitoring, Taking 
Medication, Problem Solving, Reducing Risks, and Healthy Coping. An informatician (Ye) served as a primary coder 
and coded the clinic notes. A clinician expert (Khan) reviewed the ten notes to ensure accuracy of coding. We counted 
the occurrence of codes across the seven principles of the AADE7TM in clinic note sections. We analyzed the 
occurrence of codes between provider groups and documentation types for differences.  
 
Results 
Out of ten patients, five were females and six were white. Overall, there were more DSME/S codes in the notes from 
diabetes specialty care (163) than those from primary care (68). (Table 1) We found actively documented sections 
(170) had more codes than the auto-populated sections (61). In actively documented sections, notes from diabetes 
specialty care (130) had more information than those from primary care (40).  In auto-populated sections, there was 
not much difference between two specialties (28 vs 33). Regardless of documentation types and specialties, 
Monitoring was the most common principle, while Being Active and Problem Solving were two least common 
principles.  
 
Table 1 The counts of codes across documentation types and AADE7 principles 
 

Documentation 
Types Providers Healthy 

Eating 
Being 
Active Monitoring Taking 

Medication 
Problem 
Solving 

Reducing 
Risks 

Healthy 
Coping Total 

Actively 
Documented 

Primary Care 3 1 17 12 0 5 2 40 
Diabetes Care 
 Specialist 11 4 69 27 5 13 1 130 

Auto-populated 
Primary Care 0 1 6 6 0 13 2 28 
Diabetes Care  
Specialist  0 0 7 7 0 15 4 33 

Total  14 6 99 52 5 46 9 231 
 
Conclusions 
This preliminary study found diabetes specialty providers delivered more DSME/S information using active 
documentation to patients than primary care physicians did, especially for Monitoring principle. This may indicate 
diabetes specialists were more familiar with structured DSME/S than primary care providers. Less use of active 
documentation by primary care providers may also indicate their visit time may be fragmented, and insufficient for 
providers to educate patients on individual DSME/S topics. Larger studies are needed to confirm these findings. Future 
studies should focus on developing structured, succinct, auto-populated DSME/S modules aligned with workflow for 
providers to allow efficient delivery of care to patients.  
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Introduction: De-identification is an important task for natural language processing (NLP) applied to clinical 
narratives and has recently been addressed with deep neural network approaches. As in other NLP tasks, pre-trained 
word representations have been employed to train more accurate de-identification models1,2. Furthermore, in recent 
years, context-dependent representations such as ELMo3 (Embeddings from Language Models) have been proposed 
to overcome limitations of context-independent word embeddings. We create ELMo-enhanced Bi-LSTM 
(bidirectional long short-term memory networks) models trained on three publicly available corpora (the 2006 i2b24, 
2014 i2b21, and 2016 CEGS N-GRID2 shared tasks). Our de-identification models outperform previous studies5,6 that 
attempted to use contextualized word representations and obtain performance comparable to state-of-the-art results. 

Methods: We tackle text de-identification as a sequential labeling problem to assign a class label to each word in a 
sequence. We created LSTM models, a widely used RNN (recurrent neural network) variant, as a function that maps 
a multi-dimensional vector to a label output vector. The bidirectional LSTM (Bi-LSTM) processes a sequence as-is 
and also in reverse order. We also trained another LTSM model for each data set that incorporated ELMo layers (Bi-
LSTM+ELMo). We used the ELMo model trained on a dataset of 5.5 billion tokens consisting of Wikipedia and the 
news crawl corpus. Bi-LSTM and Bi-LSTM+ELMo models were trained for 50 epochs with 25% and 50% dropouts, 
respectively. We calculated the average value between the ten trials of each Bi-LSTM model because of its non-
deterministic results due to random weight initialization and random shuffling of training data. For comparison, we 
also trained CRF (conditional random fields) models, one of the shallow learning algorithms that have been widely 
applied to solving structured prediction problems. 

Results: We used the 2016 CEGS N-GRID shared task2 evaluation script to calculate performance metrics with strict 
entity matching and binary token matching. For the latter, each identifier term is evaluated by token, regardless of the 
identifier category. Overall, Bi-LSTM variant models outperformed CRF models on all data sets. With strict entity 
evaluation on the 2014 and 2016 test sets, Bi-LSTM+ELMo models achieved significantly higher F1-scores (95.08% 
and 92.40%) than other methods at the 95% significance level. The model trained on 2016 N-GRID data benefited the 
most from the contextualized embeddings, with a 2.03% recall gain (= 92.63% – 90.60%). 

Table. Accuracy of each de-identification model (Pre: Precision, Rec: Recall, F1: F1-score). 

 2006 i2b2 Test set  2014 i2b2 Test set  2016 N-GRID Test set 
Strict Pre Rec F1  Pre Rec F1  Pre Rec F1 

CRF 96.79 95.46 96.12  95.55 91.31 93.38  91.61 84.84 88.09 
Bi-LSTM 97.12 96.65 96.89  95.12 93.66 94.38  92.13 90.60 91.36 
Bi-LSTM+ELMo 96.46 96.71 96.58  95.68 94.49 95.08  92.18 92.63 92.40 

Binary Token Pre Rec F1  Pre Rec F1  Pre Rec F1 
CRF 99.28 97.98 98.62  99.27 96.31 97.77  97.64 91.26 94.34 
Bi-LSTM 99.36 98.86 99.11  98.87 97.96 98.41  96.98 95.43 96.19 
Bi-LSTM+ELMo 99.41 98.99 99.20  99.09 98.18 98.63  96.91 96.93 96.92 

Conclusion: Our results showed that the Bi-LSTM model exploiting bidirectional language model layers achieved 
substantial performance improvement for clinical text de-identification. Our future efforts will focus on improving 
generalization across different corpora by model adaptation or combination. 
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Introduction 

In December 2019 a novel virus. severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2)1, and disease, 
coronavirus disease 2019 (COVID-19)2, was reported in China. As the virus spread, clinicians searched for a forum 
to disseminate information about the pathogenesis and epidemiology of this novel disease, discuss the research and 
development of potential treatment, and brainstorm ways to overcome the rapidly evolving challenges for the 
healthcare system. Social media has been previously studied as a means for mapping and modeling outbreaks3 and 
conveying health information to the public4, but little is known about the utility as a forum for clinicians to support 
one another and share relevant information during a pandemic. We analyzed the utilization of a private Facebook 
social media group to engage United States healthcare providers in discussing matters related to COVID-19. 

Methods 

On March 13th, 2020 a private forum was created to coordinate and share information about the COVID-19 pandemic. 
To join this private group, members had to be a physician, an advanced practice provider, or a trainee in one of these 
programs and provide proof of credentials. The administrative team reviewed every post and created guidelines to 
encourage only high quality and evidence based posts supported by available literature. A group of 20 moderators 
(medical doctors) from different cities and with various specialty background reviewed all submitted posts and 
approved those that followed the forum guidelines. 

Results 

On March 25th, 2020, the forum included 132,267 health care professionals from the United States with a total of 924 
posts with 61 different topics. Of those posts the top topics included personal protective equipment (PPE) (N=88), 
COVID-19 testing (N=82), general information (N=56), treatment recommendations (N=56), frontline updates 
(N=50), research (N=47), critical care (N=45), and transmission (N=36). Additional themes of the posts included 
political advocacy, awareness of rapidly developing clinical trials or patient registries, and peer discussion of articles 
that were released about COVID-19 prior to official peer-review. Because of the overwhelming discussion from the 
members of the group, a subgroup was created to help hospitals or clinics locally source PPE. Additional local 
subgroups were created to connect physicians in the same region. 

Conclusion 

During the medical uncertainty of COVID-19, many clinicians were looking for a trusted source to discuss issues they 
were encountering providing patient care and also critically reviewing the literature available from pre-peer review 
paper submissions about COVID-19. Clinicians may turn to social media to achieve a crowd sourcing decision on 
controversial medical recommendations. Future work will be done to survey the clinicians in this group to assess if 
the information gained from this group changed their clinical decision making or medical management of patients.  
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Introduction 

At the time when healthcare is focusing its effort towards exploring artificial intelligence, particularly how to help 

with diagnosis and care of patients, we reflect on the fact that one of the main uses of technology in healthcare is the 

ability to equip providers with data to inform their decision-making. Over the past two decades, the Center for 

Knowledge Management (CKM) has provided clinicians with filtered synthesized evidence summaries to answer 

patient-specific complex clinical questions; evaluation of this service via a randomized controlled trial found it had a 

significant impact on clinical decision-making1. In 2005 CKM began leveraging the message basket feature in the 

EHR (StarPanel) to scale this provision of evidence for medical center care teams2.  

Project Description 

With Vanderbilt University Medical Center’s (VUMC) 2017 transition to a new EHR (eStar) comes an opportunity to 

reimagine our approach to answering complex clinical questions through a new workflow tailored to the eStar 

environment. Our reinvigorated method of providing targeted, synthesized evidence to answer complex queries serves 

as a companion to other exploratory methods and systems - especially those using machine learning techniques to 

extrapolate data from millions of patient records3. The first step in reintroducing this service was partnering with 

VUMC HealthIT (PLB, TJO) to establish an eStar message pool to serve as a seamless healthcare provider/information 

professional communication portal. Providing clinicians with a mechanism to request evidence from within the EHR 

at the moment a question arises can free them from common barriers to asking questions, such as uncertainty about 

how to request needed information and concerns that the response will lack the specificity necessary to be clinically 

actionable4. During the initial process optimization phase, the messaging service was made available to clinician 

champions and others who had used the service in the past.  It is now available to all eStar users in the production 

environment. Questions received through the pool are triaged internally to the CKM team member with expertise in 

the area of inquiry. Implementation of the service in eStar enables CKM information professionals to utilize the 

electronic health record’s novel word frequency cloud feature, built by DAG, to gain insight into the patient. The 

Word Cloud is built automatically in real time by applying NLP techniques to extract medical concepts from all textual 

documents and mapping them to the Unified Medical Language System (UMLS). A high-level visual presentation 

gives a time-oriented view of documented concepts and their relative frequency. Utilizing the actionable intelligence 

provided by the Word Cloud allows for greater and faster personalization of evidence summaries based on a patient’s 

comorbidities and health history, minimizing the need for information scientists to access the full patient record. 
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Introduction 

With the recent emphasis by NIH on building pediatric rehabilitation resources, a pediatric learning health system 

(LHS) framed within rehabilitation would align with the NICHD strategic plan. Existing CDRNs and other national 

data repositories and warehouses do not specifically address the data standards and semantic interoperability 

necessary to develop large-scale research and learning in pediatric rehabilitation. The Shriners Hospitals for 

Children (SHC) Health Outcomes Network (SHOnet) was built to address this gap and serves as critical 

infrastructure to generate real-world knowledge as a by-product of healthcare delivery, i.e. LHS. SHOnet maintains 

data standards for semantic interoperability to support pediatric rehabilitation LHS research for orthopedic 

problems, burns, spinal cord injuries, cleft lip and other complex surgical needs. 

Methods 

The SHOnet pediatric rehabilitation common data model (CDM) was organized according to a modified version of 

the PEDSnet pediatric-specific CDM based on Outcomes Medical Observational Medical Partnership (OMOP, 

CDM v 5). Data elements were coded using standardized vocabularies, including SNOMED-CT, ICD9/10, CPT4, 

HCPCS, LOINC, and RxNorm to support data exchange. The SHOnet data team identified all electronic medical 

record (EMR: Cerner) data elements and clinical events in EMR powerforms and later from related embedded 

applications for surgical and radiological data, such as Surginet and RADnet. Provider table data was created using a 

separate personnel database. Data tables such as labs, observations, measurements, etc., use different terminologies 

as the standard vocabulary which is necessary to maintain for interoperability between other databases. Data 

elements from occupational, physical, and speech therapies were all included across the care continuum.  

The extraction-transformation-loading (ETL) process was implemented in Oracle ODI tools by an ETL analyst. 

EMR data were automatically extracted from existing data sources, de-identified, and transformed into the CDM. 

The EMR includes some standardized vocabularies, such as ICD9/10, CPT4, and NDC, which eased the mapping 

process from data elements to OMOP concept codes. The SHOnet database is updated every three months and data 

undergo rigorous quality checks and review to ensure a high degree of data conformance, completeness, and 

plausibility using a program created by the PEDSnet data quality team in conjunction with help from members of 

SHOnet (https://github.com/PEDSnet/Data-Quality-Analysis). Manual checks are completed by an experienced 

clinician for certain values that are more common than expected (i.e. rare conditions). After each update, data are 

loaded onto a secure, dedicated server, which is managed by the SHC Information Systems (IS) department. 

Results 

The SHOnet CDM includes over 10,000 distinct queryable data elements that were mapped from EMR source 

tables. SHOnet data are generated across 21 SHC care sites as part of routine clinical care during 3.4 million patient 

encounters and counting since 2011. SHOnet also includes a wide range of patient/family-generated data, including 

caregiver and patient questionnaire responses, wearable sensor data (e.g., activity trackers, geo-trackers), and data 

generated as by-products of healthcare delivered outside the SHC system (e.g., external pharmacies, non-SHC 

healthcare providers). Primary data tables include: person, condition, provider, care site, drug exposure, device 

exposure, observations, measurements, death, visit payer, encounter, visit occurrence, notes, clinical measures 

(PROs) condition, location, procedure. 

Conclusions 

SHOnet is the vanguard of the LHS frontier for pediatric rehabilitation. SHOnet continues to extract and build in 

additional data elements identified as necessary by SHC clinicians and researchers to conduct LHS research 

activities. SHOnet optimizes standards interoperable with other CDRNs to support a data ecosystem with economy 

of scope to conduct large-scale learning and research activities surrounding pediatric rehabilitation. Future SHOnet 

LHS activities are focused on establishing routine feedback mechanisms to improve clinical documentation across 

various clinical specialties and building infrastructure to support large-scale implementation science trials. 
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Introduction 
Over 60% of adult intensive care unit (ICU) survivors are discharged with functional decline and subsequently have 
higher health care utilization, increased mortality risk, and lower quality of life.1 Guidelines recommend patient 
mobility interventions to be safe and feasible in ICU settings to reduce hospital-associated functional decline, yet 
guidelines are implemented in less than 50% of U.S. ICUs.2 Clinical decision support is a compelling solution to one 
of the most frequent and modifiable clinician barriers – determining patient safety for mobility interventions. The 
decision for nurses to mobilize an ICU patient is complex, requiring the nurse to summarize patient information over 
time to determine stability and safety for out of bed activity.3 A critical barrier is knowing how to implement 
guidelines within the electronic health record. The purpose of this project is to develop the mapping of mobility 
guideline recommendations to electronic health record data fields.  
 
Methods 
We developed rule-based definitions using a team of clinical researchers, clinicians, and informaticists, and guided 
by the NIH Collaboratory resource on Electronic Health Records-Based Phenotyping. First, we completed a line-by-
line analysis of one organization’s existing ICU mobility guideline to identify clinical concepts and definitions. 
Consensus definitions4 and clinical expertise were used to further specify rule-based definitions. We examined the 
electronic health record (EHR) to identify data sources. 
 
Results  
We defined 6 main clinical concepts from the guideline that were mapped to 35 data sources in the EHR (i.e. 
flowsheet row, orders, medication administration record). An example of the mapping is described in Figure 1. 
 

Data Element 
Concept 

Clinical 
Definition 

EHR Definition EHR Data Source  
(data source location: name) 

Cardiovascular 
Safety 

Demonstrates 
adequate 
circulatory 
control without 
increasing 
organ support  

Mean arterial blood pressure (MAP) within 
ordered target over past 12 hours OR 65-90 
mmHg (default) over past 12 hours AND 
receiving ≤ 1 medication from vasopressor 
class AND heart rate (HR) ≥ 55 and ≤ 125 
over past 12 hours  

Active orders: House officer parameters 
Vital signs flowsheet: MAP (arterial) 
Vital signs flowsheet: MAP (cuff) 
Vital signs flowsheet: heart rate 
Medication administration record: 
Vasopressor name & dose   

Figure 1. Sample mapping 
 
Conclusion 
Clinical concepts from the guideline were able to be specified to develop the algorithm logic and identify EHR data 
sources. This process is the necessary first step preceding the design of informatics tools to support clinical decision 
making about ICU patient mobility. Our next step is to apply our algorithm to a large sample of ICU patients within 
the health system for validation analysis. 
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Objectives 

[1] Learn how clinical business intelligence can be deployed to improve reliability of clinical 

care and administrative processes 

[2] Learn the difference between information and actionable insight 

[3] Learn how real time data can enable continuous quality improvement  

 

Purpose 

To educate conference attendees on methodologies employing real time data that can be 

employed to improve the reliability of suicide prevention care processes 

 

Suicide prevention is the Department of Veterans Affairs’ (VA’s) top clinical priority.  Herein 

we describe an approach to improving the reliability of suicide prevention clinical care and 

administrative processes leveraging a FOIA VistA integrated suicide prevention management 

platform (Suicide Prevention Manager, Iconic Data, Inc., Norcross, GA and Document Storage 

Systems, Inc., Juno Beach, FL).  The platform is the first VistA integrated platform that utilizes: 

i) a clinical business intelligence engine with knowledge of VA suicide prevention clinical 

pathways and VA suicide prevention clinical and administrative business rules; ii) real time push 

notification infrastructure; and iii) real time electronic health records system integration via HL7 

as well as Service Oriented Architecture (SOA) based integration technology to monitor suicide 

prevention care.  Leveraging the clinical business intelligence engine, the platform has the 

capability to observe the care of veterans that have been identified to be at risk for suicide and to 

identify, in real time, potential defects in the veteran’s care that may require intervention.  At the 

time any potential defects are identified, the platform can, utilizing its clinical business 

intelligence engine and real time push notification infrastructure, identify and notify key 

stakeholders in the veterans care such that they can evaluate the situation and intervene, if 

necessary.  As such, the platform mitigates avoidable delays in suicide prevention stakeholder 

awareness of potential defects in care, enabling more timely intervention and service recovery.  

With high risk for suicide patient populations, this more timely awareness and intervention can 

be of obvious benefit versus the alternative.   
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Introduction 
Prevalence estimates for autoimmune diseases vary widely, and may be as high as 6.4% depending on the condition 
in question.1, 2 Meanwhile, the number of conditions identified as autoimmune in nature has grown.1, 3, 4 We provide a 
new method for estimating state-level prevalence rates using electronic health record (EHR) and United States (US) 
Census data. 
 
Data Sources 
Data from all patients diagnosed with an autoimmune disease were extracted from Washington University School of 
Medicine/Barnes-Jewish Hospital’s (WUSM/BJC) EHR. Population counts from the 2010 US Census for the 
WUSM/BJC catchment area were used as denominators for age-adjusting our estimates of disease prevalence rates to 
the US population. 
 
Methods 
We aggregated zip code estimates of prevalence and population counts, stratified by age group, and standardized rates 
of autoimmune disease to the state and national level for several autoimmune conditions.  
 

 
Figure 1. State and national prevalence estimates for rheumatoid arthritis and type 1 diabetes. 
 
Results 
Figure 1 demonstrates a similar pattern of population-level prevalence across two common autoimmune conditions: 
rheumatoid arthritis and type 1 diabetes.  
 
Conclusion 
Extrapolating state- and national-level prevalence rates from institution-specific EHR data may provide a new way to 
more accurately estimate the prevalence rates of various conditions, including autoimmune diseases. 
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Introduction 
Nutrition is a major contributing factor to obesity and chronic disease among low-income populations,1 and public 
health nurses address client-specific nutritional needs through home visiting services. This secondary data analyses 
aimed to: a) identify groups of home-visited clients with low-income by their Nutrition signs/symptoms, and b) 
compare overall knowledge, behavior and status (KBS) between groups before and after visits.  

Methods 
The Omaha System is a research-based, comprehensive and standardized taxonomy that describes client care provided 
by public health nurses. Existing Omaha System data from 2013-2018 were employed.2 Clients ages from 0 to 95 with 
mean (SD) 34.0 (20) years with Income and Nutrition problems were selected for analyses (N=900). Latent class 
analysis (LCA) was used in SAS 9.4 to identify optimal groups of Nutrition signs/symptoms (overweight, 
underweight, lacks established standards for daily caloric/fluid intake, exceeds established standards for daily 
caloric/fluid intake, unbalanced diet, improper feeding schedule for age, does not follow recommended nutrition plan, 
unexplained weight loss, unable to obtain/prepare food, hypoglycemia, and hyperglycemia). The number of 
interventions as well as KBS scores at admission and discharge were compared by group.  

Results 
A 5-group model was selected after reviewing the meaning of several models and the model fit indices, including 
Akaike information criterion (AIC), Baysian information criterion (BIC), and entropy. The five groups were 1. 
unbalanced diet but no weight-related issues nor hyperglycemia (35%), 2. overweight (33%), 3. underweight (19%), 
4. hyperglycemic but not overweight (8%), and 5. hyperglycemic and overweight with no adherence to recommended 
nutrition plan (6%). Group 4 and Group 5 had the most racial and ethnic minority clients (p<0.01) and the oldest 
clients (p<0.01). Group 5 received the most interventions (p<0.01). Clients in all groups had higher KBS scores at 
discharge than admission (p<0.01). The smallest improvements in overall KBS scores were observed in Groups 4 and 
5 (p<0.01).   

Figure 1: Public Health Nursing Interventions and KBS Scores by Group  

 
Note: Final status scores were labeled for reference.  

Conclusion 
Public health nursing interventions were associated with positive changes in nutrition knowledge, behavior and status 
among clients without hyperglycemia. Further intervention support appeared warranted for public health nurses to 
effectively manage clients’ hyperglycemia and improve adherence to recommended nutrition plans. This highlights a 
need for tailoring public health nursing interventions to address home visit clients’ nutritional needs effectively.   
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Introduction 

The purpose of this study is to investigate the level of awareness of de-identification of medical data and the degree 
of recognition of the relationship with data integrity according to the method of de-identification. 

Methods 

A structured questionnaire was developed through article review and expert consultations. The questionnaires 
consist of three parts, which include the level of awareness of de-identification, awareness of re-identification risk 
management, and mid to long-term strategies to maintenance of the level of de-identification of medical data. The 
target research population was researchers, developers, or data managers with experience in using clinical data for 
secondary purposes. The online questionnaire recruited a total of 319 respondents. Among them, 94 (29.5%) 
respondent who had no experience of clinical data usage for secondary purpose were eliminated, and 13 unfaithful 
respondents were also excluded.  

Results 

 Among the total of 212 respondents, 164 
(77.4%) belonged to medical institutions, and 
43 were (22.6%) belonged to non-medical 
institutions such as a university or IT 
companies. 79.7% of respondents agreed to 
the de-identification process is essential for 
clinical research (strongly agree 54.7%, agree 
25.0%). 163 (76.9%) answered that de-
identification can affect the result or 
confidentiality of clinical research. However, 
less than half of the respondents (47.2%) had 
a good understanding or experience with de-
identification methodologies. Also, there was a 
lack of awareness of re-identification risk 
management. 

Conclusion 

Through this survey, we figured out that the 
awareness of specific methods or risk 
management is insufficient compared to the 
awareness of the need for de-identification. In 
addition, there is a need for consistent level of 
the inter-institutional de-identification strategy. 
Considering the attribute of medical data, a 
guideline that users can easily understand and 
use is needed. 
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Figure 1. Questionnaires of de-identification methodologies 

Figure 2. Relationship between data integrity and de-identification 
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Introduction 

In January 2020, the Corona Virus Disease 2019 (COVID-19) broke out in Wuhan, China, and it has transformed into 
a pandemic rapidly. Medical informatics plays a supporting role in epidemic monitoring and analysis, resource 
allocation, etc. However, there are still challenges in the application of medical informatics in epidemic prevention 
and control. This summary attempts to sum up the health informatics challenges of COVID-19 management based on 
the experience from Honghu, China. 

Methods 

In Honghu, a city next to Wuhan with a severe epidemic, Digital China Health Co., Ltd helped build Honghu COVID-
19 Hybrid Surveillance System. This system integrates heterogeneous data from multiple sources, brings together 
multidimensional data, and a data analysis model suitable for monitoring, early warning and response of COVID-19 
was established. It is a real case of medical big data applied to the prevention and control of communicable diseases. 
Through expert consultation and case analysis, this abstract summarizes the problems found in the process of data 
governance in Honghu city. 

Results 

First of all, from the perspective of the data sources, because there is no detailed plan and the reporting personnel have 
not been uniformly trained, they have different understandings of data integrity and regulatory requirements. The data 
caliber, data statistics time, and reported format are not uniform (photos, PDF, WORD, etc.), which brings great 
difficulties for subsequent processing and analysis. For example, not every medical institution reports patient’s ID 
numbers, which is not conducive to subsequent data integration and patient tracking from different sources. 

Secondly, the implementation of data standardization is not ideal, including semantic, testing, drug use, etc. It is 
recommended that the data standardization infrastructure used in the future medical and public health systems should 
be prepared in advance, so as to quickly and effectively obtain the data integration results and find the best solution 
through data analysis when dealing with various emergency public health events in the future. 

Thirdly, data from various sources is currently fragmented and difficult to integrate deeply, including data in public 
health agencies, medical institutions, patient self-reports, third-party testing agencies, and other service industries. For 
example, China's public health monitoring data operates independently in a dedicated system, while clinical data is 
mostly stored in hospital, and data from these two systems is difficult to fused interactively. The effective data 
communication mechanism has not been established, and the requirements and scope of data communication cannot 
be clarified in a short period of time.  

Finally, the government needs to give more comprehensive and detailed relevant policy support. There is no doubt 
that China currently supports the medical application of information technology, but more detailed policy documents 
and applicable laws are still needed to ensure the rapid collection of data during possible outbreaks of communicable 
diseases, such as data sharing and patient privacy protection, etc. After the end of SARS in 2003, China established a 
national communicable diseases direct online reporting system covering almost 100% public health institutions across 
the country. Some researchers suggest that the direct internet reporting system can play its role better if the reporting 
procedures are more efficient. In line with the reporting system, China needs to optimize the direct reporting 
mechanism to increase the sensitivity of communicable disease surveillance. 

Conclusion 

In the case of Honghu, the data sources are diverse and complex, which brings great challenges to the later data 
governance and analysis in the emergency situation. Although image recognition, natural language processing, term 
mapping and other technologies provided great help, hospitals, health management departments, public health systems 
and health information departments should form a linkage plan to better prepare for such epidemics in the future. 
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Introduction 

Intensive Care Unit (ICU) produces large amount of data every day and interpreting these data in a meaningful way 

is challenging. With the continuous monitoring of critically ill patients, ICU clinicians face the burden of information 

overload, which leads to increased communication and diagnostic errors1. Ineffective communication creates barriers 

to team collaboration and safe patient care. Advancement in healthcare information technology (HIT) calls for an 

effective data visualization tool to help ICU clinicians with these challenges. The objective of this poster is to present 

a systematic summary of selected articles including the tools, techniques and evaluation of ICU data visualization. 

Methods 

A literature search was conducted using PubMed and Google Scholar. The inclusion criteria are: (1) utilization of ICU 

data for information visualization, and (2) objective of the study was either designing or evaluating the visualization 

tool. We have conducted a preliminary study in order to design a broader literature search and develop the data curation 

process. This will lead to a comprehensive systematic review using the PRISMA guideline. The techniques of data 

visualization will be assessed for different domains of ICU data. 

Results 

A total of nine manuscripts were included: (a) two discussed the design of the visualization tools, (b) two evaluated 

the data visualization tool, and (c) five comprised of both design and evaluation (see Table 1). Evaluation methods 

include deployment, pilot studies, interviews, or surveys. The datasets used for the studies were: (a) MIMIC-II (n=3), 

(b) MIMIC-III (n=2), and (c) Institutional Electronic Health Records (EHR) (n=4). 

Discussions  

The benefits of ICU data 

visualization include: (a) 

reduces clinicians’ cognitive 

load and improve 

communication process, (b) 

promotes efficiency in early 

diagnosis, quicker decision 

making, and team 

collaboration by displaying 

applicable patient data 

within a single interface that 

is readily available to ICU clinicians, along with features such as status trends and abnormality detection, and (c) 

assists ICU clinicians in responding to acute clinical events (e.g. hypotensive crisis) promptly as patients’ health status 

are visualized and interpreted in a continues and predictive manner. 

To the best of our knowledge, none of the ICU data visualization tools mentioned in this study has been standardized 

and widely applied in a larger scale of healthcare system. This preliminary study creates the basis of a comprehensive 

systematic review using the PRISMA guideline. This will lead to designing a meaningful point-of-care dashboard 

application to facilitate rounds, handoffs (transition of care), and remote monitoring in the ICU. A better information 

visualization system in the ICU could potentially improve patient outcomes by decreasing length of stay and mortality 

rate, hence result in a decreased cost of care as well. 
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Table 1: Summary of the selected studies 

Author Method Tool Name Dataset 

(A. J. Faiola et al., 2015) Design MIVA 2.0 EHR 

(Chen et al., 2015) Design explICU MIMIC-II 

(A. Faiola et al., 2015) Evaluation MIVA 2.0 EHR 

(Olchanski et al., 2017) Evaluation ProCCESs AWARE EHR 

(Thomas et al., 2018) Design & Evaluation  Echo MIMIC-III 

(Ordó̃ez et al., 2010) Design & Evaluation  MTSA MIMIC-II 

(Levy-Lambert et al., 2018) Design & Evaluation  N/A MIMIC-III 

(Stylianides et al., 2011) Design & Evaluation  ICW EHR 

(Vong et al., 2016) Design & Evaluation IVAEM MIMIC-II 
 

1823



Identifying and Predicting Risk Factors of Potential Problem Opioid Use in 

Chronic Noncancer Pain Patients Using Electronic Health Records 

Yifan Li, BS1, Changye Li, MS2, Gavin Bart, MD, PhD3,4, Rui Zhang, PhD1,2 
1College of Pharmacy, 2Institute for Health Informatics, 3Medical School, University of 

Minnesota; 4Hennepin County Medical Center, Minneapolis, MN, USA 

Introduction 

Chronic noncancer pain is a common reason for opioid prescriptions. In 2018, 15% of the population filled at least 1 

opioid prescription with average of 3.4 prescriptions per year1. More than 10 million people misused prescription 

opioids, 2 million people had an opioid use disorder, 47,600 people died from overdosing on opioids and more than 

130 people died every day from opioid-related drug overdoses2. Identifying problem opioid use (POU) and associated 

risk factors are critical to prevent severe clinical consequences. Diagnostic codes (i.e. ICD) may incompletely 

document POU. More relevant information may be found in clinical notes in Electronic Health Records (EHR). 

Methods 

A total of 599,688 clinical notes of patients with chronic noncancer pain and on an opioid medication, who visited 

Minnesota Fairview healthcare system during 2015, were included. Related structured data and unstructured clinical 

notes in the EHR were collected. A dictionary of POU related terms was developed. A rule-based natural language 

processing (NLP) system with the dictionary was developed to identify potential problem opioid use (Figure 1). A 

subset of clinical notes that were identified as potential POU were evaluated via expert manually chart review with 

focus on current problem 

opioid use of the patient 

including abuse, misuse, 

overuse, OUD, etc. Patients 

who were identified with POU 

as the case group were further 

compared with patients without 

POU as the control group to 

identify potential risk factors 

using multivariate logistic 

regression model. 

Results   

3,509 patients were identified with potential POU using NLP system, only 1,929 among which received diagnosis 

codes. The precision of the rule-based NLP system was 72% after manually review of 50 randomly selected clinical 

notes that were identified as potential problem opioid use. 3,509 patients were further compared with a control group 

(3,722) for risk factors identification. The elder age group (OR=1.121), American Indian or Alaska Native race 

(OR=2.640), Black or African American race (OR=2.122), Non-Hispanic or Latino ethnicity (OR=2.078), and ICD 

10 diagnosis of drug (non-opioids) (OR=5.242), alcohol (OR=2.620), nicotine (OR=2.795) abuse/dependence, mental 

health disorder (OR=3.047) and hepatitis (OR=2.339) were identified as risk factors. 

Conclusion  

Our pilot study shows that it is feasible to apply NLP techniques to process clinical notes in EHR to identify more 

cases with POU. It can further help direct targeted screening in patients on opioids and naloxone prescriptions to high 

risk patients, track outcomes of utilization, ADRs, etc. and serve as a supplement tool to current approaches using 

only coded data.  

Reference 

1. Centers for Disease Control and Prevention. 2019 Annual Surveillance Report of Drug-Related Risks and 

Outcomes -- United States Surveillance Special Report. Washington, D.C.: U.S. Department of Health and 

Human Services; 2019. 128 p. 

2. U.S. Department of Health and Human Services. What is the U.S. Opioid Epidemic? Washington, D.C.: U.S. 

Department of Health and Human Services; 2019 [updated 2019 Sept 4; cited 2020 Jan 20]. Available from: 
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Figure 1. Overview of the rule-based NLP system. 
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Abstract 

Opioid overdoses are a leading cause of patient death. We report here on an example of system design that 
contributed to an inadvertent order for a fentanyl patch using computerized provider order entry in a commercial 
EHR system. Specifically, we describe an example of shortcut abbreviations from a legacy prescribing system 
populating order entry catalogs for many years that led to at least one intercepted prescriber error. We then describe 
how the issue was investigated and quickly ameliorated. Vigilance and reporting of areas of concern remain 
essential.     

Methods  

For the index event, “PT” was entered into the order entry field for a current inpatient to request physical therapy. 
As shown in the image, a fentanyl patch was then pre-selected. When the user subsequently clicked “select and 
stay,” as per customary order entry routine, the fentanyl patch was added to the scratchpad. The user then clicked 
“physical therapy” in the middle pane of the screen to select physical therapy as originally intended and did not 
immediately identify the pended fentanyl order.   
 
Results  

Upon subsequent report of this error (which did not reach the 
patient), the pharmacy team investigated and uncovered a legacy 
system design that included use of “PT” as an abbreviation for 
patch. Inclusion of these legacy abbreviations within the newer 
EHR system led to a pathway by which entry of this 
abbreviation invoked all patches as potential medication order 
matches with fentanyl appearing at the top alphabetically. As a 
consequence of this finding, all legacy abbreviations available as 
search shortcuts were identified, reviewed and deemed obsolete, 
and removed.   
  
Conclusion  

Key lessons from this event include the need for vigilance regarding any legacy abbreviations that may persist and 
haunt order catalogs. Further, odd appearing “fuzzy matching” may lead to incorrect medication pre-selection within 
order entry systems. Per SAFER guides, use of abbreviations and acronyms should be minimized and standardized. 
Similarly, fuzzy logic, when optionally enabled for medication orders, may lead to poorly matched selections with 
just a few keystrokes. These risks may be reduced by following ISMP best practice recommendations to eliminate 
fuzzy matching for medication orders. Further, per SAFER guides, use of abbreviations and acronyms should be 
minimized and standardized. Review of available terminologies, including the presence of any ordering shortcuts, at 
time of system changes in keeping with SAFER and ISMP guidance may lessen risks of this pathway for error.   
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Figure 1: Demonstration of steps by which a fentanyl patch 
was ordered by typing “PT” and clicking “select and stay.”  
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Introduction           

Expanded uses for electronic health record (EHR) data, including scientific research and regulatory applications, have 
stimulated the need to delineate the fitness of EHR data across multiple dimensions. Rigorous data quality (DQ) 
assessment approaches are needed, but building broadly-applicable methods is challenging, compounded by the lack 
of clear standards to measure DQ1. General models often consider a limited set of quality dimensions, data sources, 
and use cases, and may not cover all aspects of DQ. Our holistic method applies layers of testing based on a matrix of 
quality dimensions (accuracy, completeness, consistency, generalizability, timeliness, traceability) across quality 
classes (technological, clinical, and scientific) that can be tailored to specific use cases.  
Methods 
We tested our framework on a market trend analysis utilizing data from the American Academy of Ophthalmology 
IRIS Registry, the largest specialty clinical database in medicine, with data from 15,000+ physicians using 62 different 
EHRs and 72 million patients2. Tests were applied across quality dimensions and classes to a cohort of practices 
performing intravitreal anti-VEGF injections between 2018-Q2 and 2019-Q1. Our framework assesses practices based 
on a layers of a selected series of weighted project-specific tests (e.g., % of anti-VEGF injections with retinal 
indication on the same day and eye) as well as general healthcare data tests (e.g., % of patient diagnosis dates with 
corresponding procedure date) to create patient-, provider-, practice-, and EHR-level scores, quantifying DQ.  We 
statistically verified data representativeness (gender, age, race, location) to eliminate potential bias. 
Results 
The DQ framework identified practices with accurate, consistent, complete, traceable, and timely data related to 
intravitreal anti-VEGF use. Practices with low-quality data were then excluded to improve reliability of our analysis. 

 Accuracy a Completeness b Consistency b Timeliness b Traceability b 
All Practice data 72% 97% 86% 86% 98% 
Reliable Practices Only 100%  100%  100%  100% 100%  
Less Reliable Practices Only 9% 92% 59% 59% 83% 

Table 1. a. based on a threshold of >= 0.6 on a scale of 0 to 1 (0.6 accounts for off-label use) b. based on a threshold of 1.0 on a scale of 0 to 1.0 
Conclusions 
Our framework proposes an approach to measuring and creating a more unified standard for assessing DQ. The 
framework, initially applied to the IRIS Registry, is designed to be applicable to other EHR-based registry data, 
including the American Academy of Neurology Axon Registry and the American Urological Association AQUA 
Registry. Expanding our approach to pharmacovigilance and retrospective cohort studies, comparing across data 
refreshes, and assessing score reliability and sensitivity will be important to further validate model flexibility.  
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Introduction: Triple-negative breast cancer (TNBC) has the lowest survival rate comparing to other breast cancer 

subtypes. It is essential to discover the factors that can improve the survival rate for the TNBC subgroup. However, 

the current prevention research mainly focuses on single or a handful of factors identification, and only 8.8% of them 

considered multiple risk factors for death as an outcome1. Meanwhile, traditional data mining methods such as frequent 

pattern mining, or contrast mining suffer from pattern explosion problem to discover complex contrast patterns under 

the odds ratio (OR) metric. Therefore, we developed a novel tree-based mining approach, an odds ratio tree (ORTree), 

for mining longer and complex risk patterns, which contain co-occurring risk factors. In this study, we applied our 

method on differential TNBC patients from the Luminal A patients who have better survival. The discovered complex 

patterns may provide new insights into treatments for TNBC. 

Methods: We used the RNA-Seq data for Breast Cancer from The Cancer Genome Atlas 

(TCGA)2. The data has 115 patients with Triple-negative (TNBC), 440 patients with 

Luminal A. The top 200 upregulated genes and the top 200 downregulated genes were 

selected. The data of patients with 400 genes in the subtype TNBC and Luminal A were 

served as inputs to our ORTree mining approach, with support threshold equals to 0.5 

and odds ratio threshold equals to 10. The ORTree, conceptually depicted in Figure 1, is 

a dynamic tree structure featuring an indexing structure for efficient risk pattern search. 

It uses a top-down search strategy to efficiently identify significant risk patterns based 

on odds ratio. It also outperforms existing algorithms in long pattern mining problem. Its 

dynamic tree structure adjusts gracefully under manipulation operations, including 

insert, delete, update genes operations and supports a search function for users to select 

genes of interests and efficiently traverse the tree structure to identify gene combinations. 

Results: There are 5,405 patterns found between the subtypes Triple-negative and Luminal A. 98.9% of all discovered 

patterns have numbers of gene combinations between 5 and 11, and all 

short patterns are fully detected. We listed four discovered patterns in 

Table 1 for further discussions. For example, for pattern P1 and P3, the 

literature shows that the crypto gene family member CFC1B has 

oncogenic potential, and it is related to the epidermal growth factor 

receptor (EGFR) forming a receptor complex. The complex is solidified 

by GPI linkage, making the cell membrane connection able to regulate 

growth factor receptor signaling of Nodal3. Thus, it is reasonable for 

CFC1B to exist in TNBC basal subtype and lacking presence in the luminal type. Furthermore, gene TECRL involved 

in the synthesis of very long-chain fatty acyl-CoAs pathways, which is closely associated with breast cancer recurrence4. 

We did the pathway enrichment analysis on the patterns P2 and P4, and only single gene of them is involved in certain 

pathway. These long significant patterns with high odds ratios are reported as new findings, which can guide further 

genetic-based individualized screening and prevention5. 

Conclusion: A novel odds ratio pattern mining method is developed with its application on TCGA breast cancer data. 

The mining results demonstrate it is capable of identifying long patterns under odds ratio metric. The existing 

researches in PubMed support some discovered results, and other results are expected to be new findings for further 

interventions and actions in biomedical applications. Our method demonstrates its ability to discover longer and 

complex risk patterns for breast cancers. It can be extended to analyzing other cancer types.  
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Table 1. Example Patterns of subtypes TN and LA 

 Gene or Gene combinations 
Odds 

Ratio 
P-value 

P1 CFC1B 33.10 <0.001 

P2 
C4orf40,XAGE2,SULT1C3,PAGE1, 

LCE2B,CSAG2,PPP1R3A,FTHL17 
21.24 <0.001 

P3 CFC1B,TECRL 18.38 <0.001 

P4 
XAGE2,SULT1C3,PAGE1,LCE2B,CSAG2,

DHRS7C,PPP1R3A,SMR3A,FTHL17 
15.02 <0.001 

 

Figure 1. Each node labels a gene, and 

it stores Patient IDs of both groups that 

contain it. 
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Abstract 

To migrate between different electronic health record (EHR) systems with different section definitions, it is unknown if there 
are methods to predict section location of sentences. In this study, we used random forest classifier on the Bidirectional Encoder 
Representations from Transformers (BERT) to encode sentences into vectors to predict which section the sentence may appear 
in. An overall macro-F1 score of 0.75 among 31,953 test sentences indicates BERT can effectively encode sentences for section 
prediction. 

Introduction 

In clinical texts, document structure provides important information about patient health. Conditions, treatments appearing in 
different sections or contexts will have different meanings and indications when interpreted in different phenotyping extraction 
models in clinical natural language processing (NLP). To migrate between different electronic health record (EHR) systems 
with different section definitions, it is unknown if there are methods to predict section location of sentences. 

Materials and Methods 

The clinical texts used in this study are from Mayo Clinic’s Employee and Community Health (ECH) cohort. We randomly 
selected the clinical notes of 100 patients, and used the notes of 90 patients as the training set and 10 patient records as the test 
set. The dataset consists of in total of 51,337 sections and 336,487 sentences. BERT1 (Bidirectional Encoder Representations 
from Transformers) is a transformer-based deep learning model that can encode each input sequence as a multidimensional 
vector and has been proved to perform well in many biomedical NLP tasks. We used the 12-layer base model without fine-
tuning. We selected 10 most common section types and use Random Forest classifier to classify sentences to section IDs based 
on 768-dimensional encoded BERT sentence vectors.  

Results and Discussion 

The classification performances in precision, recall and F1 score of predicting the section location of each individual encoded 
sentences are shown in Table 1. The F1 scores are all above 0.6 except the diagnosis, which is typically a list of words instead 
of narrative sentences. Figure 1 shows the confusion matrix. The prediction errors are mainly between diagnosis and 
Impression, Report, Plan section which can also include diagnosis information and confuse the algorithm.  

 

 

Section Title Section 
ID 

precision recall f1-
score 

Sentences 

Chief Complaint 20102 0.71 0.55 0.62 1842 
History of Present 
Illness 

20103 0.68 0.69 0.68 6601 

Current 
Medications 

20104 0.93 0.89 0.91 3165 

Allergies 20105 0.99 0.97 0.98 1481 
System Reviews 20106 0.90 0.59 0.71 1364 
Past Medical/ 
Surgical History 

20107 0.88 0.88 0.88 2161 

Social History 20108 0.91 0.79 0.85 1070 
Impression/Report/ 
Plan 

20112 0.74 0.82 0.78 12201 

Diagnosis 20113 0.30 0.26 0.28 1152 
Nursing Notes 20183 0.91 0.70 0.79 556 
Macro Average 

 
0.80 0.71 0.75 31593 

Figure 1. Confusion matrix of section 
prediction of the encoded sentences. 

 

 

Table 1. Performance predicting section location on the test set 

Reference 
1. Devlin J, Chang MW, Lee K, Toutanova K, BERT: Pre-training of Deep Bidirectional Transformers for Language 

Understanding, Proceedings of the 2019 North American Chapter of the Association for Computational Linguistics: 
Human Language Technologies, Volume 1 (Long and Short Papers), 4171–4186 
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Mapping Dental Diagnostic Concepts to SNOMED CT: A Pilot Study 
Yingci Liu, DDS, MS1, Smitha Edakalvian, MS1, Richard D. Boyce, PhD1 

1University of Pittsburgh Department of Biomedical Informatics, Pittsburgh, PA 
 
Introduction: SNOMED CT has expanded to include Systematized Nomenclature of Dentistry (SNODENT) as part 
of an initiative to both standardize dental diagnostic terminology and to incorporate dental/oral health concepts into 
the SNOMED CT corpora. To date, only a handful of academic dental centers have implemented SNODENT or its 
derivative subsets into their electronic health record systems. Barriers to adoption include its novelty, equivocality in 
interpretation, and difficulty of use1,2. Thus, this pilot study explores the potential of using UMLS MetaMap to 
automap dental diagnoses into SNOMED CT and seeks to evaluate the clinical coverage of dental concepts within 
SNOMED CT. 
Methods: Using BigMouth Dental Data Repository3, which features over 1800 diagnostic terms, we selected 136 
terms that encompass the most prevalent dental diagnoses, symptoms, or clinical findings. Neoplastic conditions, 
rare developmental diseases, and concepts unrelated to the odontogenic or gingival structures were excluded. 
Automated mapping to SNOMED was facilitated using UMLS MetaMap (2019AB) with a custom script for text 
pre-processing (e.g. lemmatization, stop-word removal). We evaluated MetaMap performance against manual term 
mapping to SNOMED by a dental specialist as the gold standard. Afterwards, the matched terms were categorized as 
either exact or inexact compared across four major dental subspecialties with inexact matches further broken down 
as semantic or syntactical in nature to distinguish differences in meaning/scope versus grammatical variations. 
Lastly, UMLS semantic types (STs) of the terms were recorded to examine the effect of STs on our mapping results. 
Results: The recall, precision, and balanced F-measure of MetaMap performance were 0.60, 0.52, and 0.55, 
respectively. Using MetaMap, the “disorder/disease” ST achieved the highest proportion of correctly mapped terms 
(71%) compared to other STs. Overall, we found that 51 percent (69/136) of BigMouth terms were exact matches to 
the SNOMED preferred term; out of the inexact matches, 36 percent (49/136) were attributed to syntax/grammatical 
variations while 13 percent (18/136) were due to semantic differences, characterized by discrepancies in clinical 
meaning or scope, either broader or narrower, between the terms. Across the four major dental subspecialties, 
diagnoses of the periodontium had the highest proportion of exact matches and lowest inexact-semantic matches 
within SNOMED.  In contrast, removable dental diagnoses, had the lowest proportion of exact matches and highest 
inexact-semantic matches (Table 1). 
 

  
 
Conclusion 
To our knowledge, this is the first study to use UMLS MetaMap to map dental terms into the SNOMED CT concept 
model and to compare the representation (syntactic vs semantic) of common dental diagnoses/findings by dental 
subspecialty. Although UMLS MetaMap performs well in mapping terms with highly similar or identical text to the 
SNOMED preferred term, it is apparent that additional NLP tools are needed for robust name entity recognition to 
enable automated mapping of dental diagnostic terms into SNOMED. Furthermore, our pilot study reveals uneven 
representation of clinical concepts across different dental subspecialties, suggesting that clinical coverage within 
SNOMED needs to be augmented for certain subfields such as removable dentistry. 
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Does APOE4 Effect Cognitive Ability of Individuals with Alzheimer’s 

Disease? 
Carmelo LoMonaco, MS1, Mohammad A. Faysel, PhD1  

1SUNY Downstate Health Sciences University, Brooklyn, New York 

Introduction 

Alzheimer’s Disease (AD) is a neurodegenerative condition that results in memory loss and other major cognitive 

impairments over time. A gene that codes for a protein known as Apolipoprotein E (APOE) is related to cognitive 

decline in patients with AD. There are three versions (alleles) of APOE namely epsilon 2, epsilon 3, and epsilon 4. 

More specifically, the Apolipoprotein epsilon 4 allele (APOE4) is sometimes believed to be related to decline in 

cognitive ability in individual with AD. The purpose of this retrospective study is to determine whether presence of 

APOE4 has an effect on the cognitive ability of individuals with AD using a longitudinal multicenter research dataset. 

Methods 

For this study, we used 2004-2018 data from Alzheimer’s Disease Neuroimaging Initiative (ADNI), a longitudinal 

multicenter research effort that began collecting data in 2004 from North America. The data are available via the 

University of Southern California’s Image and Data Archive (IDA). We used levels of APOE4 indicating genotype 

by listing how many copies of the risk factor gene each participant had. The dataset captured the levels as 0, 1, and 2 

to indicate absent of APOE4, one copy, and homozygous (two identical alleles), respectively. We also used 

individual’s cognitive ability measurements captured by two variables namely MMSE and ADAS-Cog-11. MMSE 

variable captured a numeric score between 1 and 30 measured by the Mini-Mental-Exam (MMSE) according to the 

number of correct responses. The higher score indicates a higher level of cognitive ability. On the other hand, ADAS-

Cog-11 captured a numeric score between 1 and 70 using the Alzheimer’s Disease Assessment Scale - Cognitive 

Subscale 11 (ADAS-Cog11) where individual received a point for each error made their responses. The higher ADAS-

Cog-11 score indicates lower level of cognitive ability. We used ANOVA to test whether there are differences among 

the levels of APOE4 in the mean cognitive ability scores captured by both of these variables (MMSE and ADAS-Cog-

11). All the data analyses were performed and corresponding statistical values were generated using SAS 9.4 software.         

Results 

For the MMSE test, the overall sample mean score was approximately 26.8 with n=1546. The participant group with 

no APOE4 gene had a sample size of n0=841 with a mean MMSE score of 27.8. The participant group with a single 

copy of the APOE4 gene had a sample size of n1=560 and had a mean score of approximately 26.1. The participants 

who were homozygous for the risky gene had a sample of size of n2=145 and received a mean score 25.1. The results 

of the ANOVA procedure also validated a statistically significant mean difference among the APOE4 levels 

(p<0.0001). It is clear that as the number of APOE4 allele increases, the cognitive ability score decreases indicating 

worsening cognitive ability. In regard to the ADAS-Cog11 score, the overall sample size was n=1546, with a sample 

mean score of approximately 11.2. The group who lacked the APOE4 allele had a sample size of n0=841, with a mean 

score of 9.2. The group possessing only a single APOE4 gene had a sample size of n1=560 and a mean score of 

approximately 13.0. The homozygous APOE4 participant group had a sample size of n2=145 and a mean score of 

approximately 15.4. The ANOVA procedure also validated a statistically significant mean difference among the 

APOE4 levels (p<0.0001). It is clear that as the number of APOE4 allele increases the ADAS-Cog-11 score increases 

indicating worsening cognitive ability.  

Conclusion 

The study results clearly showed that the presence of APOE4 alleles negatively effects the cognitive abilities of 

individuals with AD which are aligned with the findings from previous studies. However, one strength of this study 

included comprehensive data from a longitudinal multicenter research effort including participants from all of North 

America.  We did not consider age or gender which could be a confounding factor affecting the scores produced by 

both AASE and ADAS-Cog-11 assessments. Future study should include age, gender and other factors that are known 

to contribute to the declining cognitive abilities of individuals with AD.  
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Introduction and Purpose  

There are increasing initiatives to engage consumers in developing and evaluating information visualizations 

(InfoViz) as well as integrating these into consumer health informatics solutions . However, racial and ethnic 

minorities have been underrepresented,1 particularly non-English speaking (NES) consumers in the U.S. InfoViz 

tools such as pictograms are used to help patients and providers understand, report on, communicate about, and 

make decisions about treatment.2 One NES consumer group that could benefit from the use of InfoViz is the 

Hmong. Research shows that pain communication is challenging for the Hmong because they do not have a single 

specific word for “pain” in their language. They express their pain using visual metaphors that are unfamiliar to 

providers.3 This study’s purpose was to design pain pictograms that map Hmong patients’ visual metaphor 

descriptions with healthcare providers’ medical terminology  to better facilitate pain communication between them 

and their healthcare providers during primary care visits.  

Methods 

We used participatory design with eight InfoViz experts, three healthcare providers (i.e., pain specialist, medical 

doctor, and nurse practitioner), and 10 Hmong participants in a Midwestern city. Specifically, the pain quality 

pictograms were iteratively generated during four design sessions with patients (n=2), healthcare providers (n=1), and 

domain experts (n=1). Healthcare providers provided feedback on the content of pain qualities. InfoViz experts 

provided feedback on designs. Adult Hmong patients with pain were included in the study. Hmong patients matched 

and selected the InfoViz to each pain quality descriptor. Using a semi-structured interview, they provided feedback 

on how to improve the designs for clarity, comprehension, and 

design session process. Design sessions concluded when there was 

design saturation. Interviews were recorded and transcribed. 

Directed content analysis was used to analyze the data.  

Results  

Healthcare providers shared 13 pain qualities are important for 

pain communication. Experts provided four common themes for 

improvement of the pain infographic designs: (1) making designs 

more universal, (2) revising designs to be gender-neutral, (3) using 

action specific designs (e.g., arrows, lines), and (4) deleting body-

specific location designs. Patients were able to match all 13 pain qualities with the InfoViz designs , reducing a total 

of 43 designs to 13 designs. Patient design suggestions included adding specific colors to highlight pain characteristics, 

making the pictogram action-specific, and making the pictograms focus on general body parts rather than specific.  

Conclusion 

Including consumers in the development and evaluation of pain pictograms has the potential to mitigate design or 

information confusion. Next steps are to assess the feasibility of using the pain quality InfoViz in pain -related primary  

care visits and identify ways to integrate it within electronic health records .  
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Figure 1. Example of the evolution of a pain 

quality pictogram  
 

Throbbing (“It hurts like a chicken pecking”) 

 
Initial Design Midpoint design
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The Columbia HL7® FHIR ® Lab: An Approach to Advancing Competencies 
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Introduction 

The Health Level Seven (HL7®) Fast Healthcare Interoperability Resources (FHIR®) standard is gaining traction as 
an interoperability approach with broad-based support from industry, government, payers, and healthcare 
organizations.   The vision of the Columbia HL7 FHIR Lab is to leverage the interoperability opportunities provided 
by the HL7 FHIR standard to improve patient centered care, care coordination, clinical and translational research, and 
a learning health system. Its mission is to provide education and create a center of excellence around the use of FHIR 
in our research and service. Grahame Grieve, often referred to as the Father of FHIR, often describes the secret 
ingredient of FHIR is its community.  An important goal of the Lab is to create a local community around FHIR as an 
entrance into the larger FHIR community. This community will gain insight through its collective work that it can 
employ to identify and solve important use cases and feed back into further development of the standard. Led by 
Virginia Lorenzi (Senior Technical Architect, NewYork-Presbyterian Hospital (NYP)) and Suzanne Bakken (Alumni 
Professor of Nursing and Professor of Biomedical Informatics), the Lab is open to interested faculty, students, and 
staff from Columbia University, NYP, and Cornell University.  

Methods 

The leaders recruited participants for the Lab through email lists and personal emails to those expected to be interested 
in the Lab. In terms of format, the Lab comprises a 2-hour monthly session (FHIR Circle) consisting of training and 
collaborative support to encourage and facilitate employment of FHIR in research and service and FHIR Friday, which 
is held 2-3 times per semester, and designed to provide an opportunity for technical FHIR experimentation in a 
community setting and to develop technical competencies in FHIR.  The former includes active discussion and didactic 
content from the leaders and guest lecturers as well as case presentations by the Lab participants. 

The Lab’s evaluation goals center on measuring changes in competencies and collaboration overtime. For competency 
assessment, we ask each participant to select which phrase among the following best describes their current knowledge 
and skill with FHIR: a) I have never heard of FHIR; b) I have heard FHIR, but don’t have a conceptual understanding 
of it; c) I have a conceptual understanding of FHIR, but I do not have the technical skills for implementation; d) I have 
technical skills to implement FHIR. They are also asked to characterize their relationship with each participant in the 
Lab on the following scale: a) Don't Know: You have not heard of this person; b) Heard of: You have heard of this 
person, and may have met them casually, but you do not know their work and have not worked with them; c) Know 
Work:  You are familiar with this person’s professional work, but you have not met them formally or worked with 
them; d) Met: You have met this person formally and are familiar with their work, but you have not worked with them; 
e) Worked With: You have worked with this person. We will analyze changes in competencies using descriptive 
statistics. We will use organizational network analysis to construct the collaboration networks and will examine 
changes over time with network metrics including centralization, density, and clustering. 

Results 

The Lab is in its second semester of activity. At baseline, the number of participants was 25, but this has grown 
substantially over time, primarily through word-of-mouth. At baseline, the majority of participants rated themselves 
as having no or limited knowledge and skills related to FHIR. Baseline replies to the collaboration network survey 
were consistent with clusters of participants in three categories: NYP, Department of Biomedical Informatics faculty, 
staff and students; and clinical scientists from Columbia. We will have Time 2 data available in Summer 2020. 

Conclusion 

Although we are only in the initial year of the Lab, we are encouraged by the level of engagement by participants and 
as a group, we are already gaining insights on innovative ways to solve problems using FHIR and ideas on how to 
enhance the refinement of the FHIR standard. 
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Introduction 

Antonyms are words that have opposite or contrasting meanings in a specific domain [1]. For example, “asleep” is the 
opposite of “awake” in the domain of “physical property” and they are considered complementary antonyms without 
middle ground, while “long” is the opposite of “short” in the domain of “size” and they are considered scalar antonyms 
with levels of comparison. Antonyms are essential for many NLP applications, such as negation detection, 
paraphrasing, contradiction detecting, question answering, machine translation, sentiment analysis, information 
retrieval and textual inference. There are no publicly available comprehensive antonym lists. Accordingly, our 
objective is to develop a systematic approach to generate antonyms in the SPECIALIST Lexicon (thereafter, the 
Lexicon) and hope to provide generic and comprehensive antonym features needed for the NLP community. 
 
Implementation and Usage 

Terms in the Lexicon antonym pairs (aPairs) must be single words in the Lexicon with the same Part-Of-Speech 
(POS).  Terms that meet these criteria are retrieved from two models as antonym candidates. First, the affixal negation 
model utilizes prefix and suffix derivations with negation tags from the Lexicon [2]. Second, the collocate model 
retrieves high frequency co-occurrence terms from a corpus (MEDLINE n-gram set) [3] that are not lexicon synonyms 
[4] nor affixal negations. These candidates are then sent to linguists for further tagging on canonical, type (B: bounded, 
UB: unbounded, AB: asymmetric bounded) and negation (N: strict negative, BN: broad negative, O: otherwise, not 
negative). The generated antonyms are generic and can be used in various NLP applications. For example, negation 
detection cue words can be retrieved from negative antonyms with strict negation (N), such as “unsuccessful”, 
“useless”, and “without” in Table 1. Negated bounded (B) antonyms can be used to substitute synonymous antonyms 
for better recall (not awake = asleep or not asleep = awake). The Lexicon is distributed with UMLS by NLM via an 
Open Source License agreement and is available at: https://umlslex.nlm.nih.gov/lexicon. 
 

Table 1. Examples of antonym list with POS, type, negation, domain and candidate model 

Antonym-1 
(positive) 

Antonym-2 
(negative) 

POS Type Negation Domain Candidate Model 

successful unsuccessful adj UB N quality affixal negation - prefix 
careful careless adj UB BN quality affixal negation - suffix 
useful useless adj UB N quality affixal negation - suffix 
asleep awake adj B O physical property collocates in a corpus 
long short adj UB O size collocates in a corpus 
good bad adj AB BN quality collocates in a corpus 
with without prep B N existence  collocates in a corpus 
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Introduction 

Healthcare systems have seen a large shift in the technology stack, scale of deployment, provider and patient 

education, guidelines, and legislation. Along with that, there has been great progress in healthcare analytics systems 

that provide support to healthcare providers. These systems allow healthcare providers to make well-informed 

decisions for their patients. The development of a variety of such systems have given rise to new challenges1,2. We 

wish to use this poster session to discuss those challenges and possible solutions. 

Pain points of healthcare clinical & operational data 

Healthcare analytics solutions rely on a large amount of meaningful data. The collection of such data is very sensitive 

and requires compliance around data handling, consent, anonymizing, provenance, and inference. Trust depends on 

many components like transparency in processes, system architecture, and the types of analytics used.  

While health informatics professionals and data analysts may clearly understand the analytics used by the system, 

there is a gap to explain the same to practicing healthcare providers. With the emergence of big data, Internet of Things 

(IoT), and new sources of data this gap continues to widen. 

 

Recent Mandates 

In the past decade, health systems interoperability has seen the birth of numerous standards and successful 

implementations. HL7 FHIR resources like Risk Assessment allows analysis metrics like risk scores to be shared in a 

standardized way. Other solutions like SMART on FHIR and CDS Hooks are getting adopted in the healthcare 

industry. That, in turn, has led to concerns around Trust, Effectiveness, Affordability, Ethics, and Privacy. We have 

listed some of these challenges for current analytics solutions in Figure 1.   

 

Figure 1. Challenges in health analytics solutions. 

Conclusion 

We have listed some challenges faced by the current generation of healthcare analytics solutions. We are working 

towards compiling and developing guidelines to mitigate each of these problem areas. 
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Introduction

Social determinants of health (SDOH) affect morbidity and mortality. Knowledge of SDOH can inform clinical
decision-making through secondary use applications. Leveraging SDOH information in clinical text requires annotated
corpora to train data-driven, machine learning, information extraction models. This work presents the Social History
Annotation Corpus (SHAC), which includes detailed SDOH annotations.

Methods

Figure 1: SDOH annotation example

This work used social history sections (referred to as samples) from
MIMIC-III, a publicly available deidentified health database, and the
UW Dataset, an existing clinical data set from the University of
Washington and Harborview Medical Centers. We created detailed
annotation guidelines for 12 SDOH (referred to as event types), in-
cluding substance use (alcohol, drug, and tobacco), physical activity,
employment, insurance, living status, sexual orientation, gender identity, country of origin, race, and environmental
exposure. Each event type is annotated across multiple dimensions, characterizing status, type, extent, and tempo-
rality. SDOH were annotated by four UW medical students using an event-based annotation scheme, as shown in
Figure 1. To increase the richness and diversity of SHAC, a portion of the training samples were selected using a novel
active learning framework, based on sample informativeness (distribution entropy) and diversity (heterogeneity) using
a proxy event detection task. There were 12 rounds of annotation (8 randomly and 4 actively selected).

Results Table 1: Event type distribution

Event type Count
Drug 4,133
Tobacco 4,049
Alcohol 4,048
Living status 3,267
Employment 2,275
Enviro. expos. 212
Country 157
Physical activity 71
Sexual orient. 49
Race 25
Insurance 11
Gender 1

SHAC consists of 4,480 annotated social history sections with a 70%/10%/20%
train/dev/test split. SHAC training samples are 29% randomly selected and 71% ac-
tively selected. All development and test data are randomly sampled to approximate
the true distribution of SDOH phenomena in the source corpora. SHAC includes
18K distinct annotation events. Annotator agreement is 0.96 F1 for event identifica-
tion and 0.91 F1 for substance use status, employment status, and living status and
type. Table 1 presents the event type distribution with the most frequent event types
being drug, tobacco, alcohol, living status, and employment. SHAC is rich with
health risk factors, such as current and past substance use (6,991 events), unem-
ployment (1,003 events), homelessness (671 events), and living alone (511 events).
Relative to random samples, active samples have higher frequencies of substance
use (83% higher), unemployment (127% higher), and homelessness (109% higher).

Conclusion

SHAC is novel in its size, annotation detail, and heterogeneity. A portion of SHAC was selected using a novel active
learning framework, which increased the prevalence of health risk factors, like substance use, unemployment, and
homelessness. We are considering releasing the MIMIC-III portion of this data to the research community in a shared
information extraction task. We are integrating the extraction models trained on SHAC into the clinical NLP pipelines
of UW and other institutions, to make the automatically extracted SDOH more broadly available. The annotation
guidelines are available online1.

1https://github.com/uw-bionlp/annotation_guidelines
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Introduction 
Unlike prior pandemics, national informatics infrastructure has played a vital role in the response to the novel 
coronavirus COVID-19 pandemic.  Leveraging open source informatics tools, platforms, and networks has allowed 
researchers to rapidly respond to evolving requirements and accelerate timelines to share data, locate patient cohorts 
(i2b2, and SHRINE/ACT Network), obtain regulatory approval (SMART IRB), and find collaborators (Profiles).   
 

Discussion 
Each of these four applications offers a unique value proposition and lays the foundation for a sustainable 
informatics framework.  
 

Informatics for Integrating Biology at the Bedside (i2b2) 
Based at Partners HealthCare System, i2b23 is a scalable informatics framework designed to bridge clinical research 
data and the vast data banks arising from basic science research in order to better understand the genetic bases of 
complex diseases.  As new medical codes were released to describe the novel virus, the i2b2 ontology was expanded 
to allow immediate interactive queries of COVID-19 thus enabling researchers to identify patient cohorts and extract 
data from the electronic health records.  
 

Shared Health Research Network (SHRINE) & Accrual to Clinical Trials (ACT Network) 
SHRINE is a federated tool that simultaneously queries the i2b2 systems at multiple institutions in order to find 
patients to recruit for clinical trials. The ACT Network4 connects 40+ CTSA sites and 125+ million patients.  All 
qualified researchers at an ACT institution can query the EMR data of all sites on the network.  Researchers have 
successfully used ACT for hypothesis validation, cohort identification, public health surveillance and as the starting 
point to in depth informatics analysis.  With an easily adapted ontology, the ACT Network was able to include 
COVID-19 terminology quickly and support urgent COVID-19 surveillance and research. 
 

Streamlined, Multisite, Accelerated Resources for Trials IRB Reliance platform (SMART IRB) 
Launched in 2016, SMART IRB5 was designed to harmonize and streamline the IRB review process for multisite 
studies, while ensuring a high level of protection for research participants and provides a roadmap for institutions to 
implement the NIH Single IRB Review policy (effective date: January 25, 2018). Over 700 institutions have signed 
onto the SMART IRB Agreement.  Investigators and institutions can use SMART IRB to request, track, and 
document reliance arrangements on a study-by-study basis.  SMART IRB not only makes the process transparent 
but also speeds achievement of reliance - sometimes as quickly as a few hours. 
 

Profiles 
Created in 2008, Harvard Catalyst Profiles uses data mining algorithms to link over 24,000 biomedical researchers 
in the Harvard community to publications, grants, clinical trials, and other information about their professional 
activities and scholarly works.  Interactive network visualizations show how people are connected (e.g. prior 
coauthors, studying similar topics, located in the same building).  By exploring these networks, researchers can 
discover potential collaborators6. Using the Profiles software, we have set up a prototype “COVID-19 Researchers” 
website linking thousands of experts in COVID-19 and coronaviruses (http://covid19researchers.org). 
 

Conclusion 
To prevent and thwart future pandemics, open source informatics technologies can facilitate rapid information and 
data sharing to identify patient populations, locate patient sets in geographically diverse areas, find and collaborate 
with experts, and streamline regulatory approval.  
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Introduction 

Falls are a continuing concern in the inpatient hospital settings. An estimated 700,000 to 1,000,000 patients fall each 

year, resulting in up to 50,000 excess deaths.1 Each fall results in an estimated additional medical cost of $6,695.1 

There is a need to better understand fall-related nursing care for different patient populations. Capturing relevant 

standardized nursing information about falls across settings may help address this gap and improve patient safety and 

clinician communication. The following is a report of an exploratory study of standardized nursing data to characterize 

fall-related nursing care with a special emphasis on the vulnerable population of end-of-life patients. 

Methods 

This was a secondary data analysis of standardized data from the Hands-On Automated Nursing Data Systems 

(HANDS) database.2 The HANDS database contains episodes of nursing care plans between 2005 and 2008 on nine 

adult medical-surgical nursing units, including three ICUs, in four hospitals.2 Data in the HANDS database are 

standardized based on the NANDA-I (nursing diagnosis), NIC (nursing intervention) and NOC (nursing outcome) 

terminologies. We examined the fall-related terms: Risk for fall (NANDA-I), Fall Prevention (NIC), Fall Occurrence 

(NOC), and Fall Prevention Behavior (NOC). The frequency of each term by age across all units was assessed. In 

addition, a subset of care plan episodes from end-of-life patients on all units was extracted to assess whether the two 

fall-related NOC goals were met. Binary logistic regression was used to examine the association of meeting the 

outcome with age group, nurse experience, and length of stay.3 

Results 

The full dataset included 40,747 care plan episodes for 34,467 adult patients. For this analysis, we focused on the 

latest episode for each unique patient. Table 1 displays the frequency of the most commonly documented fall-related 

terms by age group. The frequency of documentation of fall terms increased with patient age. For 396 end-of-life 

patients with risk for fall, 98.4% of Falls Occurrence and 47.0% of Fall Prevention Behavior outcome goals were met. 

Age, nurse experience and length of stay were not significantly associated with the proportion of NOC goals met in 

this sample.  

Table 1. Fall Related NANDA-I, NIC and NOC met by Age group Frequency Table 

Term Term Type Age Group 

18-64 

 (n=16,716) 

65-74 

(n=5,961) 

75-84  

(n=7,436) 

85+  

(n=4,354) 

Risk for Fall  (NANDA-I) Nursing Diagnosis  14.4% 17.8% 24.9% 30.6% 

Fall Prevention (NIC) Nursing Intervention 16.0% 23.3% 34.0% 43.0% 

Fall Prevention Behavior (NOC) Nursing Outcome 12.7% 14.9% 16.4% 17.2% 

Fall Occurrence (NOC) Nursing Outcome 4.1% 5.0% 10.9% 15.5% 

Conclusion 

This study demonstrates how standardized data from nursing care plan episodes can be used to improve understanding 

of fall-related nursing care and to examine factors associated with outcome goals being met. To prevent falls in end-

of-life patients, our future work will seek to identify additional patient characteristics that may predict meeting or not 

meeting fall prevention behaviors.  
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Introduction 

Pregnancy is a time of increased vulnerability to 

emotional stress, anxiety, and mood disorders.  

Patient access to, and effective management of 

health information that allows them to understand 

and manage their experiences are critical in 

supporting a women’s ability to partner in their 

care and manage anxiety during and after their 

pregnancy. Digital tools present promising 

platforms for improving access to health 

information and tools. Increasingly these platforms 

are used by patients and providers, and many 

women of reproductive age are considered “digital 

natives.” The purpose of this study is to consult the 

literature, marketplace, and insights from industry 

experts to analyze the landscape of perinatal 

anxiety literature and exiting consumer health 

technology. This effort will help set an agenda for 

evidence-based innovation that is tailored to the 

needs of women experiencing perinatal anxiety. 

 
Methods 

A design science perspective was taken for this 

investigation, as this work is illuminating the 

perinatal environment of people, technology, care 

processes, problems, and opportunities using the 

current knowledge base to set the stage for design 

science research and technology development. We 

used a combination of literature review, 

environmental scan of technology, and expert 

panel feedback to explore the current knowledge 

base and provide a comprehensive view of the 

empirical evidence on the topic of technology 

interventions targeting perinatal women. We 

present how the research questions and methods 

used in this study fit into the design science 

paradigm in Figure 1. 

 

Results 

A substantial body of research shows that perinatal 

anxiety has significant physical, mental, and 

economic health effects on women and is a risk 
factor for postpartum depression. Unfortunately, 

the literature related to using patient focused 

digital tools to support women experiencing 

perinatal anxiety remains fragmented and 

unsystematic. Evidence indicates the use of 

technology could have a promising impact on 

mental health outcomes; however, some research 

suggests that technology can increase symptoms of 

perinatal anxiety. The lack of robust studies and 

data makes it difficult to draw meaningful 

conclusions in this area. Analysis also found a 

large gap in available perinatal anxiety mobile 

applications and patient-reported outcomes 

measures. There are many mobile apps available 

designed to support pregnant women and apps for 

people experiencing general anxiety, but no apps 

that aim to provide health information or 

management tools specifically to pregnant women 

with anxiety were identified.  

 

 
Figure 1 Design Science: Evidence-based Innovation Model 

 
Conclusions 

This study establishes the status quo of the 

environmental landscape for emerging interests 

pertaining to the use of technology to support 

awareness and management of perinatal anxiety. 

Insights from the study provide a solid foundation 

for design science efforts to further studies related 

to the development and use of consumer-based 

mobile health tools tailored to the needs and 

preferences of perinatal women.  

 

Acknowledgements 

This review is part of a project funded through a 

Patient-Centered Outcomes Research Institute 

(PCORI) Eugene Washington PCORI Engagement 

Award (14226-ACOG), which was awarded to the 

American College of Obstetricians and 

Gynecologists (ACOG). ACOG will release the 

digital content that results from this project in July 

2021. 

 

1838

https://www.pcori.org/research-results/2019/prenatal-anxiety-digital-resource-center
https://www.pcori.org/research-results/2019/prenatal-anxiety-digital-resource-center


Using E-triggers to Create a Surveillance System for Diagnostic Errors in 

Acute Care 
Maria Malik1, Nick Piniella1, Kevin Carr1, Alison Garber1, Kumiko Schnock, PhD, RN1, 

David W Bates, MD, MSc1,2, Jeffrey L Schnipper, MD, MPH1,2, Anuj K Dalal, MD1,2 
1Brigham and Women’s Hospital, Boston, MA, 2Harvard Medical School, Boston, MA 

 

Background: Diagnostic errors in hospitalized patients are difficult to detect and assess; error rates range from 4.8 to 

49.8%1. Recent work suggests that certain events captured by the EHR – such as ICU transfers, cancelled procedures, 

and changes in documented diagnoses – may serve as potential triggers for detecting cases likely to have diagnostic 

error. These electronic events or “e-triggers”  may be especially useful for identifying an enriched cohort of cases of 

diagnostic error from the EHR.2 The aims of this study are to 1) assess the prevalence of diagnostic error in an expired 

patient cohort using a diagnostic error chart review tool we previously adapted for acute care;  and 2) determine which  

types of e-triggers have the greatest potential to yield cases of diagnostic error by comparing the frequency of e-trigger 

events between cases with a presence and absence of diagnostic error. Understanding the overall rates and predictive 

value of various types of e-triggers is paramount in creating a diagnostic error measurement and surveillance system. 
 

Methods: We identified a cohort of 365 patients who expired in the hospital from 2016 – 2018 and spent at least some 

of their hospitalization on the general medicine service. We randomly selected 31 (8.5%) cases from this cohort for 

chart review using the adapted diagnostic error chart review tool. Each case was independently reviewed by two 

clinician adjudicators and all discrepancies were resolved during consensus reviews. We then calculated the frequency 

of diagnostic error and the number of errors per case. Reviewed cases were separated into two groups based on whether 

the presence of diagnostic error had been confirmed. Finally, we compared the rates of various e-triggers events in 

cases with and without diagnostic error using Fisher’s Exact Test. 
 

Results: Thirty-one cases were reviewed using our structured chart review process. The percentage of cases with one 

or more diagnostic errors was 73.0%. The mean (SD) number of diagnostic errors per confirmed case was 1.7 (0.68). 

Examples of diagnostic error include failure to consider sepsis on admission; failure to recognize worsening infection 

as hospitalization progressed; failure to consider mesenteric ischemia as potential diagnosis on admission; failure to 

pursue alternative etiologies of leukocytosis; and failure to consider an important secondary diagnosis in light of an 

incidental finding. Despite wide confidence intervals, several e-triggers (Table 1) were significantly more prevalent 

in cases with diagnostic error compared to cases without diagnostic error: multiple consultations (p<0.01), change in 

diagnosis from admission to discharge (p=0.04), and transfer to ICU (p=0.05). 
 

Conclusions: We used a structured chart review process to assess diagnostic error for patients who died in the hospital. 

The diagnostic error rate was notably high in this cohort. Several e-triggers were more frequently present in confirmed 

cases of diagnostic error. With further validation, these e-triggers could be operationalized at the institutional level as 

part of an EHR-based diagnostic error measurement and surveillance system to facilitate identification of cases that 

are likely to have diagnostic error for further review. As we determine the sensitivity, specificity, and positive 

predictive value of other e-triggers that are found to be associated with diagnostic error, we should be able to pinpoint 

more accurately those cases that merit review for quality assurance purposes. This EHR-based system of surveillance 

and measurement can be eventually used for continuous learning, quality improvement efforts, and systems process 

design at the organizational level as suggested in the SaferDx Framework. Our next steps are to conduct additional 

chart reviews to confirm these findings and to expand the selection of e-triggers we examine.  
 

Table 1: Comparison of E-Trigger Frequencies Across Cases with the Presence and Absence of Diagnostic Error 

 

E-Trigger 

Diagnostic Error 

Present, n=22, (%) 

Diagnostic Error Not 

Present, n=9 (%) 

 

p-value 

 

OR [95% CI] 

Transfer to ICU 11 (50.0) 1 (11.1) 0.05 8.46 [0.90-429] 

Multiple Transfers (≥3, no ED) 3 (13.6) 0 (00.0) 0.54 Inf [0.17-Inf] 

Multiple Consultations (≥3) 20 (90.9) 2 (22.2) <0.01 28.5 [3.08-487] 

Code or RRT 13 (59.1) 3 (33.3) 0.25 2.79 [0.45-22.0] 

Unexpected Surgery/Procedure 0 (00.0) 0 (00.0) >0.99 0 [0-Inf] 

Cancellation of Procedure  8 (36.4) 0 (00.0) 0.07 Inf [0.82-Inf] 

Change in Diagnosis (Admit to Discharge) 15 (68.2) 2 (22.2) 0.04 6.98 [0.99-86.1] 

Delay in Diagnosis 9 (40.9) 4 (44.4) >0.99 0.87 [0.14-5.70] 

M&M Rated Preventable  11 (50.0) 5 (55.6%) >0.99 0.81 [0.12-4.93] 
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Introduction 
Most academic health centers have created enterprise data warehousing platforms for EHR data. In addition, tools and 
applications were created for facilitating data warehousing for research such as i2b2, PCORNet Common Data Model 
(CDM), and OMOP CDM1. Both enterprise and research data warehouses can be used for the purpose of research data 
extraction but there is a lack of formal institutional governance for accessing data for research in most of the academic 
health centers. In this poster presentation, we will demonstrate the University of Missouri (MU) School of Medicine’s 
research data governance policy, research data broker operation, and analytical dashboard. 

Research Data Governance 
Components 
We designed an institutional 
governance policy for 
creating the designation of 
research data broker (RDB), 
and establishing the 
certification, training and 
documentation requirements. 
The RDBs ensure that the 
data extraction from the 
research and enterprise data 
warehouses conforms with 
the IRB protocol of the 
research project and other 
policies. RDB also conforms with the HIPAA Privacy Rule requirements for de-identification and facilitates prompt 
and accurate research data delivery. Figure 1 shows the workflow of Research Data Broker registration workflow. 

Figure 2 presents the Research Data Request System (RDRS) 
workflow that includes: (a) a research data request questioner, 
(b) review reports from privacy and IT security standpoints, and
(c) fulfillment related data entry. After each data delivery, a
satisfaction survey is sent to the data requestor. Monitoring these
feedbacks on a regular basis aids in understanding of the needs
of the researchers. We also created an analytical dashboard for
the management of the research data broker service operations.

Operational Analytical Dashboard 
The operational analytical dashboard consists of 6 components: 
(1) number of data requests per month color coded by fulfillment
phases, (2) number of outstanding data requests color coded by
fulfillment phases, (3) number of fulfilled data requests per
month color coded by data source, (4) number of fulfilled data
requests per month color coded by primary data extraction tool,
(5) boxplot of days to complete review of requests, (6) boxplot of days to fulfill requests. Figure 3 is a bar graph from
the analytical dashboard which shows the number of data requests received by month and their current phases.

References 
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Figure 1. Research Data Broker Registration 
System Workflow 

Figure 2. Research Data Request System Workflow 

Figure 3. Research Data Broker Analytical Dashboard 
– Number of Data Requests Per Month Color Coded by 

Fulfillment Phases 
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Introduction 

Shared decision-making is an effective method to improve patient participation, increase knowledge of treatment 

options, and align patient treatment options to patient values. This is particularly relevant in the case of managing 

decisions around treatments of, and medications for, chronic pain in the wake of the ongoing opioid epidemic. In late 

2019, a team from RTI International began an effort to develop and implement a patient-facing SMARTonFHIR 

application called MyPAIN to support shared decision-making between patients and their providers during encounters 

focused on conditions associated with chronic pain. Supported through a contract with the Agency for Healthcare 

Quality and Research (AHRQ), the project is focused on the development of publicly shareable patient and provider 

–facing clinical decision support to facilitate the management of chronic pain. Specifically, it focuses on developing 

a set of shared, standards-based artifacts, including FHIR-based implementation guides, which will be posted on 

AHRQ’s CDS Connect repository for use and continued development. 

Methods 

A key aspect of this intervention is to develop and deploy the application within two health systems, Vanderbilt 

University Medical Center and the University of Chicago Medicine, to test the ability to implement the artifacts within 

primary care environments and ensure shareability. MyPAIN is being developed as a FHIR-based resource accessible 

through each health system’s patient portal. It is triggered when patients request a pain-related appointment and have 

an active diagnosis associated with one of four conditions – low back pain, fibromyalgia, hip, or knee 

osteoarthritis. The project team began with a requirements development and system design process that coordinated 

inputs from patient advocates, clinicians, and system developers across the two sites. 

MyPAIN collects information from patients about the severity of their pain, treatment history, and their readiness to 

engage in a shared decision-making conversation with the provider. MyPAIN also provides access to educational 

resources related to the management of chronic pain and various treatment decisions. MyPAIN information is then 

made available to the clinician along with additional information pulled from the EHR through a companion 

application, PainManager, also a FHIR-based application to be used by clinicians during a clinical encounter.  

Results 

Both applications will go live in September 2020 and will be evaluated through mid-2021. Preliminary findings of 

critical issues related to the practical challenges related to EHR availability and maturity of standards in the 

development and implementation of a patient-facing CDS application will be discussed. 
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Background 

The role of real-world evidence (RWE) generation to inform clinical research, care delivery, and regulatory decision-making 
is rapidly evolving. Despite expanding RWE uses, robust platforms and frameworks enabling and enforcing the cornerstones 
of regulatory-grade real-world data (RWD), including electronic health record (EHR) data  — completeness, accuracy, 
traceability, generalizability, timeliness, scalability, and security — are yet to exist in the industry at scale.1,2 Current RWD 
capture and storage systems were built for observational research and do not inherently support regulatory-grade data. 

Methods 

We leveraged data from the American Academy of Ophthalmology's IRIS Registry3. We enriched existing industry standards 
with clinical input to build an interoperable information model that supports prospective and observational research. We 
developed a harmonization strategy to algorithmically normalize records to standard vocabularies and a concept ontology 
relevant for all clinical research use cases, with added disease-area specificity. Context-specific structuring of free text data 
was performed with case-dependent modeling techniques. A data quality framework assessing technical, clinical, and 
scientific quality dimensions was implemented to ensure high-quality data at each transformation layer. Data privacy and 
statistical de-identification was confirmed with expert determination. 

Results 

We developed a curated and enriched data mart of patients with retinal disease that enables facile creation and deep 
characterization of patient sub-cohorts of interest, including examination of disease progression, treatment patterns and 
ophthalmology resource utilization. We achieved harmonization of 98% of patient EHR records within the diagnosis domain, 
86% of procedures, and 94% of medications, as well as extraction of key clinical endpoints, including visual acuity and 
intraocular pressure, for 85% of patients. A total of 75 retina-related ontological concepts were used to characterize patient 
cohorts of interest.  

Conclusion 

We have created a unified technology platform for RWE generation based on routine EHR data capture with the goal of 
ensuring the fundamental qualities of robust, regulatory-grade data. This platform enables RWE generation with the potential 
to inform clinical research and future regulatory decision-making for use cases such as postmarketing surveillance studies, 
adverse event detection, and label expansion. Additionally, the platform design and approach can serve as models to guide 
development of systems to support the use of data from clinical registries in disease areas beyond ophthalmology. 
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Introduction 

Frailty is a prevalent risk factor for adverse outcomes among patients with chronic lung disease.1 At the population 
level, frailty estimates using claims data have been proposed but suffer from limited granularity and completeness in 
administrative datasets. The text of encounter notes contains rich information about frailty, including nuanced aspects 
that are susceptible to evidence-based interventions. We propose an NLP-based classifier to identify actionable aspects 
of frailty in the electronic health record, and we compare these assessments to a claims-based approach. 

Methods 

Clinical notes and structured data from a six-month period were extracted from the EHR for patients with chronic lung 
disease at the University of Pennsylvania Health System. We included 50 patients from 2018 for training and 24 
patients from 2019 for testing. Structured data included demographics, laboratory results, medications, and encounter 
types. We identified the following four actionable aspects of frailty through expert interviews and literature review: 
respiratory impairment, musculoskeletal problems, nutritional needs, and fall risk. Trained annotators identified 
phrases in the notes that were positive, negative, or neutral for each frailty aspect. Tokens were mapped to vectors 
using word embeddings previously trained on clinical corpora. Vectors representing the mean of each 10-token 
window, the center word of the window, and two tokens before the center word were concatenated as inputs into 
random forest models, along with structured data elements, to classify mentions of frailty in the text. Models were 
trained on fifty patients and tested on a holdout test set of twenty-four patients. Predictions were assessed with the 
scaled Brier score (SBS) and compared to an existing claims-based frailty index (CFI).3 

Results 

For each patient, annotators identified a median of two (interquartile range (IQR) one to three) actionable frailty 
aspects across a median of two notes (IQR one to three) and 1,106 tokens (IQR 665 - 2600). In the test set, the classifier 
identified phrases positive for respiratory impairment (SBS 0.13, 95% CI 0.11 - 0.15), musculoskeletal problems (SBS 
0.10, 95% CI 0.09 - 0.11), nutritional needs (SBS 0.06, 95% CI -0.01 - 0.15), and fall risk (SBS 0.05, 95% CI 0.03 - 
0.06). The classifier’s predictions for the presence of frailty were only moderately correlated with the claims-based 
frailty index (rs = 0.36, p < 0.01). In an error analysis, we manually reviewed four charts with low CFI and identified 
three patients who were correctly predicted by our model to have a high potential for frailty due to respiratory 
impairment. 

Conclusion 

An NLP-based classifier can identify actionable aspects of frailty in the text of encounter notes. The classifier’s 
predictions can complement existing claims-based frailty metrics by illuminating intervenable characteristics of frailty 
that are not found in structured data fields. Future testing is needed to explore how this approach might serve as the 
basis for personalized population health interventions. 
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Clinical Significance: 
Communication of personal health information (PHI) via alphanumeric pagers (α-pagers) is ubiquitous despite its lack of 

encryption. Eskenazi Health replaced α-pagers with a bidirectional secure messaging (SM) platform native to the electronic 

health record (EHR) system in mid-November 2019. We report our survey findings of medical staff perceptions of 

communication efficiency between α-pagers and the EHR native SM platform (Secure Chat, Epic Systems).  
 

Background: 
Communication in healthcare is essential to patient safety and is a significant challenge in hospitals. Pagers were introduced 

into hospitals in the 1950s(1), and their use remains ubiquitous. α-pagers function using low-frequency waves, which is useful 

in hospitals with thick walls and use of other types of wireless technologies. Further, decades of processes designed around the 

use of pagers for communication causes extrication from the clinical ecosystem to be an arduous task. Recently, repeated 

instances of data breeches due to intercepted PHI(2, 3) have forced many healthcare systems to search for secure alternatives. 

Several 3rd party vendors provide HIPAA compliant secure messaging, integration with the EHR varies. Thus, a SM system 

native to the EHR could be perceived as a communication enhancement compared to the unidirectional nature of α-pagers. 
 

Methods: 
A convenience sampling of clinician’s perceptions were obtained through anonymous online surveys completed at the end of 

their shift asking if pagers (initial survey) or SM (follow up survey) made their work quicker, safer and easier. The initial 

survey was obtained 6 weeks prior to the transition and the follow up survey accessible 6 weeks post transition (survey 

available for 14 days). Nurses, physicians and advanced practice providers (APPs) rated each domain on a 5 point Likert scale 

(ranging from strongly disagree to strongly agree). To assess for a difference in physician’s/APP’s perception to those of nurses, 

a 2x2 contingency chi square analysis was performed by dichotomization of Likert scale responses with strongly agree and 

agree into one bin, and neutral, disagree and strongly disagree into another bin.  Survey data was stored in Research Electronic 

Data Capture (REDCap) and analyzed in R.  
 

Results: 
The initial survey was completed by 44 nurses and 18 physicians/APPs. The follow up survey was completed by 39 nurses and 

28 physicians/APPs. The chi square analysis did not find a significant difference between nurse’s and physician’s/APP’s 

responses in the initial survey completed prior to implementation (p = 0.709, p = 0.589 and p = 1 corresponding to quicker, 

safer, easier, respectively). Conversely, in the follow up survey asking if secure messaging made their work quicker, safer or 

easier a significant change was noted (p < 0.0001, p = 0.012 and p < 0.0002 corresponding to quicker, safer, easier, 

respectively) In the physicians/APPs group, the difference in proportion of respondents choosing agree or strongly agree for the 

questions of their work quicker, safer and easier showed a decrease of 21%, 31% and 14%, respectively. For nurses, each 

domain showed an increase with the domain quicker rising 27% while safer and easier rose 7% and 4%, respectively. This 

descriptive analysis provides an indication as to why a significant difference was present between the two groups.  
 

Limitations: 
This survey has significant limitations. Since we did not send individual surveys to every nurse, physician and APP after each 

shift we are unable to calculate a response rate. The convenience sampling method can over emphasize extreme perceptions of 

the technology and not reflect the true perception of the clinician population. Further, each respondent’s perception of quicker, 

safer and easier is unique to the individual and leads to variability in response.  
 

Conclusion:  
We found a significant difference in the perception of how replacement of α-pagers with EHR native SM affected the work flow 

of nurses compared to physicians/APPs using a brief and anonymous survey. Nurses rated SM more favorably in each domain 

while physicians/APPs shifted in the opposite direction especially as the number of messages increased. This small pilot study 

indicates further study is needed to understand why SM is being perceived differently, and investigate methods of improving 

implementation of SM in the clinical setting.  
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Introduction: Benefits and cost information for health plans are commonly provided to employees based on group 
rates, often during a specified healthcare open enrollment period. Consumers perform ‘only slightly better than chance’ 
in selecting plans that are predicted to optimize their benefits while reducing costs.1 Consumer-directed health plans 
(CDHPs) provide high-deductible, tax-advantaged personal health spending accounts,2 in contrast to traditional health 
plans such as those offered by preferred provider organizations (PPOs) that deliver services to subscribed 
organizations and their members at reduced rates. Benefits Mentor is a data-driven decision-support tool aimed at 
optimizing selection of health care plans by providing employees with personalized healthcare cost estimates based 
on employees’ individual health history and projections. We explored adoption and impact of Benefits Mentor on 
employee health plan choice at a United States insurance company that has more than 50,000 employees in over 60 
countries worldwide.    

Methods: Benefits Mentor was integrated into the electronic health care selection interface in 2014 in advance of the 
2015 plan year open enrollment. Using Benefits Mentor, employees viewed their estimated health plan costs for the 
2015 plan year, based on an employee’s historical claims data and healthcare expenditures over the 6-month period 
prior to open enrollment. Estimates for individuals without historical data were based on group-level data contained 
in the IBM® MarketScan® Database. Benefits Mentor projected estimates were based on a user’s anticipated healthcare 
needs for the upcoming plan year. In this study, we compared the percentage of employees who enrolled in a newly 
offered CDHP plan vs. their traditional PPO plan during 2015 (year one) and 2016 (year two) plan years. The protocol 
for data analysis was approved by the Western Institutional Review Board. 

Results: Benefits Mentor was accessible to 38,509 employees in year one and 39,458 employees in year two, with 
25,677 (67%) of eligible employees accessing the tool during year one and 18,605 (47%) during year two. Of the 
employees accessing the tool, 16,513 (64%) completed the steps necessary to generate a recommendation in year one. 
Among those who received a recommendation, 15,522 (94%) were informed that the CDHP was predicted to be the 
most cost-effective plan, based on their history and anticipated healthcare needs. Although actuarial estimates 
predicted that 30% of eligible employees would choose the CDHP plan, 38% of eligible employees chose the CDHP 
in year one. Based on estimates from the literature,3 roughly 8% of CDHP enrollees in year two were expected to 
revert to the PPO during enrollment, however less than 5% of employees did so. Overall enrollment of eligible 
employees in the CDHP increased from 38% in year one to 58% in year two.  

Conclusion: Benefits Mentor engaged consumers in their health plan decision-making process and enabled data-
informed decisions. In this study, a greater than expected proportion of employees chose the plan that was predicted 
to best optimize employee healthcare costs. Benefits Mentor sustained and improved engagement in plan selection, 
with less than 5% of employees within the CDHP reverting to the PPO in the subsequent plan year. This study is 
limited by lack of data on accuracy of cost predictions and user satisfaction. Without a control group it is not clear 
how much the tool changes decisions on its own. More research is needed to understand why consumers select plans 
that are not predicted to optimize their costs and benefits, as well as reasons why some consumers revert to a PPO 
after enrollment in a CDHP in the previous year. Usability across demographic groups should also be investigated.    
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Introduction. Nearly two-thirds of US military Veterans experience pain.1 Increasingly, patient-facing technologies 

are being used to offer pain management strategies to patients;2 however, the extent of technology adoption among 
Veterans with chronic pain is not well understood. The goal of the current analysis was to understand demographic 
characteristics and technology ownership and use among a cohort of Veterans who experience chronic pain.   

 
Methods. We conducted a survey with a sample of 1,668 Veterans who had a diagnosis consistent with chronic pain 
and who were recruited from 3 VA medical centers. The survey assessed demographics, pain experiences (e.g., pain 

intensity measured on a 0-10 rating scale; pain self-efficacy measured using the Pain Self-Efficacy Questionnaire), 
technology ownership, and use of technology for health. We used descriptive statistics to summarize these data.  

 
Results. Three-hundred and ninety Veterans completed a survey (23.4% response rate), and 335 with complete data 
were included in the present analysis. Most respondents were married (60.9%), white (67.2%), non-Hispanic 

(96.7%), had completed at least some college (82.4%), and were 61.1 years of age, on average. The average reported 
pain intensity level was 6.9. Veterans reported moderate pain self-efficacy, on average (m=21.4). Most Veterans 
reported owning a desktop or laptop computer (79.4%) and/or smartphone (82.7%); about half (49.3%) reported 

owning a tablet. Veterans used these devices for the following: looking up health information (54.0% with a 
computer, 30.5% with a tablet, 46.3% with a smartphone), using VA’s patient portal (64.2% with a computer, 31.3% 

with a tablet, 41.5% with a smartphone), using a non-VA portal (19.1% with a computer, 10.8% with a tablet, 14.9% 
with a smartphone), and using health-related apps (9.3% with a tablet, 22.1% with a smartphone).  
 

Conclusion(s). Veterans with chronic pain reported owning various technologies that could be used to support pain 
management. They used these technologies to engage in health-related activities, including gathering health 
information, accessing patient portals, and using health-related apps. These findings suggest that technology-based 

non-pharmacological pain management programs could be used to reach and engage this population.     
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Learning Objective(s). The learner will understand the pervasiveness of chronic pain in the Veteran and broader 

US population, and how Veterans who experience chronic pain are using different technologies for their health.  
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Abstract  
Background:  
Ischemic heart disease is the leading cause of death in the United States. The Center for Disease 
Control (CDC) reports that 647,000 people die from heart disease each year, which amounts to one in 
every four deaths [1]. Mobile cardiac rehabilitation (CR) provides robust opportunities for remote 
management of patients’ health after a significant cardiac event. Mobile health (mHealth) applications 
for CR are effective in sustaining patient participation in CR and subsequently improving health 
outcomes through lifestyle and behavioral changes [2]. CR has also been shown to improve access for 
patients with low SES resulting in lower admissions rates and improved health outcomes. However, 
the quality of these apps has not been thoroughly evaluated. 
Objective: The aim of this review was to systematically evaluate the quality and functionalities of 
patient-facing and commercially available mHealth applications tailored towards cardiac 
rehabilitation.  
Methods: We performed an exhaustive search in two of the leading commercial apps stores for Apple 
and Android products, using search terms such as “cardiac rehabilitation”, “cardiac recovery” and 
“heart disease and remote therapy.” Included applications were assessed using the Mobile Application 
Rating Scale (MARS), IMS Institute for Healthcare Informatics Score and the American Heart 
Association guidelines for cardiac rehabilitation [3]. Apps meeting our inclusion criteria were 
downloaded and evaluated by 2-3 reviewers, and interclass correlations were calculated. Any inconsistencies were resolved 
in-person.  
Results:  We reviewed 3,121 applications with 9 apps meeting our inclusion criteria. A majority of apps were excluded 
because they were unrelated to cardiac rehab, were not in English, were exclusively diagnostic or were limited to heart rate 
monitoring only. Our average Inter-rater reliability was 0.85. All included apps averaged above a 3.0 on the MARS 
evaluation. My Cardiac Coach and Love my Heart for Women scored a 4.0 or above for behavior change and remained 
highest-ranking along all dimensions of our MARS HFSA functionality and AHA guidelines scales. A majority of the 
included apps were found to be in adherence to the AHA guidelines for CR, while most also ranked satisfactory or high in 
functionality. 
Conclusion: Based on our findings, two apps (My Cardiac Coach, Love My Heart for Women) performed extremely well 
in quality, function and guidelines. However, the quality of all apps was generally high. This, in conjunction with 
aforementioned empirical evidence of efficacy, indicates that mobile application-based CR is viable adjunct and could 
permit wider implementation of CR in a variety of contexts.  
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Introduction 

Patient values, goals and preferences are especially important in the care of patients with serious illnesses, such as 
cancer.1 We aimed to create a central place in Memorial Sloan Kettering Cancer Center’s electronic health record 
(EHR) to view pertinent data to support patient-centered care.  We recognized that a single concept, e.g., “DNR”, may 
have multiple data elements associated with it that are spread across the EHR. The aim of this project was to identify 
all the data mappings in order to create a comprehensive view of the relevant data elements. 

Methods 

We worked with clinical stakeholders (i.e., physicians and nurses), informaticists and information systems staff to 
identify concepts in the EHR that were relevant to a patient’s values, goals and preferences and would be relevant to 
decision-making in the care of cancer patients.  We then mapped the identified concepts to documents, fields or groups 
of fields available in our clinical systems. We adjusted some mappings to facilitate swift data review. 

Results 

The stakeholder group identified 24 relevant concepts. Examples include preferred language, religious affiliation and 
health care agent. Of the 24 concepts, 14 mapped to fields, 9 to full documents and one to a document section. Overall, 
the concepts required data from notes (i.e., clinician documents generated in the EHR), scanned documents, orders, 
patient-reported outcomes and the registration system. We grouped the 24 concepts into 8 categories including 
communication preferences, practices and beliefs, social information, and selected consult notes.  

Fourteen concepts mapped to fields from orders, clinical documents or the registration system. Of the 14, 7 concepts 
required combining data stored in separate fields (e.g., emergency contact mapped to fields for name, relationship and 
contact information) and 7 did not require combining fields (e.g., preferred name). 

Nine concepts mapped to full documents (5 to clinician documents, 3 to scanned documents, 1 to a patient-reported 
outcome document). Of those 9 concepts, 5 mapped 1-concept-to-1 document type and the remaining 4 each mapped 
a group of documents (2-14 document types per group). For the 9 concepts, we selected either all documents on file, 
the initial and most recent documents, or only the most recent document to display, based on input from the clinical 
stakeholders. Two concepts (i.e., Illness & Treatment Understanding and Values Summary) could map 1-to-1 to full 
documents (a patient-reported outcome form and a nursing note, respectively); however, we mapped them as 
individual fields to re-create the document in the view.  

One concept, Goals of Care Discussions, mapped to an optional document section that could be present in 44 distinct 
progress note types. We also mapped these as individual fields to extract the relevant data from the potentially long 
progress notes. Three additional concepts were identified but removed during mapping, one each due to: data quality, 
relevance, and data availability (i.e., a data field that was not yet implemented in the EHR). 

Conclusion 

Patient value and preference data is fragmented in the EHR. We identified pertinent information that a variety of users 
collect throughout the patient’s course of care. We created data mappings to support a single place in the EHR to view 
this data quickly and in the context of related data to facilitate patient-centered care. The data view is now in 
development. After development, we will conduct user acceptance testing and then pilot with a small group of users. 
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Introduction: Our organization developed Clinical Decision Support (CDS) for the management of newly arrived refugee patients 
using a systematic process and multi-organization stakeholder group input.1 The CDS module incorporated design elements and 
feedback from 19 institutions along with content modification to support research and registry/state reporting. This module was 
published through CDS Connect and implemented by 2 other large academic sites, who reported approximately 30-hour build times 
and with another 30-hours estimated for the research/reporting support. Other sites expressed interested, but inability to expand 
resources to implement the CDS. We were informed a 10-hour implementation time was an organizational limit imposed by more than 
one organization. As the CDS needed to be modified to support the newly released guidelines, we used this opportunity to streamline 
for dissemination into community hospitals and public health settings where refugee patients often receive care. 

Objectives: Update CDS to reflect changes in underpinning guidelines and streamline to a goal 10-hour implementation time. 

Methods: We obtained all guideline documents as they were published by the Centers for Disease Control and Prevention (CDC) on 
the CDC’s website. Each newly guideline was compared to the previous version to determine if the recommendations from the 
previous versions were retained, modified, omitted, or newly inserted. The content comparisons were reviewed for accuracy by 
clinical content experts and an informaticist familiar with the original build. To streamline to a 10-hour build-time goal (Lite Version), 
we evaluated the components of the original build. We weighed the perceived benefit of the component against the time to develop the 
component and developed time estimates for performing each section of the build by timing a diverse sample of build components. 
Two subject matter experts rated the clinical relevance of components using a publicly available web-based tool to support decisions 
on which components to keep and remove. We also considered future maintenance concerns of each component. 

Results: Most of the guideline recommendations were clinically unchanged from the old guidelines. Certain recommendations from 
the old documents were no longer included, many of these due to restructuring of reference materials and attempts to align with other 
CDC guidance. Several new recommendations, and one entire new guideline, were noted and the material was extracted for 
implementation within the CDS. All guideline directed recommendations were incorporated into the CDS and the Lite Version. We 
reduced our technical documentation from 104 pages to 30 pages and our set of build elements from 387 to 83. A comparison of CDS 
components in the original and lite version are included in Table 1. We eliminated all but three of the research/registry reporting 
components, decreased the number of age- and gender-based documentation templates and order groups, and simplified all 
documentation templates. Finally, we removed all use advanced CDS programming functionality, based on the feedback from 
previous implementing sites that were unfamiliar with these tools.  

Conclusion: CDS developed for resource-rich sites needs to be adjusted to support widespread implementation and inclusion within 
the public health arena. These adjustments can be made concurrently while updating content in response to new guidance. Tradeoffs to 
consider include research/registry reporting functions, fine tuning of order groups and documentation templates, and use of advanced 
CDS programming functions, which may not be familiar to implementing sites. As our next step we are gathering stakeholder 
perspectives regarding use and implementation of the Lite Version of the CDS. 

Elements Original 
Build # 

Lite Build 
# 

Build Time per 
Element 

Time Efficiency Target Trade-offs 

Base Elements  37 15 3 min 45 min Initial Implementation 
and CDS Maintenance 

Decreased use of display logic 
throughout CDS intervention 

Lists† 79 24 5 min lite 
10 min original  

120 min Initial Implementation 
and CDS Maintenance 

No nested lists 

Templates 1 4 5 min 20 min CDS Maintenance Less age specific documentation  
Short Texts 17 4 2 min 8 min Initial Implementation More free text in documentation 
Order Sets† 2 2 30 min lite 

45 min original  
60 min Initial Implementation 

and CDS Maintenance 
Fewer reference links and less 
embedded guidance 

Order Groups 65 31 10 min 
 

310 min Initial Implementation 
and CDS Maintenance 

Fewer age and gender specific order 
groups 

Data Elements 176 2 10 min 20 min Initial Implementation  Would need to use NLP for 
reporting  

† Increased time estimated per element for the original build based on complexity of the design elements used  

1Orenstein EW, Yun K, Warden C, et al. Development and dissemination of clinical decision support across institutions: 
standardization and sharing of refugee health screening modules. J Am Med Inform Assoc. 2019. Epub 2019/08/03. 
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Introduction 

Evidence indicates that current survivorship care plan (SCP) interventions have not improved patient outcomes1 
despite being recommended after primary cancer treatment ends. Experts suggest that electronic data exchange and 
electronic health record (EHR) data could improve SCP interventions1, but less is known about how health information 
technologies (HIT) have been used to support SCPs for adult cancer survivors. This systematic literature review 
examines HIT functionalities that have been used to deliver or support SCPs. 

Methods 

Using the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines, we searched 
peer-reviewed publications from 1/1/2000-1/1/2020 across seven databases: Pubmed, CINAHL, EMBASE, 
PsychInfo, Scopus, Web of Science, and ACM Digital Library. Search terms included: ‘cancer,’ ‘survivorship,’ ‘care 
planning,’ and ‘information technology.’ Abstracts were initially screened and conference abstracts were excluded. 
An article was included if it discussed care planning for adults after primary cancer treatment and evaluated a HIT-
based SCP intervention for usability, health outcomes, and/or process-related outcomes. Full text review was 
performed with an additional 18 citations from references within articles in the initial search. For both screening and 
full text review, a rapid review method was used where reviewers (SM, AG) successively reviewed 10% of articles 
until a Cohen’s kappa of 0.8 was reached, after which reviews were completed by SM. A kappa of 0.8 was reached 
after reviewing 168 abstracts and 63 full text articles. Reviewers extracted HIT descriptions from the articles, and 
formed a list of themes for context of use and functions through independent inductive analysis and then discussion. 

Results 

578 abstracts were identified in the initial search and article references. 60 articles met inclusion criteria, encompassing 
40 research studies. Most studies focused on breast cancer survivors (15, 38%), followed by general tools for various 
cancers (13, 33%) and head and neck cancers (7, 18%). Seven studies (18%) used native EHR functionality, 29 (73%) 
used external systems, and 5 (13%) leveraged a combination of external systems and EHR data. Analytic themes 
included: target system users, data entry methods, SCP distribution, generating SCPs through computer algorithms, 
and reminders and alerts. Most electronic SCP interventions were solely patient-focused (18, 45%) with 12 aimed at 
providers (30%) and 10 engaging both patients and providers (25%). Common functionalities included: interventions 
with computer algorithms that generate tailored SCPs based on input symptom, disease, or treatment data (17, 43%); 
use of text or e-mail reminders and alerts to prompt users to engage with the system, disseminate education, or to 
report on concerning patient-reported symptom data (15, 38%); and provider-focused EHR SCP templates that auto-
populate from existing EHR data (6, 15%). Only two studies reported the use of electronic data exchange to populate 
SCPs in external systems with EHR data, and one reported the use of electronic data exchange to send a completed 
SCP from an external system to an EHR.  

Conclusion 

Our preliminary analysis suggests that there are limited HIT functionalities used to support coordinated survivorship 
care planning. While HIT-based interventions increasingly use algorithmically generated content and alerts, few 
systems leverage EHR data or system interoperability to create or disseminate SCPs. More attention is needed to 
explore how HIT can better support coordination across care teams and throughout various phases of survivorship.  
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Introduction 

Alzheimer’s Disease (AD) is a significant public health concern. People with AD can get confused, wander and get 

lost. Global Positioning System (GPS) trackers are becoming increasingly popular and integrated in many devices that 

can be used to improve safety and care for people with AD. In the presented work, we used GPS trackers designed for 

people with AD which enable collecting movement data and constructing models capable of finding movement 

patterns. These models provide ability to locate a person when the device is not working or out of range. The presented 

work builds upon an earlier study1 in which frequent locations were predicted by applying Machine Learning (ML) 

methods. We built models which use day, time, previous known locations and period of time spent in each of them 

(n-grams) to predict the location of a missing person between 30 minutes up to 5 hours. In the current study, trajectories 

between significant locations are added to the models. Additionally, models are enhanced by linking movement data 

to the landmark information extracted from Open Street Map (OSM)2. 

Methods 

Preprocess data: Sample data of 10 participants collected by trackers during pilot study from October 2018 to October 

2019 were used. Timestamped geolocation data were converted to weighted frequency domain. The data were then 

ordered by timestamp separately for each device. The last 14 days with at least 50 data points, were used for testing. 

If the last 2 weeks of data include fewer instances, test window is shifted until it meets the criteria. The same procedure 

is done for validation set, and remaining data are used as training set. This approach allows for simulating training 

individualized models in realistic setting, as opposed to random data selection including cross-validation. 

Detect frequently visited locations: We identified frequently visited places and trajectories in between using Multi-

Pass DBSCAN method, an extension to the popular DBSCAN algorithm designed for geospatial data. 

Predict frequent locations: Following the clustering analysis, we trained classification models for predicting locations 

up to 5 hours ahead (given as a frequent location or a trajectory assignment). We used Random Forest classifier due 

to its highest accuracy on the data.  

Link movement patterns to landmark data: Landmark data are extracted from the OSM which includes high level 

information about locations visited (shopping mall, church, park, etc.). However, a GPS location point may or may 

not correspond to any existing locations on map because of GPS possible inaccuracy. Therefore, we extracted 

information related to the 15 closest nodes and 15 closest polygons. Nodes are specific coordinates (i.e. building 

entrance, traffic light, business such as restaurant or cafe) and polygons are objects with a certain area that could be 

large (county, states or time zone) or smaller (building, park or university campus). Figure 1 illustrates one GPS point 

at Mason’s Fairfax campus along with 15 closest map objects. We then loaded the data into a relational database, 

coded them as 0 and 1s in order to be used as attributes, which resulted in 630 new attributes for 5 previous locations 

used in learning.  

Results 

A paired T-test was used to compare performance of the 2 models 

(AUC) when OSM attributes are used compared with those not 

present in the model. Differences were statistically significant when 

predicting up to 2 hours ahead (p<0.05). With more distant 

prediction, the model loses significance (p<0.09, in case of 5 hrs.). In 

order to achieve model transparency, the model lists most important 

location characteristics as part of the prediction explanation. 

Conclusion 

Inclusion of landmark information extracted from map improves 

prediction and provides potential explanation of the predicted 

locations.  
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Objective: 
 1. Understand the process of extracting and analyzing Epic-derived research data at an institutional level  
 2. Develop a framework for formulating research questions using available Epic-derived data elements while understanding its 
limitations in preparation for the analysis of Epic Cosmos data 
Background/Purpose 
Given the ubiquity and amount of information available through electronic health record systems (EHR), there is treasure trove of 
data available for research purposes if we can gather and analyze this information in a systematic way. In 2018, the EHR Epic 
announced plans for Cosmos, a large scale collaborative research database pooling EHR data from multiple institutions likely to 
be widely adopted for research purposes1.  Pediatrics is a field where it often difficult to obtain high power studies and enroll 
patients for prospective trials. Through our institutional database we compared the efficacy of lactate, CRP, procalcitonin in 
predicting mortality in an effort to validate our database. 
Methods  
The study sample was obtained from an EPIC-derived database created from all patients seen at Loma Linda University Medical 
Center between January 2013 and March 2019. The data was extracted from EPIC using Tibco® Data Virtualization with three 
abstraction layers designed with the goals of obfuscation, reusability, and maximum performance. The first layer comprised the 
physical layer connecting to raw data sources and models the physical data as it appears in the data source. The second layer was 
the business layer containing business canonical objects that allowed for the creation of reusable items allowing meaningful 
relationships to be created among data elements. The third layer was the application layer, where the business canonical objects 
were prepared for consumption by one or more client tools (SPSS, Tableau, R/Python at our institution) that require the data in a 
different format set to a specific naming or hierarchy standard. (Figure 1). De-identified unique hospital encounters with at least 1 
serum  or arterial/venous blood gas lactate drawn in patients 18 or older were used to limit the study subset of critically ill 
patients. Subsequently age, gender, hospital length of stay, admission vital signs, admission labs, C-reactive protein (CRP) and 
procalcitonin when available for these hospital encounters.  
Results 
The study population included 58,172 distinct hospital encounters based on study inclusion criteria. Binomial logistic regression 
models were run individually for Lactate, CRP and Procalcitonin due to differences in number of patients available for each 
measure. Male gender, Lactate, INR were significantly associated with mortality with odds ratios of 1.253, 1.293, 1.283 in the 
lactate logistic regression model. CRP and Procalcitonin were significantly associated with mortality in their respective models but 
with clinically insignificant odds ratios at nearly 1 with  1.028 and 1.008 respectively. Receiver Operator Curves showed areas 
under the curve of 0.670, 0.553, 0.672 and inflection points of 1.7, 8.0 and 0.3 for lactate, CRP, and procalcitonin respectively.  
Conclusion 
This study offers proof that data from EPIC can be extracted and the data and is suitable for clinical research. We found 
significant associations between mortality and lactate which has been documented in numerous studies with a ROC curve 
inflection point of 1.7 correlating with values in previous studies reporting normal values ranging from under 1.4 to 2.3 2. 
Implementation of an EHR derived database is feasible but does require an initial investment of time and resources. After the 
initial learning curve however, the payoff is an infrastructure for further research. Any pediatrician in the institution can now 
perform high power studies and answer a variety of clinical questions that otherwise be challenging to investigate. There are 
limitations in using such data notably a lack of standardization of when labs were drawn leading to lower than expected AUC 
values. In the future we hope we can protocolize data entry for higher quality data suitable for clinical research. 
References: 
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Figure 1: Model of Database Architecture with three layer Tibco Virtualization 
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Introduction 

Chronic wounds (diabetic, venous, pressure and arterial ulcers) affect 6.5 million Americans (1) with an annual cost 
of $28-$32 billion (2). These wounds are challenging to treat due to complexity in diagnosis, similarity in appearance, 
and difficulty in their management (3). Yet, majority of patients do not have access to certified wound clinicians (4). 
Inappropriate treatment can cause delayed wound healing, amputations and even death. We developed a predictive 
decision support (to be used for a smartphone App) that uses Machine Learning (ML) to support non-expert clinicians 
who treat these patients. Our predictive model suggests wound care decisions based on labeled wound image data. 

Methods 

We labeled 375 wound images with care decisions and extracted descriptive visual features such as size, necrotic 
tissue, slough, granulation and bone exposure. The visual features were taken from standard wound care guidelines 
and the Photographic Wound Assessment Tool (PWAT) (5). Care decisions (D1: continue with the current treatment, 
D2: request non-urgent change in treatment from a wound specialist, or D3: refer patient to a wound specialist) were 
assigned using evidence-based wound care guidelines by two wound experts as target labels. We trained a XGboost 
model using 300 labeled wound images and validated its performance on 75 images using 10-fold cross validation. 

Results 

Using simple features based on location and three major wound areas of healing (wound bed, wound edge and peri-
wound skin) and decision labels chosen based on majority voting rule (the highest decision label number was given 
in case of a tie) our model achieved an F-1 score of 0.893, Kappa score of 0.852 with precision and recall of 0.891 
and 0.880, respectively.  The 95 percent confidence interval for the scores demonstrated accurate and robust prediction 
of standard wound care decisions. The most predicative features were thickened slough (D3), necrosis (D3), PWAT 
total score (D1), thin slough (D1), thickened rolled edge (D3), and wound location i.e. plantar foot (D2). 

Conclusion 

We demonstrated the feasibility of ML-based prediction of complex wound care decisions using only the wound’s 
visual characteristics. Our findings suggest that accurate prediction of chronic wound care decisions is possible if the 
ML system is trained on features collected from standard care guidelines and expert labels. In future, we will 
implement our ML tool as a smartphone decision support app that can automatically extract visual features from 
wound images and suggest wound care decisions.   
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Jiankang Mu, MSc1, Mengchun Gong, MD1, Zhengpeng Lu, MSc1, Wenzhao Shi, PhD1, Li 

Liu, MD2, Hong Zhu, PhD2 
1Digital China Health Technologies Corporation Limited, Beijing, China; 2Nanfang 

Hospital, Southern Medical University School of Medicine, Guangzhou, China 

Introduction 

Corona Virus Disease 2019 (COVID-19) has been widely spread all over the world in recent months. We found that 

in order to protect vulnerable populations, the government needed to release patient information through social media 

due to the high transmissibility and long incubation period of the virus. Such disclosures would inevitably expose 

patients’ private information such as behavioral records, social networks and medical records. The purpose of this 

research was to study the relationship between patient privacy and public security. 

Methods  

Public information on confirmed cases during the COVID-19 outbreak was collected from data published on the 

websites of the relevant provincial governments, which could be collected by crawler or manual method. The collected 

textual data were structured with information such as gender, ethnicity, age, address, behavioral trajectory, etc. Then, 

the g-distance model[1] was used for risk assessment. According to the results, the risk assessment items, such as 

gender, nationality, age, address and behavioral trajectory, were subtracted, and then the risk assessment was carried 

out in turn. The final conclusion of the risk assessment was to determine which data could to be disclosed and which 

one needed to be further withheld. 

Results 

The trial was conducted in a dataset of 500 confirmed patients collected during the COVID-19 outbreak. Under the 

finite data set strategy, 32.60%(163 out of 500) could be uniquely identified under the g-distance metric (i.e., 1-

distinct).In contrast, safe harbor policies significantly reduce privacy risks, with only 1% of individuals (5 out of 500) 

uniquely identifiable and the majority of the population (about 95%) unidentifiable. Although the data of the 500 

confirmed patients were safe, they couldn’t serve as warnings in external publicity. Next, we will continue to do 

verification to meet the needs of data security and external disclosure. 

Conclusion  

According to the actual requirements of the project and the principle of least adequate, the data operator should keep 

only the minimum amount of information required by the project and conduct information de-identification operation. 

However, in the face of COVID-19 epidemic, public health safety needs to be considered. Thus the patient-related 

data and related statistical data should be retained as possible. This study provided a reference for Chinese medical 

institutions to assess patient privacy risks in the process of data sharing and laid a foundation for future research on 

patient data privacy risks in China. 
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Introduction: Obtaining and documenting a high quality sexual history improves use of evidence-based practices 
regarding screening for sexually transmitted infections (STIs). We developed a natural language processing (NLP), 
rule-based algorithm to detect sexual history documentation (SHxD) among adolescents in the pediatric emergency 
department. In this study, we validated the algorithm in a new population, adolescents admitted to the General 
Pediatrics service.		

Methods:  We identified adolescents (age 14-19) admitted to the General Pediatrics service of an academic children’s 
hospital. We extracted the History & Physical note. Model predictions for SHxD and quality of sexual history1 were 
compared to manual review for 188 notes. Tool performance was calculated and listed in Table 1.  

Results: Table 1: Model performance in detecting SHxD and characteristics compared to manual review. 

Conclusion: This rule-based algorithm can be applied to future quality improvement and research projects to 
automatically detect the presence of SHxD for adolescents admitted to General Pediatrics.  
References: 
1. Marcell AV, Burstein GR. Sexual and reproductive health care services in the pediatric setting. Pediatrics. 
2017 Nov 1;140(5). 
2. Ford E, Caroll JA, Smith HE, Scott D, Cassell JA. Extracting information from the text of electronic medical records 
to improve case detection: a systematic review. Journal of American Medical Informatics Association.2016 Sep 
1;23(5):1007-15. 
 

INFORMATION	
SEARCHED	FOR	IN	

CHARTS	

						KEYWORDS	USED	IN	QUERY	 SENSITIVITY	 SPECIFICITY	 PPV	 NPV	

SEXUAL	
HISTORY	

IN:	“Sex”	followed	by	[a-z,	.,	,/],		
intercourse	

55/55		
(100%)	

128/133		
(97%)	

55/60	
(92%)	

128/128	
(100%)	

PROTECTION	
USED	

IN:	protect,	condom	
NOT:		condom	cath,	child	protect	

16/16		
(100%)	

166/172		
(97%)	

16/22	
(73%)	

166/166	
(100%)	

STI	TESTING	
OFFERED	OR	
PREVIOUSLY	
PERFORMED	

IN:	GC,	G/C,		gonorr,	gonnor,	gonor,	gonoc,	
chlam,	STI	or	STD	test,	STI	or	STD	screen,		
STI	or	STD	lab,	test[ing,ed]	for	STI	or	STD	

14/17	
	(82%)	

151/171	
	(88%)	

14/34	
(41%)	

151/154		
(98%)	

NOT	
SEXUALLY	
ACTIVE	

IN:	denies	any	sex,	denies	any	history	of		
sex,	denies	hx	of	sex,	denies	intercourse,	
denies	hx	of	intercourse,	no	sex,	never	
	had	sex,	not	sexually	active,	denies	being	
sexual,	never	been	sexual,	denies	ever		
being	sexual	

23/30	
	(77%)	

158/158		
(100%)	

23/23	
(100%)	

158/165	
(96%)	

PARTNER	
GENDER	

Within	substring	of	text	50	characters	prior	
to	and	50	characters	after	%sex[a-z,.,	,/]:	
IN:	'%[male/boy/girl/men/man]%'	

18/20		
(90%)	

130/168		

(77%)	

18/56	
(32%)	

130/132		
(98%)	

TYPE	OF	
SEXUAL	
PRACTICE	

IN:	oral	penetration,	oral	intercourse,	
vaginal	sex,	vaginal	penetration,	vaginal	
intercourse,	anal	sex,	anal	penetration,		
anal	intercourse	

4/4	
	(100%)	

184/184	
	(100%)	

4/4	
(100%)	

184/184	
(100%)	

CONTRACEPTION	
USED	

IN:	OCP,	contraceptive,	contraception,	
	birth	control,	planon,	IUD,	nuvaring	

13/13	
	(100%)	

171/175		
(98%)	

13/17	
(76%)	

171/171	
(100%)	
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Abstract 

MSM and TW personnel, who underwent criminal justice involvement (CJI), have particularly high HIV burden. The 
post-incarceration period following community reentry is critical for addressing potential risks of HIV/STI acquisition 
and negative sequelae of substance use. To address this scenario we designed new intervention that includes a GPS-
based mobile app (called GeoPass), peer support and incentives for promoting the use of HIV prevention, substance 
use treatment, and related services. 

Introduction 

In the United States, MSM and TW especially those with criminal justice involvement (CJI) are disproportionately 
impacted by HIV. HIV prevalence estimates in jail populations are four times those of the general US population, and 
for MSM and TW populations the rates of incarceration are higher. A majority of people in jail have substance use 
disorders (SUDs). The period following community reentry from incarceration is critical for addressing potential risks 
of HIV/STI acquisition and negative sequelae of substance use. To address these issues this study was created for an 
intervention designed to reach a high-risk population at a critical point for increased risk of HIV infection – MSM and 
TW who have substance use disorders and are leaving (or have recently left) jail.  

Method 

We utilized a two-arm, randomized, controlled trial to enroll 300 HIV-negative, MSM/TW aged 18-44 with substance 
use disorders (SUDs) who are either in jail or have recently left jail. We randomized and compared participants of 
MEPS intervention to those belonging to a control group receiving customized referrals and substance use-focused 
case management to the intervention group receiving customized referrals besides the App, incentives, and Peer 
Mentor (PM) support for six months.  

Results 

GeoPass Mobile App was designed from the scratch using Java for Android devices, using Swift for iOS devices and 
using ASP.NET for Mobile Web apps. Enrollment for participants began in November 2019, with study completion 
in 2023. Intervention participants received a new mobile app developed for this purpose, called GeoPass incorporating 
personalized participant goals with other features that facilitate and motivate accessing needed services including 
reminders, access details for service providers, positive automated feedback when services are utilized and goals 
attained and messages from the Peer Mentors (PMs). The app required participants to provide feedback involving 
close-ended responses to 4 short questions on services accessed in order to obtain the associated incentives, the 
incentives will be provided in the form of mobile gift. Smartphone based GPS Geolocation validated service 
utilization. 

Discussion 

The intervention will increase rates of service utilization and use of pre-exposure prophylaxis (PrEP) for HIV 
prevention over the standard-of-care case management (control group). The MEPS study will test the acceptability 
and feasibility of combining Mobile Applications with PM services to facilitate service utilization and participant-
Peer communication.  

Conclusion 

MEPS will assess patterns of PrEP uptake and utilization in MSM and TW leaving jail, and will provide here-to-fore 
unavailable data on post-incarcerated persons’ HIV, STI, PreP, substance abuse treatment, and service utilization 
patterns and experiences, including geocoded data for those in the intervention arm. 
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Introduction: Postpartum depression (PPD) affects 1 in 7 women yet often goes undetected and untreated, causing 
severe adverse effects for mothers, babies, and their families.1  We developed an algorithm that harnesses electronic 
health record (EHR) data to predict the risk of PPD.2 While this has the potential to increase early detection and 
management of PPD, prior studies have demonstrated that healthcare provider openness to using risk prediction 
algorithms in routine clinical practice remains a challenge.3 The purpose of this cross-sectional survey study was to 
assess providers’ perspectives and acceptability towards using a PPD risk prediction tool in routine clinical care. 
 

Methods: We recruited obstetrics providers from a large, urban, academic medical center via email listservs. 
Participants were asked to complete a 38-item online survey using Research Electronic Data Capture (REDCap). 
Participants reported their career status (early vs. late), area of practice (to confirm all were in obstetrics), type of 
provider (e.g., MD, NP, RN), and proportion of patients in their practice who are currently enrolled in commercial or 
public health insurance plans. The remainder of the survey included multiple-choice and free-text questions presented 
in three sections: (1) current PPD screening and treatment practices, (2) barriers to PPD screening and treatment in 
routine clinical care, and (3) acceptability of a risk prediction tool for PPD. Questions in the third section were asked 
after a brief explanation of the PPD risk prediction algorithm. We conducted basic descriptive statistics to summarize 
survey responses, and Chi-squared or Fisher’s exact tests (as appropriate) to compare responses by career status and 
proportion of patients on commercial or public health insurance plans using SAS 9.4.  
 

Results: Of the 20 providers who completed the survey, all were in 
obstetrics and all were MDs except one (an NP). Career stages were evenly 
distributed with 45% being trainees or early career and 55% mid- to late-
career. More than half (55%) of providers reported that the majority of 
their patients (>50%) were enrolled in commercial health insurance plans, 
while fewer (40%) reported the majority of their patients are Medicaid 
beneficiaries. Most (85%) agreed that the prevention of PPD is within their 
scope of practice, but most also reported that time (90%), lack of resources 
(75%), access to timely psychiatric consults (70%), and clinical experience 
managing psychiatric illness (65%) were moderate/serious barriers to PPD 
screening and management. The majority (70%) agreed that a PPD risk 
prediction algorithm would be clinically useful, 60% agreed it would 
improve their time and workflow, and 75% agreed it would benefit 
patients; this was supported by free-text responses (Table 1). Further, only 
15% agreed that they were skeptical about the algorithm’s accuracy. There 
were no significant differences (p > 0.05) between openness to the tool and 
provider characteristics (career status; patient insurance type). 
 

Conclusion: Although validation of these findings in larger and more clinically diverse samples is needed, preliminary 
results suggest broad openness to a PPD risk assessment tool regardless of career status and patient insurance type. 
Results also suggest access to psychiatric resources would improve acceptability of a risk prediction tool for PPD. 
 

Acknowledgments: The authors thank the WCM/NYP Departments of Psychiatry and OB-GYN for their support 
with this study, especially Dr. Susan Karabell and Dr. Emilie Vander Haar. Conflict Statement: RJ, AH, YZ, ML, 
JP, and MRT are affiliated with Iris OB Health Inc., New York and have equity ownership.  
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Table 1. Provider responses 
Current PPD prevention and screening:  
“We should have a formal screen for every 
postpartum patient. It is reinvented each 
time and takes so much time and effort”  
“We need a better method to objectively 
screen patients for PPD- it would be very 
effective to incorporate it into the 
workflow”  
PPD prediction tool:  
“The EHR should have a built-in depression 
screen which can be used by the provider or 
accessible in the portal for patient use at 
home”  
“A digital tool may also help with 
disparities in care”  
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Abstract 

Rural areas of Japan experience a shortage of medical resources, including specialists. Using an electronic medical 
record-based health information exchange system among medical facilities, we examined whether feedback on 
treatment from specialists in a university hospital to primary care physicians in rural areas could be helpful for patient 
care. Results showed an improvement in the prognosis of patients with low-moderate risk of cardiovascular, 
cerebrovascular, and kidney diseases. 

Introduction 

Rural areas in Japan experience a shortage of medical resources. Specifically, in rural areas of Miyagi Prefecture, the 
number of doctors is below the national average, and access to specialty care including preventive medicine and 
disease control is limited due to the shortage of specialists. To bridge the regional gap and improve medical care in 
such medically underserved areas, a regional network system including an electronic health record (EHR) to promote 
specialist involvement is necessary.  

Methods 

The Miyagi Medical and Welfare Information Network (MMWIN), which launched in 2011, is a network of medical 
facilities, including hospitals, clinics, pharmacies, and nursing homes in the Miyagi Prefecture, and uses an EHR to 
share patient information in the region. In April 2018, the total number of patients with backup data exceeded 8.2 
million and almost 70,000 patients consented to register and share their clinical information. We conducted a 
randomized controlled trial involving MMWIN participants aged 65 years or older who live in rural areas. The risk 
for cardiovascular, cerebrovascular, and kidney disease in enrolled patients was assessed by specialists. Patients with 
high risk were excluded and recommended to see specialists, while those with low-moderate risk were randomly 
assigned to an intervention group or a control group. In the intervention group, specialists reassessed patient data, 
commented on treatment modalities and sent the comments to the primary care physicians (PCPs). We conducted 
follow-up assessment every 6 months and evaluated the effect of the healthcare support system in the regional medical 
network. The survival time between the groups was compared using the log-rank test. 

Results 

The number of enrolled patients was 1,091 (male 39%, 76±7 years old). Patients with low-moderate risk were 
randomly assigned to an intervention group (n=518, male 38%, 76±7 years old) or a control group (n=521, male 39%, 
75±7 years old). There was a tendency toward lower mortality (5 vs. 9, respectively) and administration rate (7.7% 
vs. 8.3%, respectively) in the intervention group, but this tendency was not significant in an intention-to-treat analysis. 
However, total death and admission rates were significantly decreased in the intervention group in per-protocol 
analysis (234 vs. 805). In addition, a questionnaire survey of PCPs revealed overall satisfaction, as demonstrated by 
high evaluation scores; however, use of the computer system was considered somewhat burdensome.  

Conclusion 

Intervention by specialists in a regional network system may be useful for PCPs in rural areas and may improve the 
prognosis of patients with low-moderate risk of cardiovascular, cerebrovascular, and kidney diseases. 
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Abstract  
High-yield predictive phenotype combinations derived from an AI algorithm offers opportunities for real-time identification of patients 
with high probability of a rare disease. We describe the design, development, and EHR-based integration of a complex combination of 
phenotypic features for the detection of a rare heart disease, Wild-type transthyretin amyloid cardiomyopathy (wtATTR-CM). The 
features associated with the design of the phenotypes and considerations for integration into an EHR are discussed.  
 
Introduction 
Wild-type transthyretin amyloid cardiomyopathy (wtATTR-CM) is a progressive, life threatening disease caused by the 
formation of  transthyretin (TTR) amyloid fibrils that accumulate in the heart and various tissues.1 Unfortunately, wtATTR-
CM is  often misdiagnosed as more common HF etiologies, and delays in diagnosis are associated with significant morbidity 
and mortality2. A previously developed AI algorithm derived from medical claims data using ICD diagnosis codes delivered 
robust performance in predicting wtATTR-CM in HF patients with sensitivity/specificity/accuracy of 94/94/91% and AUC 
0.973. ICD diagnosis codes included in the AI algorithm were subsequently mapped to phenotypes for easier 
interpretability and electronic health records (EHR) implementation4,5.  
  
Design/Results 
Twenty high yield combinations of 2-6 phenotypic features were identified based on odds ratios and performance 
characteristics, allowing several functional EHR configurations to be designed for operationalization to identify patients 
with high risk for wtATTR-CM. EHR implementation strategies were devised based on operational integration within a 
workflow or retrospective evaluation of relational data. EHR-based build guides were developed to incorporate the best 
predictive combinations utilizing either a clinical decision support (CDS) notification or a real-time report using the EHR 
operational hierarchical database (Epic Chronicles). Structured Query Language (SQL) analytical reports were also built for 
the relational database (Epic Clarity), expanding the data sources to include problem list, visit/encounter diagnosis, 
financial transactions, and medical history tables. A silent version of the CDS notification was deployed in the EHR 
production environment in March 2020. After 4-6 weeks of running the CDS notification in the background, final 
performance metrics were determined to assess the impact of various data sources, various EHR configurations, and 
phenotypic combinations on the identification of patients at risk for wtATTR-CM within the EHR. 
   
Conclusion 
Preliminary results reveal multiple options to design EHR implementation of high-yield predictive combinations utilizing 
phenotypes to identify patients at risk of wtATTR-CM. Limitations with available data sources for each design could impact 
combination performance and output.  Operational reports, which are accessible to clinicians, are more convenient to 
build but can pose system performance limitation and may timeout-based on query duration and size. Analytical reports 
are more difficult to build but offer greater flexibility than operational reports while offering multiple data sources to 
include for a more robust output of combinations.   
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Abstract 

As the drug-related adverse events is sporadic, several obstacles impede drug discovery against drug-induced adverse 

events. We aimed to establish a novel method for developing a new therapeutic drug for drug-induced adverse events, 

considering drug-induced myocarditis as an example. The drug candidates were extracted using the large-scale 

medical information database and were validated by animal experiments. It is expected that this method will be 

applied to various drug-induced adverse events in the future. 

Introduction 

As the frequency of drug-induced adverse events is not constant and is sporadic, conducting clinical trials is 

challenging. Therefore, although several therapeutic drug candidates have demonstrated effectiveness in cell and 

animal experiments, development by pharmaceutical companies has not advanced. In recent years, clinical studies 

using large-scale medical information, such as an adverse event database, have been conducted to evaluate the clinical 

effects of drug use in real-world settings. Research utilizing such a large-scale medical information database can cover 

various patient populations and a wide range of observation areas. We aimed to establish a method for developing a 

new therapeutic drug for drug-induced adverse events, considering drug-induced myocarditis as an example (1). 

Methods 

First, microarray data of heart tissue from doxorubicin-administered mice were extracted from the Gene Expression 

Omnibus database and analyzed for the pattern of gene expression. Next, we used the Library of Integrated Network-

based Cellular Signatures (LINCS), a drug discovery tool provided by the NIH, to search for approved drugs that 

counteract doxorubicin-induced changes in gene expression. We analyzed the FDA Adverse Event Reporting System 

(FAERS) to examine the combined effects of preventive drug candidates on the development of doxorubicin-induced 

cardiomyopathy. The effectiveness of the candidate drug was validated using a doxorubicin-induced cardiotoxicity 

model mouse. All animal experiments performed were approved by the Animal Experimentation Ethics Committee 

of the University of Tokushima. As FAERS contains anonymized open data, ethics committee approval and informed 

consent were not needed. 

Results 

The LINCS analysis using differentially expressed genes induced by doxorubicin administration extracted six 

approved drugs as candidate drugs. Among these drugs, FAERS analysis suggested that cases using mosapride or 

rapamycin had a lower frequency of doxorubicin-induced cardiomyopathy. The in vivo study revealed that the 

candidate drug administration improved the cardiac muscle tissue damage. 

Conclusion 

This study suggested the use of integrative analysis employing large-scale medical information and bioinformatics 

databases for the development of novel drugs for drug-induced adverse events. 
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Introduction   
Heart  failure  (HF)  is  the  most  common  hospital  discharge  diagnosis  among  older  adults  in  the  United  States.  The                   
management  of  HF  cases  must  evolve  due  to  their  complexity  and  high  readmission  rate.  Through  mixed-methods                 
research,  this  project  will  establish  a  provider-centered  visual  dashboard  within  an  existing  electronic  health  record  (EHR)                 
system  to  accelerate  clinical  decision-making.  This  project  utilizes  human-centered  design  (HCD),  which  involves              
"generating  solutions  to  problems  and  opportunities  through  the  act  of  making  'something'  new,  where  the  activity  is                  
driven  by  the  needs,  desires  and  context  of  the  people  for  whom  we  design." 1  The  research  and  development  process                    
focused  on  the  user  experience  (UX),  which  targets  how  people  interact  with  a  product  in  context. 2 Understanding  the                   
context   of   use   leads   to   more   effective   UX   designs,   and   HCD   methods   offer   many   ways   to   gain   that   understanding.   
Methods  
Qualitative  HCD  methods  were  applied  within  the  double  diamond  framework 3 (Fig.            
1).  Each  diamond  represents  both  divergent  explorations  of  ideas  (discover,  develop),            
and  convergent  thinking  (define,  deliver).  The  double  diamond  can  be  divided  in             
exploratory,  generative,  and  evaluative  phases.  In  the  earliest  stage,  exploratory           
research,  the  team  conducted  observations  and  interviews  to  understand  the  user            
needs,  context,  and  existing  products.  Generative  research  followed,  in  which  the  team             
engaged  HF  clinicians  in  the  design  process,  leading  to  better  information  about  their              
values  and  needs.  Generative  methods  included  creating  diagrams  and  other  visuals            
that  synthesized  the  earlier  research  (mental  models,  user  task  flow,  and  personas)  and              
conducting  a  participatory  design 4  session  with  HF  clinicians.  During  this  session,  the             
team  engaged  clinicians  in  brainstorming  and generating  paper  prototypes  of  interface            
ideas  using  provided  materials.  These  included  paper,  markers,  and  pre-printed           
interface  kits  which  clinicians  could  arrange  and  paste  into  different  configurations  to  illustrate  their  ideal  workflows                 
within  the  current  EHR.  This  process  validated  findings  from  the  discovery  phase,  revealed  new  EHR  pain  points,  and  also                    

provided   some   insights   for   the   design   team   to   consider   in   developing   the   new   dashboard.  
Results   
The  team  identified  pain  points  through  an  ethnographic  research  process  that  included             
observations  and  contextual  interviews,  and  during  the  participatory  design  session.  The            
participatory  design  session  enabled  users  to  articulate  their  needs  and  feelings  visually             
and  verbally 4 .  The  design  team  inductively  analyzed  these  inputs  to  better  understand             
clinicians’  needs  in  context.  Key  pain  points  of  the  current  EHR  include  slower  provider               
response  to  clinical  worsening;  less  attention  to  patient  (more  attention  to  EHR)  during              
consultation;  difficulty  finding  necessary  information;  and  seeing  different  sets  of           

information  depending  on  the  provider.  To  address  these  issues,  design  recommendations            
for  the  UX  of  the  new  dashboard  include  improving  visual  hierarchy;  allowing  for              
customization   of   information;   and   enabling   more   focus   on   the   patient   during   consultation.  
Conclusion   
Generative  research  provides  key  insights  to  support  the  development  and  successful            
implementation  of  UX  for  clinical  decision-making.  The  next  steps  involve  quantitative            
research  (survey)  to  validate  qualitative  findings  and  gather  data  to  evaluate  task  success  in               
the  new  system.  Usability  testing  falls  into  the  final,  “evaluative”  phase  of  the  design               
process.  The  goal  of  testing  the  application  with  potential  users  is  to  understand  if  the  final                 
product  is  useful,  usable,  and  desirable 4 .  We  will  use  a  think-aloud  protocol,  in  which               

people   comment   aloud   while   using   the   prototype.   
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Introduction 
The feature importance of a diabetes risk classification model based on boosted trees are compared using 
permutation of importance (POI)1 and shapley values2. Unlike easy to interpret algorithms (e.g. logistic regression), 
boosted tree and DNN achieve higher accuracy but at the cost of interpretability. This makes gaining insight and 
knowledge from their predictions nearly impossible. POI and Shapley values can help make these black box models 
less opaque. We present preliminary results on feature importance determination of a diabetes risk classification 
model.  
Methods 
We randomly sampled 30,000 labs (21,900 for training & 8,100 for testing) for 8,400 patients from Practice 
Fusion’s EHR de-identified database to train a boosted tree classifier. The classifier uses a patient’s gender, age, 
BMI, blood pressure, triglycerides, HDL, LDL, family history of diabetes, chronic kidney disease, cardiovascular 
disease, hypertension, hyperlipidemia and obesity to classify their diabetes risk as either normal (HbA1C < 5.7%), 
prediabetic (HbA1C between 5.7% and 6.4%) or diabetic (HbA1C >= 6.5%)3. Scikit learns’ implementation of 
XGBoost was used to build the classifier, ELI5 (Python) was used to determine POI for each feature and SHAP 
(Python) was used to calculate the shapely values for each feature. 
Results 
The respective precision, recall, f-1 accuracy and ROC AUC scores for each class by the classifier are; normal 
(0.92,0.95,0.93,0.95), prediabetic (0.93, 0.87, 0.90, 0.98) and diabetic (0.93, 0.95,0.94,0.97).  
 

Figure 1: Comparison of Permutation of Importance to Shapley Values 

  
 

Discussion 
POI and shapley values not only agree generally that triglycerides, LDL, BMI, age and HDL are the most important 
features, but they also agree on their general order of importance. While POI ranks all the family history variables as 
not being important, the plot of the shapley values appears to show that for some patients with no family history of 
hyperlipidemia, it might have had some impact on their diabetes risk classification. For some patients, having a 
family history of hypertension, diabetes, cardiovascular disease and obesity might have also impacted their diabetes 
risk classification. Our larger goal is to understand the scope of influence each feature had on individual predictions. 
Next steps will focus on investigating feature interactions within the classifier that impacted risk classification 
predictions and outlier points in the shapley plot (e.g. BMI) to see if these are noise vs special cases. 
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Abstract: Most hospitals manually assign diagnosis and procedure ICD codes for each patient visit, which 
is labor intensive. With the increasing prevalence of electronic health records (EHRs) and the advancement 
of natural language processing, we aim to develop a novel deep neural network that can accurately assign 
diagnosis codes based on narrative clinical notes. Our model outperforms that of extant literature. Additional 
experiments showed further improved performance when using pre-trained clinical word embeddings. 

Dataset and Preprocessing: Our study data was from MIMIC-III1, a publicly available database collected 
between 2001 and 2012. We used only each visit’s discharge summary to predict the visit’s corresponding 
subset of the 50 most frequent ICD codes. For each one of the 50 ICD codes, the classifier predicts whether 
or not the discharge summary includes that particular ICD code.  To compare with extant literature2,5, we 
used the same training set, testing set, and target ICD codes. Each visit has one or more diagnosis and 
procedure ICD codes, so we trained a multi-label classifier.   

Modeling Approach: We developed an Attention-Augmented Recurrent Convolutional Neural Network 
(AA-RCNN); Figure 1 depicts its architecture. The model consists of a Bi-LSTM enhanced word embedding 
layer, self-attention enhanced local and global representation layers, and a dense output layer using the 
sigmoid activation function.  

We trained two models based on the 
architecture. The first model used a random 
and uniformly initialized embedding layer, 
while the second model used pre-trained 
PubMed word embeddings3. 

Evaluation: We evaluated the two models 
on the hold-out test dataset (15% of the 
cohort) by measuring micro- and macro-
averaged area under the curve (AUC), micro- 
and macro-averaged F1, and precision@5. 
We further compared with extant literature. 

Results: The study dataset resulted in 9641 
(85%) hospital visits for training and 1730 
(15%) visits for testing. The documents on 
average have 9847 words and 5.78 
corresponding ICD codes. Both AA-RCNN 
models fully exceeded previous state-of-the-
art approaches in extant literature (logistic regression, 1D-CNN4, CAML2, and LEAM5) in terms of all 
evaluation metrics. The model using pre-trained embeddings ranked highest with 0.910 macro-AUC, 0.934 
micro-AUC, 0.633 macro-F1, 0.680 micro-F1, and precision@5 of 0.648. 

Conclusion: We developed and evaluated an innovative deep neural network architecture (AA-RCNN) 
which uniquely combined self-attention, recurrent and convolutional components. Transfer learning with 
pre-trained embeddings further improved the classifier’s performance. We plan to further test our model’s 
generalizability on our pediatric EHRs. 
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Introduction 

In 2017, opioids caused 47,600 overdose deaths in the United States1.  Many people who are suffering from opioid 
addiction turn to online forums like Drugs.com to seek advice. Users discuss their withdrawal experience, recovery, 
and support. Providers can learn from these reviews and prioritize patients’ concerns. In this study, we investigate the 
effectiveness of topic modelling as a strategy to identify a meaningful set of a topics related to opioid dependence 
treatment from reviews posted to Drugs.com. In this study, we performed topic modeling over sentences, rather than 
posts, because unlike past analysis of social media on opioid use2, we were interested in attitudes about treatment 
(barriers and benefits) that impact health behaviors such as acceptance of medication assisted treatment for addiction3. 

Keywords: drug reviews, text mining, LDA algorithm, opioid addiction, medication assisted treatment 

Materials and Methods 

We collected 918 review posts from Drugs.com using two keywords: “Suboxone” or “Buprenorphine/naloxone”. We 
then split the posts into 6,290 sentences, removed punctuation, non-ascii characters, and stop words. For extracting 
topics, we used Latent Dirichlet Allocation (LDA), a standard measure, as implemented in the Python’s Gensim 
package (https://radimrehurek.com/gensim/about.html), using the Mallet based approach.  We experimented with 
different numbers of topics and words per topic. We also compared computing topics over individual sentences and 
over complete posts. To determine the best topic modeling parameters, we considered a quantitative measure 
(coherence scores calculated by Gensim’s coherence model) and a qualitative review of the three top-ranked sentences 
for each topic. The final topic labels were assigned by the authors and differences were resolved by discussion. 

Results 

We found that topic modeling with 25 topics and 15 words per topic and modeling over sentences gave the most 
meaningful topics. We also observed that most posts followed a similar pattern: a description of how the individual 
became addicted, how they started Suboxone during withdrawal, and how the treatment impacted their lives positively 
(or negatively). Thus, as compared to looking at posts, it was easier to select a label based on the top sentences and 
keywords model. Based on manual review, examples of the most common topics include: (Addiction treatment as a) 
life saver, Withdrawal symptoms, Doctor visits, Medication side effects, and Insurance coverage. An example with 
topic word set, topic label, and top-3 exemplar sentences is shown in Table 1 below: 

Table 1. An example of top keywords and 3-top ranked sentences for one topic label 

Topic label Top words Top 3 sentences 

Life Saver 
life, save, change, live, 
normal, saved, super, 
horrible, marriage, manage 

This medicine has saved my life and changed my life drastically. 
Suboxone not only changed my life, it saved my life. 
It literally saved my life...and gave me the *freedom* to live the life I wanted 
to live. 

Conclusion 

Topic modelling over drug reviews can provide useful insights regarding patient experience with addiction treatment. 
Cited concerns include “side effects”, “doctor visits”, “insurance”, and “family”.  These models can in future be used 
to analyze other user-generated texts or to organize user beliefs and experiences into an ontology. 
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Description of Problem/Purpose: Seven core metrics were recently proposed to measure Electronic Health Record (EHR) use 
using audit log data.1 The metrics are normalized to 8 hours of outpatient work and are Total EHR Time (EHR-Time8, time 
logged into the EHR), Work Outside of Work (WOW8, time outside scheduled patient hours), Time on Inbox (IB-Time8, time in 
EHR in-basket), Time on Prescriptions (Script-Time8, time ordering medications), Time on Documentation (Note-Time8, time 
writing notes), Teamwork for Order (TWORD, percentage of orders helped by a team member), and Undivided Attention (ATTN, 
time spent with patients and not on the EHR). EHR audit logs store user actions and times in a database, making these metrics 
suitable for analysis. We attempt to measure EHR use in a large health system using the proposed metrics. 
 
Methodology: The core metrics were derived from our 
EHR (Epic, Verona, WI) using a vendor app called Signal 
for August 2019. Physician’s scheduled clinical hours 
were obtained from Epic’s Clarity database, a separate 
data source. Study participants were limited to 
ambulatory physicians with at least 15% clinical FTE 
practicing in Connecticut and Rhode Island. 
 
Results: A total of 431 outpatient physicians were 
included in the analysis. Five out of seven core metrics 
were calculated but ATTN and Script-Time8 could not be 
derived due to missing or incomplete data in Signal. 
ATTN was omitted and Time in Orders (Order-Time8, 
total time for any orders) replaces Script-Time8. Figure 1 
shows Ob/Gyn and Primary Care (including Family and 
Internal Medicine) have the highest EHR-Time8. 
Ophthalmology has the lowest IB-Time8 of 0.35 and 
Primary Care is 1.16. TWORD values are Ophthalmology 59%, Surgical Specialties 52%, Ob/Gyn 51%, Dermatology 41%, Medical 
Specialties 21%, Primary Care 20%, Physical Medicine/Rehabilitation 9%, and Neurology/Psychiatry 6%. 
 
Conclusions: 
EHR audit log data present great potential in future EHR research, however, limitations posed by vendor-specific off-the-shelf 
products pose significant barriers to measuring EHR use with proposed core metrics. Additional data sources are needed in 
conjunction with audit logs to calculate EHR use metrics. Our preliminary results show that specialties with procedural or 
surgical services have more teamwork assistance with order entry compared to other specialties. Primary Care and Medical 
Specialties spend more time in their inbox than other specialties. Additional work is under way to further refine the analysis 
and investigate the association with physician burnout. 
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Introduction: Selection of patent cohorts for research using real world evidence is based on specific diagnoses.  Although billing codes 
such as ICD-10 are used to identify subpopulations of patients, they fall short when presented with complex diagnostics like multifocal 
breast cancer (MFBC).  MFBC occurs in 10% - 25% of all breast cancer patients but there is no specific code for it.  MFBC known to 
be associated with higher T stages, grade 3 disease, lymphovascular invasion, and lymph node metastases, but its effect on the clinical 
outcomes is not well characterized.[1, 2]  The goal of this study was to identify patients with MFBC and explore how their diagnoses 
are coded in the ICD-10.   
 
Methods: We utilized TriNetX, a global federated health research network providing access to statistics on electronic medical records 
from one million patients in a large healthcare organization. To find patients with MFBC, deidentified clinical notes were indexed by 
Averbis Health Discovery tool and notes with “breast” and “multifocal” or “multicentric” terms were extracted and reviewed by a 
clinical informatics researcher.  The comparison cohort was based on the patients who had ICD-10 breast cancer diagnosis in their 
record.   
 
Results: The text search extracted 347 notes from over one million clinical notes.  Out of 347 notes, 85 notes described 68 unique 
patients with MFBC and 5 patients with carcinoma in situ.  Example of terms in false positive results include: “hyperplasia (mild, 
multifocal)”, “sclerosing adenosis, multifocal”, “inked margin and abuts other margins multifocally”. 

The most common ICD-10 code in patients with breast cancer was C50.919 (see Figure 1). 97% of all breast cancer patients and 72% 
of patients with MFBC had it in their records.  About 30% of patients with MFBC had codes with specific tumor locations (C50.0, 
C50.1…) and a significant number of patients had more than one site coded.  Note that the preponderance of upper out quadrant 
(C50.4x) diagnoses is expected as 50% of breast cancer cases occur in that anatomic location.[3] 

 
Figure 1. Percent of patients coded with ICD10 C50.x codes. 
 
Conclusion: We showed that 97% of patients with breast cancer are coded with unspecified code C50.919. This illustrates the problem 
with data collection at the point of care where clinicians tend to select “unspecified” code instead of a more specific one. We also noted 
that many MFBC patients carry codes for a specific anatomic location which may be misleading given the multi-focal nature of their 
disease.  
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Introduction 

Health Disparity refers to a difference in the quality of health and access to healthcare across population groups 
closely linked with social, economic and/or environmental disadvantage1. There are limited data and few studies 
concerning racial/ethnic disparities related to access and utilization of outpatient physical therapy (PT). We sought 
to use electronic health record (EHR) data and Geographical Information System (GIS) to help deliver equitable and 
personalized care for patients of all races, ethnicities and geographical locations.  

Methods 

A multi-step, retrospective cohort study from 2016-2018 was conducted from three outpatient physical therapy 
faculty practice sites. Health Informatics and GIS from the 500 Cities Project census data and EHR data were used 
for the analyses. Outcome variables were age, sex, race/ethnicity, insurance, referral to scheduled appointment time, 
scheduled to encounter time, referral to encounter time, copay due, number of visits, PT duration, total cancellations, 
number of same day cancellations, and Charlson comorbidity index (CCI). The CCI is the most widely used 
comorbidity index, creating a weighted sum score across 19 possible conditions. Pearson chi-square and Kruskal-
Wallis tests with Bonferroni-corrected post hoc pairwise comparisons were used to compare groups. GIS was used 
to analyze geographic variation among different race/ethnic groups in PT utilization and health outcomes.  

Results 

8403 patients were analyzed. African Americans had the longest time between referral to appointment scheduled and 
between referral and first physical therapy encounter; the lowest number of visits; and the highest CCI (Table 1). 
African Americans and Latinx had the highest rates of having only one visit without follow-up appointments (23% 
and 21%, respectively, vs. 18% for Asians and Caucasians, p = .01). GIS was used to generate descriptive maps, 
including a heat map representing referral turnaround time (days of referral to first appointment scheduled) for African 
American and Latinx populations with 1 visit (Map 1). The patient geocoded data were layered onto the prevalence 
of self-reported physical health from the census data. The census data demonstrated areas of geographical colocation 
of socioeconomic status and physical health data. The 
initial findings show four areas in San Francisco with 
longest time to first physical therapy appointment, poor 
self-reported physical health status, and low per capita 
income.  

Conclusion 

Our preliminary findings suggest physical therapy access-to-care and health status differ by race/ethnicity. 
Furthermore, the use of Health Informatics and GIS to process spatial relationships of geographic environment and 
health outcomes are essential to augment the investigation of health disparities research. This analysis provides 
potential for further investigations to identify potential contributing factors such as copay, transportation, and 
employment status. Future analyses will determine disparities in referred patients not seen in PT visits.  
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Introduction 

The Veterans Health Information Exchange (VHIE), allows Veterans Health Administration (VHA), participating 
Community Care Providers, and Veterans to securely share health information in the form of Clinical Document 
Architecture (CDA) documents electronically. In 2019, VHIE received more than 5 million documents, and sent out 
more than 1.5 million documents to partner organizations. These figures are expected to increase dramatically, 
possibly over ten-fold, with VHA’s upcoming change to Opt-out consent model. As part of VHIE’s continuous data 
analytics and data quality efforts, along with reviews conducted during the EHR modernization efforts, issues were 
identified with the level of data provenance information, the contextual authorship information, captured in the CDAs. 

Background & Problem Statement 

Early implementations of data provenance in CDA documents, focused on document-level authorship as illustrated in 
2018 HL7 Data Provenance IG for CDA1. While this appears adequate in simple HIE transactions, as providers 
increasingly incorporate received HIE content into medical records, and engage in multi-party care coordination 
efforts, document-level data provenance is no longer adequate and may lead to misunderstandings on information 
ownership and authorship with legal and clinical consequences. For example, when a VA provider received external 
CDA and incorporated data authored by a non-VA provider, the section or item-level data provenance representing 
the original authorship needs to be transmitted and recognized by all data consumers. Otherwise, future 3rd party  
recipient may mistakenly believe the data was authored by the VA provider, interpret VA as the actor in the care 
intervention, and derive the wrong clinical and administrative interpretation with significant consequences. 

Solutions explored 

VHA’s initial solution to HIE data provenance was to preserve the received HIE document within the enterprise 
database and provide a linkage in the patient record to the original document if and where it was used. This solution 
works well internally, enabling VA providers to see full data provenance of external clinical information. However, 
the linkages are broken when VA sends out HIE documents, since the previously received and linked HIE documents 
are not further shared. 

To ensure wide compatibility with HIEs and EHRs that only implement document-level data provenance, VA CDA 
support data provenance by embedding original authorship at the clinical entry level. Both VA providers and external 
providers are able to review data provenance as a structured, human-readable statement within the comments field. 
However, this method has clear trade-offs. As compared with FHIR R42 where a single provenance resource can 
efficiently apply to parts of the whole document, the current approach is highly inefficient. In addition, non-VA 
recipients are unlikely to parse the structured string and act programmatically. 

Conclusion 

As HIE becomes a norm in clinical practice, with manual and automated data reconciliation as a regular practice, 
document-level data provenance is no longer adequate to avoid confusions on authorship and the actors in care 
delivery. EHR must adopt granular, data element-level data provenance such as that exemplified in FHIR R4 data 
provenance provisions to properly encapsulate the complex information sources and preserve the full data source 
pedigree within the medical record. 
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Introduction 

Digital Imaging and Communications in Medicine (DICOM) is the international standard for sharing and storing 

medical imaging data, and it is composed of image data itself and metadata describing it. However, there is no 

standardized format in recording metadata, and there are DICOM files that important medical information is missing 

or incorrect values are recorded. Thus, metadata-based data retrieval process becomes a labor intensive process1, and 

it seriously hinders the development of deep learning models in the field. Therefore, we are proposing a new 

standardization method for metadata in DICOM named R-CDM. 

Materials & Methods 

R-CDM having a Radiology Occurrence table and a Radiology Image table was designed and linked with 

Observational Medical Outcomes Partnership (OMOP)-CDM, in order to pursue a seamless link between clinical data 

and medical imaging data. Terminology system was standardized by using RadLex playbook, a comprehensive lexicon 

of radiology containing more than 75,000 terms2. Radiology protocol terminologies of the RadLex are linked with 

Logical Observation Identifiers Names and Codes (LOINC), which is connected with OMOP vocabulary. By selecting 

the method to make the best use of the mapping table already created, mapping table that maps 5753 radiology protocol 

terms of RadLex was constructed. As a proof of concept, R-CDM conversion process was conducted with 41.7TB 

(87,203,226 DICOM files from 2,801,360 cases) of anonymized medical image data from Ajou University Hospital. 

We developed a deep learning image classifier to extract detailed information that was difficult to extract from 

metadata and to compensate for error values and missing values included in metadata. It classifies brain computed 

tomography (CT) images by shooting direction and contrast administration status. 1,600 cases of brain CT, manually 

labeled by one doctor, were prepared, and ResNet-50 model was used for accurate multiclass classification. 70% 

(1,120 cases), 15%, and the other 15% of the data was each assigned to the train set, validation set, and test set. 

Classification results will be mapped into appropriate terminologies, and updated in the database. 

 

 

 

 

 

 

 

 

 

 

 

 

Results 

Information such as resolution or shooting date was 100% accurately extracted from metadata. However, detailed 

information such as ‘contrast administration statuses’ and ‘image direction’ could not be extracted from their metadata.  

The image classifier showed excellent prediction result with accuracy of 96.7%, 96.2 in precision, recall, and f1 score. 

Conclusion 

R-CDM standardized structure and terminology system of incomplete and unstandardized medical imaging data. 

Successful R-CDM conversion of DICOM files was done by ETL process of metadata and applying CNN classifier. 

We hope R-CDM to contribute to deep learning research in medical image field by enabling securement of large-scale 

medical imaging data from multinational institutions. 
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Direct primary care (DPC) is an alternative practice model to the fee-for-service model where patients pay a fixed
membership fee for all services received through their primary care physicians (PCPs).1 When a new PCP or practice
joins a DPC program, being able to predict the workload would be useful for decision makers to optimize patient and
resource allocation. The objectives of this work are to 1) predict future time demand based on patient characteristics
and 2) evaluate now pre-trained models with existing patient data perform with a hypothetical new patient panel.

We used data from R-Health, a newly initiated DPC program for New Jersey State and School Employees. We hypoth-
esized that a newly joining PCP inherits or brings in a panel of patients on a certain date (index). Due to the varying
length of enrollment period, we normalized the features and time measures by number of months enrolled. Prediction
targets were total time demand over the follow-up (continuous, up to 6 or 12 months or until patient disenroll) and
being in the top 20% of the total time demand (binary). PCP time was defined as a combination of direct care time
(DPC) and indirect coordination time (non-DPC visits)2 based on our data and prior work. A number of machine learn-
ing algorithms were used for regression (random forest (RF), K-nearest neighbor (KNN), Support vector regression,
extreme gradient boosting (XGB)) and classification (RF, KNN, Support vector machine, XGB, logistic regression).
In addition to the random train:test split (8:2), we selected a panel of one specific provider as hypothetical ’new’ panel
for the new PCP/practice and used the remaining as a train set. Five-fold cross validation was used to evaluate models.

For 6-month follow-up, average month of enrollment in baseline was 8.2 (standard deviation (SD) 3.8), after index
date was 5.6 (SD 0.9), average panel size among providers with >10 patients was 400.7 (SD 263.4), and average
monthly time demand per patient per provider was 8.6 (minutes, SD 9.6). For 12-month follow-up, average month of
enrollment in baseline was 6.5 (SD 4.7), after index date was 10.4 (SD 3.1), average panel size was 460.0 (SD 180.0),
and average monthly time demand per patient per provider was 8.3 minutes (SD 8.2).

Follow-up N Data Split MSE R2 Accuracy AUC

6 months 3,606 Random 2.11 0.31 0.83 0.76
Non-random 1.83 0.01 0.66 0.64

12 months 3,236 Random 1.53 0.37 0.82 0.77
Non-random 2.19 -1.44 0.65 0.70

Figure 1: Prediction model performance based on XGB

Best performance was obtained
by XGB for both regression
and classification. With random
split, regression models with log
of the total time demand out-
come had poor fit (MSE and
R2 score, Table 1). Predicted
values were underestimating the

true values. Classification models had an accuracy of 0.83 and 0.82 for 6 and 12-month follow-up. Important baseline
features for predicting high demand patients were number of problems in the problem list, number of office visits,
having metabolic or immunity disorders, number of lab tests, and number of immunization appointments (based on
12-month follow up). Models performed poorly when a specific provider panel was used as the test set and indicate
that the model trained with other patient data does not explain the data from a specific panel. Classification accuracy
and AUC values were lower, even though training accuracy was 0.83 and 0.85 for 6 and 12-month follow up.

Compared to a typical PCP in a prior work, PCPs in the DPC program we examined had reduced workload in terms
of time demand. Using non-random data split significantly affected performance possibly due to the difference in
patient characteristics distribution. Future work includes improving model performance with additional features and
adjustment such as resampling to make the data distribution similar.
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Introduction. Text messaging is a simple, low cost approach to reaching and engaging patients. Although research 
has shown that texting interventions can improve aspects of health,1 little is known about who uses texting to 
exchange health-related information. Knowing this information could be used to close gaps in health disparities.  
 
Methods. As part of an ongoing VA quality improvement initiative, a national cohort of Veterans was recruited to 
provide feedback on VA technologies. The cohort was comprised of 2,727 Veterans who are known technology 
users, evidenced by their use of select features of VA’s online patient portal. These Veterans participated in a 
telephone survey. To examine the association between Veteran demographics and use of health-related texting, we 
performed chi-square tests and multiple logistic regressions. Regressions controlled for: socioeconomic status, 
education, and comorbidities (as measured by the Hierarchical Condition Categories score). 
 
Results. The Veterans included in this analysis (N=2,263; 82.9%) owned a smartphone and provided complete data 
on our key outcome measures. They were predominantly White (82.2%), male (82.3%), and under 65 years old 
(58.6%). Adjusted analyses indicated that Black (vs. White) Veterans (OR=1.5, 95% CI95%: 1.1-1.9, p=0.005,) 
Veterans over age 65 (OR=1.3, CI95%: 1.0-1.7, p=0.03), and those with at least some college education (OR=1.6, 
CI95%: 1.2-2.2, p=0.001) had higher odds of receiving health-related texts, while Hispanic (vs. non-Hispanic) 
Veterans had lower odds (OR=0.7, CI95%: 0.5-0.9, p=0.02) of receiving health-related texts. 
 
Conclusion(s). Although there is potential for selection bias in our analyses, results suggest that certain patient 
characteristics may increase likelihood of using health-related texting. These findings support previous studies 
indicating that texting interventions can improve health among patients at risk for disparities and poor outcomes, 
including some ethnic and minority communities and those with low health literacy.2  
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Abstract Modeling risk of colon cancer and determining an appropriate follow-up period for colonoscopy proce-
dures require comprehensive information about polyps identified during the procedure. This information is recorded
across colonoscopy and pathology reports in narrative form, which may result in inadequate description. This loss of
information can make it difficult to connect anatomy and histology, a critical relationship for understanding severity
of disease. We performed manual chart abstraction to understand how often information could be reconstructed from
colonoscopy and pathology reports.

Background
Automatic extraction of colonoscopy related information from reports has been attempted before and while previous
studies show a relatively high performance of automatic methods, the breadth of extracted information is limited.1

This targeted approach is due to the variability in how the information is recorded. In the scope of a larger study, we
performed detailed analysis of the information described in colonoscopy (CRs) and pathology reports (PRs).

Methods
Based on the colonoscopy procedure codes, we selected 200 pairs of CRs and PRs written within 30 days of the proce-
dure from a national electronic medical record system (EMR). Using a detailed guideline describing all variables, we
targeted indication, bowel preparation, extent of exam, and polyp characteristics (location, size, shape, count, resec-
tion method, and retrieval) from CRs. From PRs we targeted submitting provider’s name, specimen obtain and receipt
dates, and jar elements (jar identifier, specimen location, sample type, size, shape, and histology). We evaluated feasi-
bility of linking polyp characteristics from CRs and histology from PRs based on the specimen anatomical locations
and using the total number of specimen jars as a potential proxy for number with a specific histology such as adenoma.
Absolute agreement and Pearson correlation coefficient were used to measure the agreement between CRs and PRs.

Results
Manual annotation of 200 pairs of CRs and PRs resulted in 7,567 instances across all annotation types. Report pairs
that described upper endoscopy (n=10) were excluded from further analysis. The most difficult type to assign was
”Total polyp count” because only 66 out of 190 CRs had an explicit statement about total polyp count, with 51 of
those having an exact number rather than a category (i.e. few, multiple). The rest of the counts had to be calculated
based on individual mentions of polyps. Mentions of anatomical locations in 190 pairs of CRs and PRs were counted
and compared across reports. Observed agreement in the number of mentioned colon locations of polyps in CRs to
the number of locations of jar specimen in PRs was 0.823. The Pearson correlation of the polyp count to the jar count
was 0.529. The two largest discrepancies were in a case when 17 polyps were listed in a CR and the corresponding
PR having 3 jars and a case when a CR mentioned only 1 polyp but the PR had specimen in 9 jars. Only 46% of report
pairs had number of polyps equal to the number of jars.

Conclusion
Use for clinical and research purposes relies on the data been recorded in the source text completely and correctly.
Lack of enforced standards for documentation and uniform software limits the ability to evaluate quality and determine
future risk. Colonoscopy and pathology documentation strategies should be developed to optimize characterizing
polyp numbers with specific histologies in order to deliver guideline concordant follow-up recommendations, quality
improvement, and research in the area of colorectal cancer screening and prevention.
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Introduction 

Observational research in axial spondyloarthritis (axSpA)  research has been severely limited by methods for 

identifying axSpA patients, since there are no billing codes for most subtypes of axSpA.  

Methods 

Five methods for identifying axSpA in large datasets were assessed including 3 machine learning algorithms and 2 

traditional cohort identification methods based on ICD codes1. The algorithms were developed in a chart reviewed 

population enriched with axSpA. To further test these 5 methods, 150,000 Veterans were randomly selected during 1-

1-2007 ~ 6-30-2017. 79,826 Veterans met inclusion criteria, were divided into axSpA risk quartile, according to full 

algorithm.  Rheumatologist chart reviewers classified axSpA in the sampled patients. To correct the partial verification 

bias, inverse probability weighting (IPW) was used to estimate population-level performance metrics (sensitive, 

positive predictive value [PPV] and F1 score). Population-level statistics were calculated by applying sampling 

weights based on the distribution of  patients in each risk quartile and bootstrapping to obtain 95% CI.  

Table 1. Sampling strategy for chart-review and weights 

Quartile Probability of axSpA according to the 

Full Algorithm N(Population) N(Sampled) 

Proportion 

(Sampled) Weight 

1 0 ~ 0.25 79424 100 0.00126 794.24 

2 0.25 ~ 0.5 276 74 0.26812 3.73 

3 0.5 ~ 0.75 65 65 1 1 

4 0.75 ~ 1 61 61 1 1 

Results 

79,424 Veterans were classified in the lowest risk quartile for axSpA. Sampling weights were highest in the lowest 

risk quartile (79,424), reflecting the distribution of patients amongst the quartiles (Table 1).  The Full algorithm had 

the highest F1 score 0.65 (Figure1). The Early algorithm had the highest sensitivity 0.90. The method based on ≥2 AS 

ICD from Rheumatology Clinic ≥7 days apart had the highest PPV 0.84.  

Conclusions 

Methods to identify axSpA were validated in a US Veteran population. These models offer a range of performance 

and early identification attributes that may be appropriate for a broad array of axSpA research requirement. 

Figure 1. Sensitive, PPV and F1 score of axSpA identification algorithms in United States veterans. 
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Introduction: Latino patients with asthma have worse disease control and increased mortality. Language barriers 
have been identified as key mediators of these disparities in care. Access to care is dependent on effective 
communication between patients and their clinical team. Electronic patient-reported outcomes (ePRO) present an 
opportunity to empower patients. However, these tools have not been widely adopted among diverse Spanish-
speaking patients. Health literacy, cultural and linguistic appropriateness of ePRO apps are important considerations 
for creating effective and scalable interventions. The purpose of this study is to adapt an ePRO mobile health 
(mHealth) app for asthma for use by Spanish-speaking Latino patients. 
Methods:  Our study is in collaboration with 5 ambulatory clinics affiliated Brigham and Women’s Hospital in 
Boston, MA. Two of the five clinics serve predominantly Spanish-speaking patients. To guide our Spanish design 
process, we are using the NASSS framework to ensure scalability and sustainability2, in addition to engaging with 
first-line bilingual (Spanish and English) speaking nurses, clinical leadership and patients. We are employing a user-
centered design approach (design sessions, wireframes, surveys with health literacy assessment) to identify user 
requirements; understand workflow for Spanish-speaking patients, nurses, and clinicians. Design sessions comprised 
of interview questions which were recorded, transcribed and summarize in consensus of two members of the 
research team. 
Results:  Based on 4 Spanish-speaking patient and 1 nurse design sessions conducted to date, we have identified 
new specification and directions (Table) for scaling our intervention to a culturally diverse Spanish-speaking Latino 
population.  
 
Table: Preliminary User Requirements for the Spanish version of the Asthma App 
 

Conclusion: As ePRO use increases as part of standard care, challenges among Latino populations must be 
addressed to ensure between-visit mHealth interventions do not increase disparities. Through an inclusive design 
approach that engages patients and clinical team, we can adapt and implement asthma intervention that are culturally 
and linguistically tailored and address existing health inequities in asthma care.   
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Intervention Component Requirements 
Culturally competent 
support team 

• Research team will continue to work closely with clinic nurses in the development of the 
application to ensure collecting and disseminating information to the patient through the 
mobile application that is culturally sensitive.   

Language Access/Health 
literacy 

• We have identified several key words that are challenging to translate to patient friendly 
Spanish. For example, the direct translations words like “peak flow” and “baseline” to “flujo 
maximo” and “linea de base” or “estado neutral” are not easily understood by our patients.  
Thus, our nursing collaborators have highlighted the importance of direct educational 
support to overcome linguistic barriers. 

• We identified regional variations in wording that make adapting the app to Latinx patient in 
general uniquely challenging. Through this population we have adapted asthma-related 
words for specific cultural and regional contexts.  

• Spanish health literacy tests will be conducted in mobile application content to assess 
differential effectiveness of the intervention on patients with varying levels of health literacy. 

• Patients will be asked which country they are from, in the screening questionnaire and 
further sessions to consider cultural differences in the development of the application. 

Educational Support Nurses communicated the necessity to include a training component to deployment to our app 
given the varied technology literacy on Spanish-speaking Latino patients. Including support 
training for app installation and basic functionality. Therefore, research team will be available 
to answer questions from patients about the application at any point. 
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Introduction 

The routine discussion of Advance Care Planning (ACP), especially in high risk populations is guideline 

recommended and can result in improved patient and family satisfaction, decreased health anxieties and cost savings 

for patients, families, and institutions, primarily in the form of decreased healthcare utilization1, 2. Mortality risk 

prediction scores can aid in facilitating ACP conversations with patients and families3. The Gagne Index is a validated 

risk score predicting one-year mortality in community dwelling adults ≥65 years old. A score of ≥9 correlates with a 

one-year mortality of 46.8%3. It was hypothesized that the Gagne Index could be implemented into the EHR using a 

resident derived, low resource, automated notification system that engages high risk patients of outpatient Internal 

Medicine clinics in ACP discussions.  

Methods 

A modified Gagne index (MGI) was built into the EHR by constructing several rule-based registry metric components, 

which evaluate the presence of patient-level risk factors based on problem list data. The hallmark modification of the 

MGI was the adaptation of criteria into discrete data elements to allow streamlined implementation into the EHR using 

diagnosis groupers. A scoring rule aggregated the registry components into one overall risk score which was calculated 

on clinic populations. Additionally, a non-interruptive Clinical Decision Support Tool (CDST) was created to trigger 

for each encounter in which a patient has a score of ≥9, notifying both the primary care provider and clinic schedulers 

to have the patient return for an ACP discussion. A baseline period in which the MGI was calculated served as a 

historical counterfactual to the intervention period in which the CDST was triggered. Healthcare utilization and the 

completion of ACP visits was compared between the baseline and intervention periods to assess the effectiveness of 

the MGI and BPA intervention, with the primary outcome being completed ACP visits. 

Results 

During the baseline period, 640 patients from a pilot clinic were assessed using the MGI. Twenty (3%) patients 

exceeded the threshold for high risk of one-year mortality, of which five (25%) completed ACP discussion. These 

high risk patients had a significantly higher number of inpatient and emergency department visits, indicating higher 

health care utilization overall (p<0.01). No significant demographic variation between high and low risk patients was 

observed. During the intervention period (Dec. 2019 – March 2020), 11 patients in the pilot clinic triggered anon-

interruptive CDST by exceeding the MGI threshold, of which six patients (55%) successfully completed ACP visits, 

indicating a comparative increase from baseline.  

Conclusion 

EHR based predictive models have the potential to identify patients that are high risk for mortality in 1 year and 

proactively engage them in assessing ACP with a provider they have an established relationship with. This serves to 

improve patient-level outcomes and represents an enormous opportunity for system-level cost savings, in the form of 

decreased utilization. This study has demonstrated the feasibility of this resident derived, low resource strategy. Given 

the positive results, we are planning to expand this initiative to include additional clinics. 
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Background 

Intraoperative transitions of care between anesthesia clinicians are needed due to a variety of factors including changes 

in personal or professional responsibilities, shift changes, duty hour restrictions, breaks, or fatigue. These 

intraoperative anesthesia care transitions may involve attending anesthesiologists, certified registered nurse 

anesthetists, or students. During such care transitions, there is a transfer of information regarding the patient, transfer 
of responsibility and control of the patient1. Due to the complexities of the tasks in the operating room, handoffs are 

often affected by noise and interruptions2. Often there is a lack of formal protocols for intraoperative handoffs, creating 

considerable variations in its structure and content. We aim to conduct a systematic review and a meta-analysis on 

prospective and retrospective studies on intraoperative anesthesia care transitions and their effects on patients and 

providers. In this systematic review, we will review studies investigating the effect of intraoperative care transitions 

on outcomes. 

Methods 

The published literature was searched using strategies created by a medical librarian on intraoperative care transitions.  

The search strategies were implemented in Ovid Medline, Embase, Scopus, CINAHL, Cochrane Central Register of 

Controlled Trials, Cochrane Database of Systematic Reviews, and Clinicaltrials.gov for a total of 1,306 results. 582 

duplicates were removed for a total of 724 unique citations. Two reviewers independently screened these titles and 
abstracts for potential inclusion, resulting in 39 papers for full text review. One additional paper was identified from 

the review of references in the papers included in the full text review. We used a PICO (Patient, Intervention, 

Comparison, Outcome) structure in our analysis to decide which papers would be included. Two reviewers 

independently evaluated these papers and a total of 18 were included for analysis. We will use the Newcastle Ottawa 

Scale for nonrandomized studies to assess quality. We will conduct meta-analyses of similar outcomes using Review 

Manager (RevMan) software.  

Results 

Data extraction and quality assessment are currently underway. Papers fell into two categories: retrospective cohort 

trials studying the effect of handoff and prospective cohort studies examining the effect of structured handoffs vs 

unstructured handoffs. We identified the following outcomes from retrospective cohort studies examining the effect 

of handoffs including mortality, major morbidity, delirium, drug discrepancies, hospital length of stay, and delayed 

extubation. The outcomes from prospective cohorts examining the effect of structured handoffs vs unstructured 
handoffs included clinician information retention, clinician satisfaction, handoff duration, and adherence to the 

handoff structure. Results will be presented during the poster session. 

Conclusion 

This systematic review will identify the risks and benefits associated with intraoperative anesthesia transitions of care, 

as well as the risks and benefits of adding structure to handoffs. Evidence from this review can improve quality of 

care for patients by decreasing adverse outcomes that may stem from inaccurate or incomplete transfer of information.  
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Introduction. Machine learning (ML) has a potential for mathematical modeling of complex medical conditions, 

including sepsis and shock [1,2]. The Trauma Triage, Treatment, and Training Decision Support (4TDS) project is 

developing and validating a decision support system that will include machine learning algorithms [3]. Algorithms 

will enhance battlefield medics’ ability to recognize shock in casualties, which is more likely when swift evacuation 

is not an option. We have trained algorithms on labeled data from Mayo Clinic electronic medical records (EMR). In 

most hospitals, continuous vital signs monitoring and advanced diagnostic equipment are readily available, and use 

of EMRs enabled us to accurately and consistently collect data. However, in austere settings the capture of 

physiological and clinical data can be sporadic, and inconsistent or missing data could affect algorithm performance. 

Which data have the greatest effect on algorithm performance when they are missing? We performed a sensitivity 

analysis to determine how missing variables can decrease shock model detection.  

Methods. We used logistic regression to create the 4TDS shock detection algorithm. Our shock detection model 

showed an area under curve (AUC) for the qualifying outcome event “shock” of 0.84 90 minutes before shock 

occurred. The model demonstrated a sensitivity of 73% and specificity of 80%, positive predictive value (PPV) of 

25%, and negative predictive value (NPV) of 97%. For this analysis, we excluded selected variables from the data 

set, then recalculated the model’s diagnostic performance. Parameters we omitted were: oxygen saturation (SpO2), 

respiratory rate, heart rate, systolic blood pressure (BP), mean BP, and diastolic BP. Results are summarized and 

tabulated as a drop in diagnostic performance. 

Results. The results show a decrease of the model performance when dropping any of the selected variables (Table 

1). The shock detection model demonstrated AUC for the qualifying outcome event “shock”, decreased up to 0.79, 

0.78, and 0.70 when eliminating SpO2, respiratory rate, and heart rate, respectively, during algorithm testing. While 

systolic and diastolic blood pressures are measured by one sensor, the variables were assessed separately (similar to 

their use in model development). When systolic BP measurements were omitted, the model AUC decreased up to 

0.68. The omission of diastolic BP during algorithm testing decreases model performance dramatically with AUC 

0.36. The mean BP could be directly measured by device or calculated from systolic and diastolic BPs. The shock 

detection model showed AUC of 0.47 if mean BP was not used for testing. 

Table 1. Performance metrics after omission of selected vital signs. 

Parameters AUC TPR TNR PPV NPV F1 

All variables, original model 0.84 0.73 0.8 0.25 0.97 0.5 

SpO2 -0.05 +0.05 +0.01 +0.11 -0.01 +0.23 

Respiratory rate -0.06 +0.01 +0.03 +0.13 -0.01 +0.25 

Heart rate -0.14 -0.29 +0.16 +0.33 -0.05 +0.66 

Systolic BP -0.16 +0.01 -0.19 -0.04 -0.03 -0.07 

Mean BP -0.37 -0.45 -0.13 -0.14 -0.1 -0.29 

Diastolic BP -0.48 -0.5 -0.31 -0.19 -0.15 -0.38 

Key:  AUC - Area under the ROC curve, TPR - True positive rate (Sensitivity), TNR - True negative rate 

(Specificity), PPV - positive predictive value, NPV - negative predictive value,  F1 – F-score.   

Conclusion. Sensitivity analysis showed that missing blood pressure measurements decrease model performance to 

the extent the model is not able to accurately recognize patients with shock. 
1. Mao, Q., et al., Multicentre validation of a sepsis prediction algorithm using only vital sign data in the emergency department, general 

ward and ICU. BMJ open, 2018. 8(1). 
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Objectives
Machine Learning in the medical domain can be costly and time-consuming. Silver-set annotations is an alternative,
where the truth is inferred, typically by applying multiple extraction schemes to the same source data and taking the
majority vote as the ground truth.1, 2 In our work, we create silver set annotations by running the same extraction
technology on different data sources. All data sources correspond to the same patient, however, meaning that truth can
be inferred if the same results are found across multiple data sources.

Description of data
On-staff medical oncologists review chemotherapy protocols sent to our organization. These protocols are accompa-
nied by patient records. Other staff clinicians, including nurses, PharmDs, and MDs review these records, as well, and
make note of aspects of the case, (e.g., lab results, genetic markers, progression) in free-text notes. The resulting data,
which we refer to as clinician notes (in contrast to patient records), typically appear in relatively consistent format.
Data contained in patient records demonstrate much more variability. They are entered by more clinicians, appear in
tabular or narrative form and exist as image PDFs, from which text must be extracted in a errorful process. We can be
certain, however, that any information contained in our clinicians notes for an individual patient must have originated
in the medical records for that patient. Information derived from the two sources should match and this forms the basis
for our silver evaluation set.

Extraction and scoring
Our extraction technology is anchor-based, where individual datapoints are identified and then ancillary data such as
results, observation dates, units, etc., are associated with the anchor. We’ve applied this methodology to extract a wide
range of data found in our two data sources.
Table 1 shows performance on genetic marker extraction using a development set of 3145 unique documents. We
report percentage matches found between clinician notes and patient records per patient per protocol assignment.
PDL1 results are generally found as numeric percentages with a variety of operators (e.g., “<”, “>”) while the other
gene results in the table are commonly found as positive/negative. As such, performance for PDL1 is lower, reflecting
a larger variability within results and how they are reported inside clinician notes. The process described above has
helped us flag this difference and we are currently working on closing the gap.

Table 1: Sample data types with % agreement between clinician notes and patient records.

Genetic Marker PDL1 ALK BRAF EGFR ROS1 ER
Matches per patient 72.0 97.8 96.3 96.4 96.4 100.0

Discussion
Our goal was both to extract information from our two sources of data and also to jump start an evaluation methodology
while we separately developed our goldset test resources. We have found the technique described above to be very
useful in giving us low-cost insight into system performance using existing data within the organization. We are
currently expanding this paradigm to evaluate data extracted using other Machine Learning techniques.
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Introduction 

Recruitment of research participants on social media has grown in popularity,1 and 80% of U.S. adults use at least one 

social media platform.2 Social media platforms allow researchers to access participants who may otherwise be difficult 

to recruit,1 yet online research methods are associated with unique threats to data integrity. We describe our 

experiences designing and implementing a research study using social media recruitment and online data collection. 

Methods 

We designed a cross-sectional descriptive study that elicited patient perceptions of provider communication in ovarian 

cancer care. Eligible participants were English-speaking U.S. adults diagnosed with ovarian cancer within the last 12 

months. Our initial recruitment effort involved posting a link to the eligibility screening questionnaire in a single 

Tweet and on the study’s Facebook page. Data were collected online via REDCap survey, and respondents received 

a $15 gift card upon completion. We used several published strategies to preserve data integrity.1, 3 Social media posts 

did not explicitly state eligibility criteria. The consent document alerted participants that evidence of fraud may result 

in study removal. Participants were issued a unique survey link and created a survey passcode. The survey included a 

CAPTCHA, several timestamps, “honeypot” items visible only to bots, verifiable items, and open-ended items. Prior 

to issuing remuneration, we reviewed responses for published indicators of fraudulent activity.3 Indicators attributable 

to respondent error were labeled “suspicious,” while those suggesting automation or misrepresentation were labeled 

“fraudulent.” We planned to remove responses with one “fraudulent” indicator or at least three “suspicious” indicators. 

Results 

Within six hours of survey activation, we received 271 completed surveys. We deactivated the survey when our initial 

data review raised concern for fraudulent activity. We removed 256 (94%) responses and flagged the remaining 15 

(6%) responses for having 1-2 “suspicious” indicators. Of the responses that were removed, 92 (34%) exhibited 

evidence of inattention (e.g. survey completion time <10 minutes), 235 (87%) included inconsistent responses to 

verifiable items (e.g. non-U.S. timestamp), 138 (51%) included a duplicate or unusual response to one or more open-

ended items, and 44 (15%) exhibited evidence of bot automation. Most (n=241, 89%) responses exhibited more than 

one type of indicator of fraudulent activity. 

Discussion 

Despite following published standards to preserve data integrity,1, 3 our survey quickly accumulated a large volume 

of fraudulent responses. The ability of respondents to navigate through all checkpoints suggests these responses may 

have been the work of individuals who fraudulently complete online research surveys for profit. Although this 

phenomenon represents a significant threat to data quality, it is poorly described in the health sciences literature. 

Current strategies to mitigate this threat are limited and include the avoidance of public survey links, elimination of 

remuneration, and careful data review. Development and testing of novel informatics-based strategies to address 

threats to data integrity following research participant recruitment through social media is a research priority. 
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Introduction 

Smart deep brain stimulation devices (DBS) are now entering the scenario of invasive neuromodulation for movement 
disorders1. They are characterized by the capability to record neural signals and adapt the neuromodulation therapy 
accordingly, thus being fully bi-directional computer interfaces, with the advantage of being implanted, and of being 
already part of current practice. To exploit their full potential, however, it is now necessary to study brain dynamics 
24/7, and to define optimized algorithms for providing personalized stimulation. Here we present a FHIR-based 
system designed to capture signals coming from implanted DBS devices, and to integrate them with other information, 
thus allowing future in-depth analysis of brain dynamics. 

System description 

A rechargeable adaptive DBS device (AlphaDBS, Newronika SpA, Milan, Italy) allows recording brain signals from 
implanted electrodes while stimulation is ON. The device stores brain signals 24/7 in the internal memory. The system 
automatically downloads the stored data that are sent to a mobile app which, in turns, send it to a FHIR server 
(WebBioBank™). The app also collects patient’s diary and other information related to medications.2 Signals are 
mapped as FHIR “Observations”, and Diary as “Questionnaire Response”. 

 
Figure 1. DBS-to-mobile FHIR-based system architecture.  

Validation test plan 

A first in-man study for the implantable DBS system is planned to involve at least 15 patients who will be followed 
for 12 weeks. The test plan includes usability, data throughput and FHIR compliance. Usability will be tested with 
supervised user feedback questionnaires to patients, caregivers and physicians; the data throughput will be assessed 
with a scalability test on multi-user data upload and FHIR compliance will be tested using TestScript3. At the end of 
the evaluation the brain signals data and the Diary data will be tested against the physicians’ Observations to evaluate 
data consistency and the overall usefulness to the well-being of the patient of this system architecture. 

Conclusions 

This system will allow exploiting the capabilities of smart DBS systems as fully bi-directional brain machine 
interfaces. 
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Introduction 

People with ADHD (attention deficit hyperactivity disorder) often have difficulty in planning and organization that 
can impact their eating habits and lifestyle [1]. We have created a novel mobile software application to support 
choosing meals and making healthy food purchases that meet dietary preferences within a specified budget. The core 
functions allow 1) Managing user profiles to support personalization 2) Obtaining recipe recommendations to fit 
profile, budget, and foods-on-hand 3) Planning food purchases, and 4) Reviewing foods-on-hand, budget and the 
nutritional balance of recent meals and food purchases.  

Overall Architecture 

Approach to addressing needs of the target population. The application supports self-introspection to help people 
with ADHD review their history of food purchases and consumption, using both scrollable inventories and 
visualizations of their aggregated behavior. This allows users to easily see how their choices distribute across different 
broad categories of food. This information provides a basis for them to make more informed decisions on their future 
purchases, while being mindful of the most and least frequently discarded foods. 

Creating user profiles.  The user can create a profile that includes 1) a budget for food 2) dietary preferences 3) 
current foods-on-hand and 4) privacy restrictions or permissions to control sharing information with others. All options 
are optional and editable. A separate dynamic user profile is also created by the system to track remaining budget, 
foods-on-hand, and foods consumed (to be able to provide feedback on nutritional needs and to make 
recommendations that account for personal favorites.)  

Obtaining personalized recommendations. The system provides recommendations that fit dietary preferences, 
foods-on-hand and budget, to minimize the need to make purchases and maximize the use-of-foods on hand, especially 
those near a use-by date. It allows users to review the steps of a selected recipe, add items to a shopping list, or record 
when a meal has been prepared, which triggers an automatic update to food-on-hand. 

Planning food purchases. When a purchase of a food or meal is anticipated, the software helps the user keep track 
of the cost and dietary implications. For preparation of food at home, the user can create a list of ingredients to be 
purchased. If the user wishes to use a meal delivery service, the software can suggest a service. It also includes links 
to frequently used services and the items purchased from those services in the past. 

Reviewing foods-on-hand, budget, and nutrition. If the user exceeds the budget or indulges in apparent binge eating 
or both, the software will notify the user. The software also analyzes the impact of 
undermining a healthy diet [1] on nutritional needs and provides visualizations 
of this information for the user. Nutrition is tracked based on the foods eaten during 
the past 3 days, following both the amount, and the overall balance needed for 
remaining healthy, using estimates of total calories and total quantities of 
macronutrients, (proteins (eggs, meat, fish), grains, fats, and fruits and vegetables).  

Conclusion 

A person with ADHD is more prone to unplanned and spur-of-the-moment eating, 
possibly compromising physical condition over time [1]. Making more informed 
choices of what to eat and buy can help encourage more regular healthy eating and avoid food waste [1]. A user study 
is underway to assess the acceptance of the software and to suggest possible refinements. 
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Introduction 

As healthcare costs continue to rise, healthcare administrators are under increasing pressure to deliver high-quality 

care while controlling costs. IBM ActionOI® is a performance-improvement tool that captures operational and 

financial data from hundreds of participating healthcare organizations and allows benchmarking for measures of staff 

composition, labor productivity, workload intensity, revenue, and expenses at a system, organizational, or 

departmental level. Our objective was to identify trends in key performance indicators (KPI) across a variety of 

healthcare organizations by size and type. 

Methods 

Using ActionOI, we compared KPIs of interest, including expenses related to employee benefits, labor, paid hours, 

and worked hours, as well as drugs (per adjusted discharge) and medical supply expense at participating facilities. 

Self-reported data for each area were audited through an online process which ensures the completeness and accuracy 

of data. Hospitals were classified based on teaching status (major or minor), with community hospitals classified by 

the number of beds (large, > 250 beds; medium, 100-249 beds; small, < 100 beds). Major teaching facilities were 

defined as follows: (1) 400+ acute-care beds in service, intern:resident ratio > 0.25 and sponsorship of > 10 Graduate 

Medical Education (GME) programs or involvement with > 20 GME programs overall; or (2) involvement in > 30 

GME programs overall; or (3) intern:resident ratio > 0.60. Minor teaching facilities were defined as those with > 200 

acute-care beds in service and either an intern:resident ratio > 0.03 or involvement in > 3 GME programs overall. 

Descriptive statistics (mean, standard deviation, coefficient of variation, median and interquartile range) were 

computed overall and by facility type. Percent change from 2016 to 2019 was calculated, both overall and by facility 

type, with results for selected KPIs shown in Table 1. Results for teaching and community hospitals are compared.  

Results 

Hospitals involved with teaching (minor) and large community hospitals demonstrated the largest decreases in benefit 

costs in 2019, as compared to 2016, measured as a percent of total employee labor expense. Teaching hospitals saw 

marked increases in drug expense per adjusted discharge and medical supply excluding drugs, unlike community 

hospitals. Most facility types saw decreases in total paid and worked hours, except for minor teaching hospitals, which 

posted increases in these two categories. 

Table 1: Data from 712 hospitals across the United States using ActionOI 

2019 vs. 2016 

Benefits (% of 

total employee 

labor expense) 

Drug expense 

per adjusted 

discharge 

Total labor 

expense* per 

full time 

employee 

Medical supply 

(excluding 

drugs)** 

Total paid 

hours** 

Total 

worked 

hours** 

Major Teaching Hospital -1% 38% 7% 5% -4% -9% 

Minor Teaching Hospital -4% 31% 7% 8% 6% 5% 

Community Hospital (small) -1% 0% 10% 1% -7% 0% 

Community Hospital (medium) -1% 1% 9% -5% -8% -7% 

Community Hospital (large) -4% -6% 6% 0% -13% -13% 

*adjusted by area wage index        
**excluding providers, per case mix index weighted adjusted discharge     

Conclusion 

This analysis of healthcare institutional operational performance demonstrated high variability across numerous KPIs, 

highlighting the complexity of healthcare delivery. General trends included decreases in benefits, total paid hours and 

total worked hours. Total labor expense increased across hospital types; drug expense increased mainly for hospitals 

involved in teaching. Taken together, tools such as ActionOI can enable hospital administrators to compare costs 

across years and benchmark their performance against similar organizations to help identify potential drivers of 

expenses and efficiencies within and across organizations. Future work will explore external factors that directly 

impact these and other measured KPIs which may play a role in influencing the efficacy and efficiency of healthcare. 
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Introduction 
PRISSMM is a standard taxonomy for the classification and communication of structured information about cancer status and 
treatment outcomes from real-world data (outside of clinical trials).1 Trained curators have assessed cancer progression from EHRs 
and summarized the overall progression of the patient (or tumor) at each temporal data point. In many cases, there exist multiple 
curations for each patient. There was a need to visualize this data in an easily comprehensible temporal format, as well as a need to 
assess the quality and variability in the associated curations. The overall goal is to enable the prediction of real-world outcomes and 
clinical phenotypes. 
 
Methods 
The web application (Figure 1) was built with a Flask backend in Python and a React frontend in JavaScript. The data is stored in a 
REDCap project database and accessed live via API calls.2 The Highcharts library was used for plotting. We intend to release the 
application as open source software for use by other institutions. 
 

 
Figure 1. Screenshot of timeline view of the PRISSMM visualization web application for a single patient’s data. 

Results 
Each point in the visualization corresponds to a curated assessment of a medical note. The color of the point indicates the status of 
patient (or tumor) as determined by the curator. The data is organized into four groups: medical oncologist assessment, drug treatment 
history, radiation imaging, and pathologist assessment. Clicking on a point gives the user the ability to accept or reject the curator’s 
assessment of the data, which is fed back into the REDCap project. Users can also accept or reject an entire curve and provide 
reasoning for their decision. There is a timeline navigator at the bottom of the plot that enables the user to zoom in on specific time 
periods while still retaining the overall picture of the patient’s progression. All PHI is redacted, with relevant dates shifted to maintain 
privacy while preserving time intervals. Users can choose to view the charts in a colorblind-friendly mode, as well as whether to view 
the data from the tumor response perspective (shown) or the patient response perspective. 
 
Discussion 
The current implementation of the application sources curated data from REDCap databases. Future work will involve directly 
sourcing patient data from the EHR. This visualization enables a quick glimpse into a patient journey and an easy-to-understand view 
of the progression of disease. It allows both the QA manager and clinicians to review the curators’ work and vet it quickly and easily, 
which is crucial in providing a feedback loop and guiding future directives for better data curation.  
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Introduction 

A daily nursing workflow filled with interruption, and multitasking activity is commonly referred to as “simultaneous 

performance of two discrete tasks”, and has been found to impose heavy cognitive load on nurses1. A recent time and 

motion study shows nurses were multitasking; 21.37% of their 

daily work2. Due to the growing organizational effort in reducing 

nursing burnout, we want to understand how the current nursing 

activities may contribute to nurses’ stress. The purpose of the 

study was to examine nurses’ physiological response (stress) to 

multitasking activities when hands-on tasks and communications 

were performed simultaneously.   

Methods 

We used the observation and stress data from a previous time and 

motion study3, which includes a total of 33 observations (132 

hours) with 7 registered nurses. The multitasking activity was 

defined as a time overlap between hands-on tasks and 

communications. We grouped similar hands-on tasks (table 1) 

and performed a mixed model analysis to examine the average 

nurses’ stress levels from the 12-hours day shift. 

Results 

We found that nurses’ stress level 

was higher when they were 

performing errands with any 

types of communication 

(p=0.02), and lower when they 

were performing hand-

off/rounding with any forms of 

communication (p=0.03). We found no difference in stress level in 

other hands-on tasks when performed simultaneously other 

communications (table 2). We further examined stress levels between specific hands-on tasks and communication. 

We found nurses’ stress levels is higher during direct patient care when they received a call (p=0.04) and lower when 

they are communicating with healthcare team members (p=0.02). We also found nurses’ stress levels remained higher 

while performing errand and communicating with healthcare team members (p=0.01) (table 3).  

Conclusion 

Based on our study findings, we are able to measure average nurses’ stress level to different multitasking activities 

objectively. We suggest future studies should examine how collaborative approach between nursing and other care 

team members can bring sustainable changes in reduction to non-nursing tasks (errands) activity. 
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Table 1. Hands-on Task Grouping 

Hands-on Task 

Group 
Hands-on Tasks Included 

Direct patient care 

ADL: positioning, ambulating, transfer in and out of bed, 

patient assessment, vital signs and bedside procedure (both 
delegable and non-delegable) 

Direct medication 

administration 
Medication administration  

Indirect medication Obtaining, preparing and returning medications 

EHR Charting, reviewing patient information in EHR 

Second 

witness/check 

Perform second check for procedure/medication related 

activity such as blood transfusion, chemo administration 

Information lookup 
Looking up information related to patient care outside of EHR 

such as UptoDate, physician contact number 

Errand Preparing documents, housekeeping, food tray delivery 

Hand-off/Rounding Bedside shit report and physician rounding 

Help Others Help other clinicians 

Supply related 

activities 
Retrieving supplies 

Others 
Other patient care related activities such as admission works, 

flu shot, paper-charting, patient transport/travel preparation 

 

 

Table 2. Hands-on Tasks with any types of 

Communication  

Task Estimate p-value 

Second witness/check 0.06 0.70 

Direct patient care 0.05 0.40 

Direct medication admin 0.04 0.50 

Indirect medication -0.04 0.66 

EHR -0.07 0.20 

Errand 0.19 0.02 

Hand-off/Rounding -0.20 0.03 

Help others -0.20 0.11 

Information lookup -0.06 0.39 

 

 

Table 3. Hands-on Tasks with Communication Interaction 

Hands-on Task Comm with Estimate p-value 

Direct patient care Healthcare team members -0.32 0.02 

Direct patient care Call-In 1.29 0.04 

Direct patient care Call-Out 0.10 0.79 

Direct patient care Family -0.02 0.92 

Errand Healthcare team members 0.42 0.01 

Errand Call-In -0.30 0.53 

Errand family 0.28 0.26 

Hand-off/Rounding Healthcare team members -0.03 0.92 

Hand-off/Rounding Call-In -0.37 0.41 

Hand-off/Rounding Call-Out -0.45 0.36 

Direct med admin Healthcare team members -0.04 0.81 

Direct med admin Call-In -0.56 0.36 

Direct med admin Family -0.18 0.36 

Indirect medication Healthcare team members 0.14 0.55 

Indirect medication Call-In -0.53 0.17 

Indirect medication Call-Out -0.52 0.40 

Indirect medication Family 0.25 0.69 
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Introduction: Data quality has been a critical problem for healthcare administration systems.1 Improving data quality
can improve effectiveness and efficiency in the initiatives or projects that aim to leverage data to support healthcare
operations and decision making. Therefore, the development and evaluation of software tools that support data quality
improvement is an area that deserves attention. Accordingly, this applied research focused on: (i.) Acquiring require-
ments and developing the Data Quality Toolkit (DQT), a software tool for collaborative data quality improvement, and
(ii.) Evaluating its perceived usability and usefulness.

Methods: (i) An iterative development approach was adopted as it provides opportunities for continuous improvement
and refinement. The core requirements were collected from three project champions who worked at a state health
agency. They informally verified and validated2 DQT through various phone and online meetings throughout the
project based on their feedback. Following its initial development, DQT was also demonstrated to a larger group
of healthcare professionals and enhanced several times in successive iterations. (ii) Then, a focus group interview
was conducted to collect feedback regarding the usability and usefulness of the tool for further enhancements. Focus
groups allowed eliciting both individual expressions and group perspectives.3 The focus group was audio recorded
and notes were taken. The transcripts of the recordings were produced and analyzed by using the Framework method4

along with the notes. Based on the results, DQT was improved by introducing the requested features and fixing bugs.

Results: (i) The core requirements were about managing the metadata about the policies and business rules that
should apply to health data as constraints, and detecting data defects based on those constraints. DQT was developed
to support creation of both narratives and specifications as constraints. The former is a high-level verbal description
while the latter is the corresponding precise specification applied to data, i.e., a logical or regular expression. As a
result, users with various degrees of technical background were supported. To achieve the highest performance in
defect detection, multi-threaded programs which utilize all processors and cores were developed. Correcting defects
was outside of the scope because the data reside in disparate legacy systems. Instead, the requirements were about
supporting an organizational process which involves repeatedly assessing data quality, notifying the relevant parties
for data corrections, and reassessing the data quality. Consequently, the second phase of requirements were about
accommodating teamwork and keeping track of the versions of metadata and the actual data inspected for defects.
Client-server development, user management, introducing the project concept, establishing a ticketing system, and
developing a custom versioning system for metadata artifacts met the requirements. In the next iteration, the features
to report defects and to import and export various file formats were developed, as well as a dashboard providing easier
access to the functionality. (ii) In evaluation, the results showed that users experienced a simple installation process,
easy software navigation, and an ease of operation in identifying defects in the dataset, which contributed positively
to perceived usability. On the other hand, users also mentioned that DQT widgets needed to look more modern, the
messages and alerts needed to be more meaningful, and adding breadcrumbs could make navigation more intuitive.
The users found metadata description features, efficient and fast defect detection, and the versioning capabilities for
data and metadata to be highly useful. The participants also mentioned a need to visualize data distributions after data
import and requested a report displaying improvement of data quality over time. In addition, they wanted to view
their dependencies on other team members over the metadata elements, to show descriptive statistics of data columns,
and provide a comprehensive defect report in terms of both rules and data. Accordingly, DQT was further improved
addressing both the usability and usefulness concerns and implementing the features requested.

Conclusion: This study involved iterative development and evaluation of a unique tool to support collaborative im-
provement of data quality in a state health agency. The feedback and evaluation results so far have been encouraging.
As the immediate next steps, we plan to proceed with user acceptance testing, user training, and deployment.
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Introduction 
Hospital acquired infections are a major cause of death in the U.S. Infection preventionists (IPs) have to access 
individual hospital records to find spatial and temporal overlap between patients to track infection spread, which can 
be tedious and mentally challenging. While there has been work in predicting outbreaks from EHR data, they do not 
provide any visual context to allow hospitals to make actionable decisions. Prior visual systems1,2 either do not show 
floor plans or do not involve domain experts in design and data representation. Thus, there is a need for a Hospital 
Geographic Information System (HGIS), which provides IPs visual cues on patient movement. 

Methods 
We built an interactive web prototype (Figure 1), using Python’s Django framework with a SQLite database. The 
frontend visualizations were done with the dc.js library, which employs crossfilter and D3.js. Our prototype consisted 
of a panel on the left to filter the data on attributes such as admission, onset date, and pathogens, while the rest of the 
screen was used to overlay information on floor plans. In the panel, each attribute is presented as a histogram with 
linked brushing (i.e., filtering on one attribute will update distributions across others). Since performing range queries 

on dates can be challenging due to the large 
number presented in a small space, we 
separated each component of the date (month, 
date and year) in a separate histogram. 
Pathogens are represented as horizontal bar 
charts which can be filtered by clicking on the 
bar. In the main display, we first present a 
collapsed view of the building in the form of 
horizontal bars to provide a summary view (Fig 
1A). The length of each bar represents the 
number of rooms in that floor and the opacity 
of the color represents the number of patients 

on the floor (for the selected date and pathogen 
filters). Each floor expands to show a layout of 

the floor rooms, with patient distribution in rooms. We tried two encodings for patient distributions across rooms: size 
and opacity. Selecting a room reveals a bar chart showing the distribution of pathogens (Fig 1B). 

Results 
We met with two IPs to get feedback on our design. In the panel, they disliked the linked brushing interface and 
splitting the date into multiple histograms. They suggested the use of text interface for this since that is the norm in 
EHRs. They also preferred the opacity over size for encoding patient distribution in rooms. In the main display, they 
liked the collapsed view and said it matched their workflow of selecting and viewing individual floors. They did not 
find the bar chart showing pathogen distribution to be helpful, since they investigate a single pathogen outbreak at a 
time. At the end, we asked them for a wish list of things that they would like to see in a HGIS. For the linked 
histograms, they mentioned that seeing the distribution of infection types over time would be helpful. For seeing 
spread of disease, they would be more interested in seeing a network diagram that links patients that had common 
factors (e.g. overlap in a room) and hence acquired the same pathogen. From this network, they could then drill down 
to the specific room and get further insights, such as distance of the room to a cleaning room.  

Conclusion 
We built an interactive prototype of a Hospital GIS system and got informal feedback from two of our targets users. 
In the future, we would like to do a formal survey of experts to evaluate the system, as well as test infection spread 
with and without the interface.   
This project was supported by IDEA4PS at The Ohio State University which is sponsored by the AHRQ(P30HS024379).  
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View 

Figure 1. Interface (with synthetic data), overview followed by detailed view 
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Introduction 

Physicians use their clinical experiences and patient history for the treatment of Chemotherapy-Induced Nausea and 
Vomiting, which leads to inconsistent management of CINV1. The use of risk calculation algorithms for clinical 
decision making at the point-of-care without computational support can lead to an inaccurate result. The aim of this 
study is to develop a more efficient way of capturing patient information and retrieving recommendations from 
multiple rule-based flowcharts that were induced by applying the Decision Tree classifier algorithm. 

Method 
Six different flowcharts with 115 paths to 
predict CINV were induced using the decision 
tree classifier on a large clinical database. Each 
flowchart is relevant to the combination of an 
emetogenicity (low, moderate, and high) and 
CINV phase (acute and delayed). An example 
of such a decision tree is presented in Figure 1. 
If the questions are generated from multiple 
flowcharts, developing a fixed order 
questionnaire might not help in developing an 
efficient application (Figure 2). The question 
hierarchy is not consistent across different tree 
models. Instead of taking input of all variables, 
we developed an adaptive approach to ask a 
minimal number of questions for computing the 
prediction by traversing a tree path starting 
from the root node.  If the current node of the 
flowchart is not a prediction node (leaf), the 
system will keep asking questions until it reaches to a prediction node (Figure 3 and Figure 4). 

Results 

For the fix order 
approach, it will ask 14 
questions for any of those 
115 decision paths but for 
the adaptive approach, the 
maximum questions 
asked will be equal to the 
depth of that flowchart (up to 9 questions). This makes the application efficient and less time consuming for the user. 
An effort to reduce the physicians’ time has high importance at the point-of-care. Using the application built on an 
adaptive approach is a less time-consuming solution as a standalone decision support tool. 
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Figure 1. Decision Tree Flow Chart for Predicting the Risk of CINV 
in Acute Phase for Moderate Emetogenic Chemotherapy 

 
Figure 2. Limitation types 

 
Figure 3. Adaptive Approach 
Algorithm 

 
Figure 4. Adaptive Approach Workflow 
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Abstract 

During the COVID-19 pandemic of 2020, hospital facilities require streamlined means of efficiently and methodically 

tracking and managing large numbers of patients, consistent with U.S. Centers for Disease Control and Prevention 

(CDC) guidelines, presenting with symptoms that require screening for COVID-19. The current abstract describes a 

hospital information system integrated monitoring and surveillance solution deployed to 45 US VA Medical Centers 

7 days prior to the Trump Administration’s declaration of the COVID-19 National Emergency.      

Introduction 

During 2020, the Novel COVID-19 virus has caused a global pandemic.  Healthcare provider organizations in many 

countries are overwhelmed by demand for services by affected patients.  Screening and efficiently tracking and 

following up on test results to inform next steps in management is critical. This abstract details the development and 

rapid deployment of a hospital information system integrated solution for monitoring the test results of patients 

presenting to 45 U.S. VA Medical Centers during the Novel COVID-19 pandemic. 

Methods  

A methodology for tracking patient presenting symptoms and diagnostic test results, including those that map to 

screening guidelines published by the U.S. Centers for Disease Control and Prevention (CDC)1, was developed, 

implemented and deployed in 45 VA Medical Centers. The surveillance system was implemented leveraging: i) an 

enterprise wide standardized Health Level Seven International v2.4 Interface (Document Storage Systems, Inc., Juno 

Beach, FL) that provided admission, discharge, transfer, lab/microbiology, inpatient medications, bar code medication 

administration, outpatient medications, surgery, radiology, vital sign and problem list data; ii) a relational database 

system (Oracle Database. Oracle Corporation, Redwood City, CA), and iii) a software platform with a dynamic, 

customizable business rules engine and email alerts (TheraDoc®, Premier®, Inc, Charlotte, N.C.) which had 

previously been implemented in the 45 VA Medical Centers. 

Results  

Seven days prior to the Trump Administration’s declaration of the COVID-19 National Emergency, hospitals with the 

software platform were able to test, implement and automate the tracking and monitoring of CDC guideline based 

COVID-19 screening work up test results via a centralized hospital information system integrated solution.  Test 

results are monitored in real time and patients are flagged to facilitate efficient review by care team members via a 

single user interface that lists patients who tested negative, as well as those who tested positive.  All tested patients 

can be followed and tracked.  Clinicians interested in receiving notifications are able to receive real time alerts via 

email.  Patient results can also be assessed and viewed in the user interface concurrently alongside patient 

demographics, risk factors and other current clinical data via the integration helping with planning, care coordination, 

risk stratification and prioritization of interventions.  

Discussion  

Hospitals with standardized, flexible customizable, hospital information system integrated software for population 

health management in conjunction with support from the vendor community can evolve their systems quickly to meet 

dynamic and changing CDC guidelines during global and domestic health crises.  An enabling factor was the systems’ 

design.  The system has an extensible architecture.  There was no need for additional software development and the 

deployment of new builds.  Further research is warranted to measure and quantify the impact of this integrated 

surveillance, monitoring and care coordination methodology for this population of patients.  
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Introduction: Low sustained patient 
engagement limits the value of 
longitudinal patient-reported outcomes 
(PROs) in clinical care from being 
realized1. To bolster engagement, we 
developed a secure, mobile PRO 
reporting system which features real-
time visualizations of patient-reported 
symptoms developed through user-
centered design2 (Figure 1). We are 
conducting a longitudinal, single-arm 
trial to determine the feasibility of adults 
with heart failure (HF), many of whom 
have high symptom burden and need to self-monitor symptoms, using this system to collect longitudinal PROs. 

Objective: To examine characteristics, including sociodemographic characteristics, health literacy, and patient-
reported symptom burden, of adults with HF who expressed willingness to track their PROs longitudinally. 

Methods: We are recruiting English-speaking adults from inpatient and outpatient cardiology units at an urban 
academic medical center. Eligible participants have a HF diagnosis and no cognitive impairment per the electronic 
health record. After providing informed consent and completing sociodemographic and health literacy surveys, 
participants complete 9 short-form Patient Reported Outcome Measurement Information System (PROMIS) surveys 
about their symptoms that our prior research shows are relevant in HF3. Participants view the summary visualizations 
immediately upon survey completion and are shown how to navigate and share the page. After this, participants receive 
an email or SMS text (per participant preference) to complete PROMIS surveys and view summary visualizations 
every two weeks for two months. They are contacted for an exit interview on study completion. Participants receive 
$25 upon enrollment and $25 upon study completion. The Weill Cornell Medicine IRB approved this study. 

Results: Of the 19 participants recruited to date, 12 (63%) were recruited from inpatient units, 11 (58%) were male, 
and 7 (37%) identified as racial/ethnic minorities. The mean age was 70.1 years (SD 11.3). The highest level of 
education was high school for 7 participants (37%), college for 8 (42%), and graduate school for 4 (21%). Nearly half 
(42%) self-reported having a disability. All reported having health insurance, most commonly through an employer 
(63%) and Medicare (68%). Almost half (46%) had inadequate health literacy. Nearly all (89%) had an email address 
(a measure of technology experience). On average, participants reported the greatest burden on the following PROMIS 
symptom domains: physical function, fatigue, and ability to participate in social roles/activities. 

Conclusion: To date, a relatively diverse sample of older adults with HF have expressed willingness to track their 
PROs longitudinally. Associations between participant characteristics and longitudinal adherence patterns, as well as 
exit interviews, will provide a more in-depth understanding of factors associated with sustained PRO collection. 

Acknowledgments: This work was supported by NINR (NIH) under award number R00NR016275 (PI: RMC). 
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Figure 1. Summary visualizations of PROs 
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Introduction 

A great deal of data in the Electronic Health Record (EHR) is unstructured text1. This data is often difficult to analyze2. 

One solution to this problem is to use a Natural Language Processing (NLP) system in conjunction with a standard 

terminology3, such as SNOMED, and a standard statement model such as described in the HL7 Analysis Normal Form 

(ANF) Document. The unstructured text is input into the NLP system, which uses a terminology to output tagged text 

(i.e., coded information). The U.S. Department of Veterans Affairs (VA) has collaborated to create an integrated 

terminology system called SOLOR4, which is a combination of SNOMED CT (diseases, findings, procedures), LOINC 

(laboratory test results), and RxNorm (medications).  VA EHR data was input into the High Throughput Phenotyping 

– Natural Language Processing (HTP-NLP) system2 utilizing the SOLOR terminology. The HTP-NLP is linguistic-

based using machine learning for word sense disambiguation. The output will be information in the ANF format.  The 

SOLOR terminology aims to combine all the main terminologies (SNOMED, LOINC, and RxNORM) for many 

disparate types of observations in the EHR thus mapping many different concepts using the appropriate terminology. 

Methods 

From a 1389-record sample dataset, 280 random records (~20%) were manually analyzed and categorized by author 

MR. The note types of these records are hospital records, not limited to any specialty. The records contained: (a) the 

text representation that was modeled, (b) the assigned ANF with SOLOR codes (“reference standard” done by 

experts), and (c) the results of the HTP-NLP utilizing SOLOR parse. For each record to be evaluated, author MR read 

the reference standard, and determined the concepts, terms and relationships present. Next, results of the HTP-NLP 

output in the ANF format were reviewed. A determination was made as to whether all terms, concepts and 

relationships were modeled correctly. A free-text assessment was created for every observation made. From these 

free-text assessments, 16 standardized categories were created which encompassed the main concepts contained 

within. Thereafter, author MR created hierarchical rules which assigned a standardized category to one of four 

accuracy measures: (a) missed, (b) partially map, (c) almost completely mapped, and (d) fully mapped. The system 

evaluation is an on-going iterative process, based upon new output as changes are implemented.  

Results 

The following accuracy measures are reported: fully mapped = 41.41%, almost completely mapped = 2.14%, partially 

mapped = 52.14% and missed = 4.29%. 

Conclusion 

Currently both SOLOR and the HTP-NLP system have been built and are functioning. At this early stage, the pipeline 

is being improved by reducing false-positives and false-negatives. Our ultimate goal is to incorporate this rich new 

source of coded standardized data into the VA HIT to provide advanced analytics and decision support for the VA. 

Future work would include having at least two independent reviewers and measuring inter-rater reliability to get a 

lower variance understanding of how accurate the SOLOR system is at concept mapping. It would also include error 

analysis, assessment of why certain concepts were missed or partially mapped, and comparisons with other systems. 
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Background: In rapidly moving fields of medicine, Systematic reviews (SR) and meta-analyses (MA), such as our 
network MA on first line treatment in kidney cancer, require frequent labor intense updates. Patients may receive 
suboptimal treatment or even be harmed if there is a delay in synthesizing evidence and updated guidelines.  Keeping 
evidence synthesis current is difficult, especially in the field of oncology, due to the sheer volume of clinical data.  We 
propose living network meta-analyses, which combine human and machine effort, as a mechanism for providing 
synthesized evidence as soon as new or updated studies becomes available. 

Methods: Proposed model for living network meta-analysis system consists of two major modules: the data collector 
and the data analyzer. In the data collector module, there are 4 components to help users extract detailed information 
from studies, including: 1) Study search, which can import relevant study from PubMed and ClinicalTrials.gov; 2) 
PDF file management, which helps user to upload and organize PDF files of each study in a clinical trial based 
structure; 3) Attribute extractor, which provides interactive web interface for information extraction from PDF files 
and search results of studies, based on natural language processing techniques and web interaction techniques; and 4) 
dynamic data table, which supports dataset management and exploration. In the data analyzer module, we combined 
several Python and R packages to provide flexible web interface and network meta-analysis to explore the dataset 
collected by previous module. To fully utilize the analysis results of different R packages, we implemented adapters 
to uniform the analysis result. Moreover, we designed web-based interactive charts and tables for demonstrating the 
network meta-analysis results (e.g., network plot, forest plot, and league table). 

 
Figure 1: The architecture of our proposed living network meta-analysis system 

Proof of concept: We have created a living network meta-analysis of first line treatment of metastatic kidney cancer.  
Interactive study characteristics table, estimates of efficacy (Overall Survival, Progression Free Survival) and toxicity 
(Grade 3 or higher AEs) are updated as soon as new information becomes available. 
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Description of the Problem 

While systematic reviews have shown use of the Wells’ Criteria for Pulmonary Embolism decreases computerized 

tomography (CT) scan ordering by 25% without missing pulmonary emboli (PE)(1), providers often refuse to use 

clinical decision support (CDS) tools based on these criteria, even when local efficacy has been demonstrated(2). We 

sought to explore psychological and behavioral barriers to use of PE Calc, a potentially transformative CDS tool 

meant to assist providers in establishing the pre-test probability of a PE prior to imaging.  

Methods 

We developed a semi-structured interview guide based on the Capability Opportunity Motivation Behavior (COM-B) 

model, a comprehensive behavior model stating that changing behavior requires changing capability, opportunity, 

and/or motivation(3). We interviewed Emergency Medicine providers in person (five resident physicians, five 

attending physicians, and two physician assistants) at two large academic healthcare facilities in New York to identify 

barriers to PE Calc use. We analyzed session notes and recordings according to the principles of grounded theory, 

using the constant comparative method. We identified themes and coded the data accordingly using the qualitative 

data analysis software NVivo (QSR International Pty Ltd. Version 12, 2018). Coding and analysis were performed by 

two members of the study team (Dr. Richardson and Dr. Dauber-Decker).  

Results 

We identified six major barriers to tool use: 1. Bayesian Reasoning, 2. Fear of Missing PE, 3. Time Pressure, 4. Gestalt 

Includes Wells’, 5. Missed Factors (i.e., Wells’ does not include all possible PE risk factors), and 6. Social Pressure. 

Several providers believed Wells’ criteria were incorporated into their gestalt, rendering PE Calc unnecessary and not 

particularly useful. Interestingly, providers did not frequently mention consequences to patients’ health as missed PEs 

would likely be those with mild presentations of less clinical significance. Most providers preferred the validated 

Pulmonary Embolism Rule-out Criteria (PERC) due to their simplicity.  

Discussion 
Participants in this qualitative study of barriers to CDS use for PE evaluation reported that PE Calc was not useful to 

them despite decades of research validating the efficacy of the Wells’ Criteria and our work showing that PE Calc 

users at our institution improved their ordering behaviors(4). These findings underscore the importance of addressing 

the psychological and behavioral barriers to CDS use as the field continues to grow. 

Conclusion 

COM-B provides an effective framework for interviewing healthcare providers to identifying barriers CDS use. 

Providers highlighted several important psychological and behavioral barriers to CDS use. CDS tools are unlikely to 

meet their potential to transform clinical care until behavioral barriers to use are adequately described and addressed. 
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Introduction 

Although much has been done to reduce the transmission of HIV, there are still 36.7 million individuals living with 

the virus worldwide, with 1.1 million of those living in the US1. At the University of Alabama at Birmingham (UAB) 

there is a specialty HIV clinic, the 1917 clinic, which has helped over 12,000 patients in their HIV healthcare journey 
since 1988. One way to reduce the prevalence of HIV is by engaging patients in their care. Patients that arrive at their 

clinic visits regularly have been shown to have improved medication adherence, reduced mortality, and improved 

health outcomes2. Our clinic experienced a 19% visit no show rate in fiscal year 2018. Identifying patients at risk for 

no show visits is important for clinic scheduling, staffing and resource allocation. This poster will present a predictive 

model we developed for the UAB HIV clinic to identify patients with a higher risk of no show. Identifying those at 

risk is the first step to the implementation of strategies to decrease no shows.  

Methods 

The data used for this project consisted of appointment data for 4,950 HIV positive patients between October 2015 

and July 2019 at UAB’s HIV clinic. The data source utilized was UAB’s scheduling software, IDX®. To ensure data 

accuracy, automate data pre-processing, and provide a list of patients to be contacted, a relational database was 

developed in MS SQL Server using IDX® data and an automated SSIS package was utilized for the extract, transfer, 
and load (ETL) processes. A predictive logistic regression model (predicting no show Yes vs. No) was developed 

using the data from the database. The data was split into training (80% or 64,354 records) and testing (20% or 21,450 

records) sets prior to deploying the model. We generated a probability score for each patient based on the trained 

logistic regression model with the independent variables of: previous no show/total appointments ratio, age, race, lag 

days (the days between scheduled and appointment dates) and gender. A threshold value, above which the patient was 

more likely to no show, was selected on the basis of analysis of the receiver operating curve (ROC) which showed the 

distribution of probability scores. The model was then tested for precision, specificity, and the weighted average (F1).  

 Results 

Among the 21,450 testing records, the distribution of no 

show probability scores ranged from 0.09 to 0.83. In the 

logistic regression model keeping age, race, gender, and lag 

days constant, a 1% increase in a patient’s no show/total 

ratio was associated with 13 times greater odds of no 

showing their next appointment. A threshold of 0.3 was 

chosen based on its comparatively lower false negative 

(FN) error of 1,549. The true positive (TP), or those patients predicted to no show and actually did no show, was 6,435 

(Table 1).  The model works with 44% precision, or specificity, 80% sensitivity, with an F1 of 57%.  

Conclusion  

We chose a cutoff point that emphasized sensitivity in our model as we preferred to bring the potential of an 

intervention to more patients than what was needed. By using predictive algorithms, such as ours, healthcare 

organizations will be better positioned to identify and have the opportunity to offer interventions to engage patients in 

longitudinal clinic care and the ensuing improved morbidity and mortality. Future steps for this project will consist of 

developing additional prediction models adding clinical data such as patient reported outcomes (PROs) data across 

multiple domains (substance abuse status, depression, alcohol use, etc.) in order to improve its accuracy.  
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Table 1. Predictive model’s confusion matrix at 0.3. 

Confusion Matrix Predicted No Predicted Yes 

Actual No TN = 5,423 FP = 8,043 

Actual Yes FN = 1,549 TP = 6,435 
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Introduction 
At #AMIA2019, we presented the development of an enhanced method to evaluate the causal effects of HIE on 
healthcare processes and outcomes. This method allows organizations to implement HIE across multiple sites and at 
the same time evaluate its outcomes in a pragmatic, meaningful way.  

Objective 
The objective of this study was to apply this new method to evaluate the implementation of a Fast Healthcare 
Interoperability Resources (FHIR)-based app1 that integrates HIE directly into Cerner across multiple emergency 
departments (ED) within a healthcare system. 

Methods 
In a stepped-wedge causal study design, 14 EDs were assigned to 4 groups, or waves, based on geographic distance. 
This practical and robust study design allowed for each ED to serve as a control before the app was implemented 
every 8 weeks across a new wave. Group or individual clinician training and consent occurred on-site or via online 
conference approximately 1 month prior to app implementation for each wave. Clinician names, roles, and email 
addresses were provided by ED site directors through relationships cultivated by study researchers and a 
representative from the Indiana Health Information Exchange. A survey guided by established theoretical 
frameworks2 evaluated clinician acceptance and use of the app, and was administered either in person or 
electronically for each wave at baseline and follow-up 8 weeks later. Focus groups planned for each wave include 
clinicians with varying usage levels and will provide context for understanding the survey data and main 
quantitative measure: change in ED clinician HIE use during the 8-week intervention compared to pre-intervention. 
Monthly usage and descriptive statistics were extracted from FHIR log data linked to limited patient encounter data. 

Results 
To date, the app was implemented in 10 EDs during 3 waves each lasting 8 weeks. We anticipate completing 
implementation in the final wave and remaining 4 EDs by October, 2020, covering all full-time clinicians (n=139). 
The first wave recruited 59 clinicians, of whom 80% and 61%, respectively, completed a baseline and follow-up 
survey. Preliminary analysis showed a 4.5% increase in HIE use during the intervention period from 12/13/19 to 
01/31/20 compared to the pre-intervention period from 11/01/19 to 12/12/19 among first wave clinicians. Currently, 
72% of the 26 clinicians in the second wave and 73% of the 44 clinicians in the third wave are participating.  

Conclusion  
Successful implementation of this pragmatic evaluation method will leverage FHIR, quantitative usage data, 
surveys, and qualitative methods to provide rigorous real-world knowledge on user perceptions and acceptance of 
HIE integrated into Cerner and the clinical workflow. 
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Introduction 

Uncontrolled asthma leading to emergency department (ED) visits and hospitalizations causes suffering and is costly.1 

Timely treatment via monitoring of patients’ symptoms offers the opportunity to improve health outcomes. Use of 

patient-reported outcomes (PROs) could promote earlier detection of deterioration and intervention, thus decreasing 

hospitalizations. However, little is known about the nature of exacerbations that could be prevented. Using EHR data, 

we analyzed patterns of clinical interactions leading to hospitalization. 

Methods 

As part of an AHRQ-funded study (R18 HS026432), we are developing a novel health IT-enabled practice model that 

enables real-time collection and communication of PROs (Figure). For this analysis, patients were considered as 

having asthma if they had asthma on their problem list or had an asthma-related visit (ED, urgent care, primary care). 

We focused on patients with inpatient admissions for their asthma and quantified their interactions (phone calls, visits) 

with their clinic in the 30 days leading up to admission. We collected data across 2 years and at 4 clinics. 

Results 

We reviewed 376 adult asthma inpatient hospital encounters (271 unique patients) between 10/1/2017 and 9/30/2019: 

285 (76.0%), 53 (14.1%), and 38 (10.1%) were triaged from the ED, urgent care, or admitted electively, respectively. 

Of the 271 patients, 205 had 1 hospitalization, and 66 had 2 or more hospitalizations. Of the 376 hospital encounters, 

only 65 (17%) had a preceding outpatient interaction in the month prior to admission, excluding the ambulatory 

encounter leading to hospitalization. This lack of pre-admission interaction is an opportunity to engage patients who 

are deteriorating, but prior to the use of high cost services. Assuming prevention of 376 asthma-related hospital 

encounters at $5000 per hospitalization over this 2-year period, the net cost savings is estimated at $1,880,000.  

Conclusion 

Proactively capturing PROs and reporting to clinicians will enable earlier identification and management of asthma 

deteriorations. Ultimately, we will be able to transition asthma care from a reactive to proactive asthma care delivery 

model, while simultaneously improving asthma-related quality of life. 

 

Figure 1. Patient-facing mHealth App 
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Introduction 

Maternal morbidity and mortality (MMM) is one of the population health measures; it reflects the overall status of 

population healthcare. One of the leading causes of MMM is postpartum hemorrhage (PPH), its management involves 

use of uterotonic medications and blood transfusions. Event prediction of high-risk patients for PPH is challenging, 

delivery datasets tend to be large with low incidence of events of interest. We sought to optimize prediction of 

transfusion at delivery by exploring under-sampling methodologies and categorical data feature selection in a large 

national dataset.  

Methods 

Data for the study was extracted from the Consortium for Safe Labor (CSL) dataset created by the National Institute 

of Child Health and Human Development (NICHD). It includes peripartum medical history of delivered patients at 

12 sites in the USA.  From 243,000 records we selected 183,000 with only one recorded pregnancy in the dataset. All 

the variables were manually explored, missing and unknown categorical instances were normalized to missing. 

Continuous variables such as weight, BMI were categorized.  

Transfusion outcome variable was created based on the rule: patients that received a transfusion and/or blood products 

were assigned to the transfused group. Five control cohorts were created as follows: random selection, matching age, 

insurance type, hospital type and race.  Traditional correlation methods are not applicable in nominal categorical data 

because there is no scale to compare, instead we used two measures of nominal association for variable selection, 

Cramér's phi and Theil index (1).  Finally, we calculated the percent agreement for each selected variable for the five 

cohorts.  

Results 

There were 5,600 patients who received blood transfusion. The top 10 variables selected by Thiel index were placenta 

accreta, hospital site number, hemorrhage, epidural anesthesia, hysterectomy, increased oxytocin dose, maternal death, 

maternal ICU stay, PPH, fetal presentation. The top 10 variables selected by CramerV measure were contractions on 

admission, analgesia, labor augmentation, prenatal severe diabetes, estimated blood loss, education level, gestational 

age calculation method, hemorrhage, epidural anesthesia, elective cesarean delivery.  The top 10 variables selected by 

CramerV were the same across all five cohorts, for a 100% agreement.  For the Theil index only placenta accreta and 

hospital site number had 100% agreement for variable selection, the remainder had 80%, these variables were selected 

from all the cohorts except the randomly created.  

Discussion and Conclusions 

Our results demonstrate that it is possible to extract relevant features from a categorical dataset  to facilitate the creation 

of a model  to predict the need of transfusion. We also demonstrate a high percent agreement among the variables 

selected using five different control cohorts and measures of nominal association such as CramerV and Thiel index. 

Under sampling techniques are useful for exploration of sparse datasets for the minority class. Our work allows 

dimensionality reduction of a large dataset to optimize prediction models for integration into electronic medical 

records in clinical care. 

Acknowledgments: This work was supported by the Intramural Research Program of the NIH, National Library of 

Medicine. 
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Introduction 

Social and environmental contexts are increasingly recognized as factors that impact health outcomes of patients and 

populations. However, there is an unmet need to link clinical care data with physical environment, socioeconomic 

status, and health behaviors.  In this abstract, we discuss a framework and initial implementation for structuring and 

linking Electronic Health Record (EHR) data with publicly available Social Determinants of Health (SDOH) datasets.  

Challenges 

More and more, valuable social health data are becoming widely available and commonly free. However, SDOH data 

are often released as aggregates based on region or location, rather than at the individual patient level.  Linking the 

two can often be accomplished using address components such as zip codes or Census Units (address units of measure 

designed by the Census Bureau to measure sociodemographic trends).  Therefore, to create a useful patient-level 

analytic dataset, it is necessary to create a generalizable linkage strategy between the EHR and SDOH datasets. 

Implementation 

Our infrastructure builds upon existing work with Duke’s accountable care organization (ACO) participating in the 

Medicare Shared Savings Program (MSSP), which employs machine learning to predict unplanned hospital 

admissions using EHR and Medicare claims data. Our goal was to assess and analyze how adding socioeconomic and 

neighborhood data affects our model by linking in four SDOH datasets:  (1) Decennial Census Summary File, SF1; 

(2) American Community Survey, ACS; (3) Wisconsin Area Deprivation Index, ADI; and (4) the Durham Compass1.  

To do so, we linked patients via Census Units rather than zip codes since zip codes are meant to efficiently route mail 

and are not representative of real human behavior3.  Both Block Groups (smallest unit for which the Bureau publishes 

data) and Tracts (rough equivalent to a neighborhood) were used and are available at the patient level by USPS 

Standardization and TomTom Rooftop Geocoding processes in the Duke Enterprise Data Warehouse (EDW)2. 

Figure 1 illustrates the project framework and final datasets 

generated for analysis purposes. With a historic cohort of 

111,089 Duke patients, our EDW processes were successfully 

able to geocode 98,843 of those patients for linkage to our 

selected SDOH datasets.  99% of our geocoded patients were 

linked to the national SDOH datasets, and for the 19,100 

patients residing in Durham County, 98% of the patients were 

linkable to the county dataset. In total, our analysis dataset is 

enriched with 5,848 additional SDOH variables.  Since address 

data is considered to be protected health information (PHI), all 

identifiers and sensitive address information were removed 

from datasets before final delivery to the analysis team. 

Conclusion 

We anticipate this infrastructure will be widely applicable to 

research, operations, and quality improvement projects at Duke 

and is generalizable to any geo-codeable population. This data 

will inform Duke’s quantitative and clinical teams’ efforts in 

understanding how socio-economic factors may be associated with patient health. This design provides a strong 

framework for the ongoing integration of clinical and non-clinical data to predict health outcomes, provides 

assessment of risk and potential bias, and may inform the design of interventions to improve the health of populations.   
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Figure 1. Infrastructure linking clinical EHR data to 

social determinant (SDOH) datasets. 
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Introduction: Depression is often a chronic illness in which  transition from one medication regime 
(including polypharmacy) to another over the course of several months and years. These medication regimes 
comprise complex trajectories over time. Modeling these trajectories is challenging but can yield useful insights and 
uncover differences due to patient race, sex, provider type (family practitioner vs psychiatrist) and other 
stratifications. Visual analytics tools  using directed chord diagrams1 can greatly facilitate rapid understanding of 
complex transitions across medication regimes and differences across patient/provider stratifications. 
 
Method: From an ambulatory care Electronic Health Record we selected a random sample of patients with 
depression diagnosis (n=1500, ICD9 code 296.2, 296.3, 296.5, 296.6, 311) and compiled their anti-depressant 
prescriptions (n=6354). We consolidated the medications into 17 drug classes and defined medication state  as a 
combination of drug classes prescribed in a single day. When there is a change in the prescription of medication 
class, a new state is defined, and this is counted as a single transition. Applying this calculation on the 6354 
medications, we identified 148 states, and 536 transitions. We stratified the data by patient demographics, and 
developed chord diagrams on the top 20 transitions. 
 
Results: Figure 1 shows chord diagrams for medication transitions stratified by race. Specific medication states are 
listed on the circumference of the circle. Chords with arrows depict transitions from one state to the next. In this 
example (Figure 1) we see that African Americans have greater number of medication transitions. 
Figure 1: Chord diagrams illustrating medication transitions by race 

 
Discussion: The chord diagrams in Figure 1 show at a glance the distribution of choice of medications and change of 
medications across patient race, highlighting the disparity in practice. Informaticians and public health specialists can 
rapidly and easily drill down into further details of interest if such diagrams are presented on an interactive dashboard. 
Adherence to guidelines, polypharmacy, past medication trials can be rapidly assessed. Properly sized, such chord 
diagrams easily reveal other details of transitions including exact medication combinations, differences in combination 
therapies. Temporality is a limitation of this method and requires future research to incorporate the time dimensions. 
 
Conclusion: Chord diagrams can be a useful tool for rapidly understanding medication transitions and identifying 
differences across patient/provider stratifications.  
 
References: 
1. Gu Z, Gu L, Eils R, Schlesner M, Brors B. circlize implements and enhances circular visualization in R. 
Bioinformatics. 2014;30(19):2811-2. 

1898



  

Effectiveness of Bulk Orders & Messages in a Population Health Program 

Jessica M. Ruff, MD, MA, MSPH1, Peter J. Greco, MD1, David C. Kaelber, MD, PhD1 

Case Western Reserve University/MetroHealth Medical Center, Cleveland, OH 
Introduction: The United States Preventive Services Task Force (USPSTF) recommends women aged 50-74 
receive biennial breast cancer screening, as early detection reduces the risk of mortality. Yet, breast cancer remains 
the second-leading cause of cancer deaths among women in the United States and only 71.8% of eligible women 
have had a mammogram in the last two years1. While the reasons for patients not receiving a mammogram are 
multifactorial, the pressure for clinicians to evaluate every patient for each of the 84 USPSTF recommendations is 
one commonly perceived barrier. Bulk ordering allows for one clinician to place an order for a specific group of 
people2, and bulk messaging alerts the patient that they are due for screening. 

Methods: The bulk order and messaging protocol has been previously described3. The time to event analysis was 
completed with completely de-identified data using R (Version 3.6.1) and survival and ggplot packages. Order 
cancelation was the censoring event.  

Results: Most patients scheduled their appointment within approximately 120 days from bulk order placement and 
patient alert as seen in Figure 1. Just over 20% of bulk orders were resulted as seen in Figure 2. 

 
   Figure 1. Time from mammogram order to scheduling.                 Figure 2. Time from mammogram order to result. 

Conclusion: The time to event analysis re-enforced the ability of our bulk order and message mammography program 
to increase screening rates and relieve the burden of ordering from primary care providers. This method is 
generalizable to analysis of other interventions to increase provision of recommended clinical services and will raise 
lead to increased screening in about 20% of those not current on their preventive services. At MetroHealth this helped 
us achieve screening rates up to 93.47%. 

References 

1.  Breast Cancer Screening | Cancer Trends Progress Report [Internet]. [cited 2020 Mar 8]. Available from: 
https://progressreport.cancer.gov/detection/breast_cancer 

2.  Berkovich B, Sitapati A. Applied Population Health: Delivering Value-based Care with Actionable Registries. 
illustrate. CRC Press, 2019; 2019. 286 p.  

3.  Elangovan A, Greco PJ, Davis KR, Kaelber DC, Sandhu DS. Managing Fecal Immunochemical Test (FIT) at 
Population Health Level in an Urban Safety Net Hospital. Am J Gastroenterol. 2019 Oct;114(Supplement):S137.  

 

1899



  

Usability Testing of Seegnal Drug-related Problems Alerting System  
Angela Rui, M.A.1, Pamela Garabedian, M.S.1, Lynn A. Volk, MHS1, Diane L. Seger, RPh1, 

Sonam Shah, Pharm. D., RPh, MSc2, David W. Bates, MD, MSc1, 2, 3, 4 

1Clinical and Quality Analysis, Partners HealthCare, Somerville, MA, 2Department of 

General Internal Medicine, Brigham and Women’s Hospital, Boston, MA; 3Harvard 

Medical School, Boston, MA; 4Harvard Chan School of Public Health, Boston, MA 

 

Introduction: Medication decision support systems are designed to prevent medication errors and alert clinicians of 

drug-related problems (DRPs). However, it is known that many clinicians do not use these systems due to poor 

usability, alert fatigue, and workflow integration.1 Using scenario-based testing with think aloud, post-task ratings, 

and the post-test System Usability Scale (SUS), we evaluated Seegnal’s drug-related problems alerting system in order 

to determine clinicians’ overall user experience with the system’s interface and identify usability issues that could be 

addressed in subsequent versions.  

Methods: Designed to present medical information to healthcare providers in the outpatient and inpatient settings, the 

Seegnal platform enables clinicians to address drug-related problems (DRPs) such as drug-drug interactions, multiple 

(≥3)-drug interactions, drug allergies, drug–diseases, drug-renal/liver function, drug-food/vitamins, drug–genetic 

profile interactions, and duplicate therapy via a graphic user interface (GUI) that visually supports detection of all of 

a patient’s DRPs at the same time. One-on-one usability tests were conducted from June to December 2019 at five 

outpatient clinics. In all, 10 clinicians were recruited to complete 11 simulated tasks on 4 test patient scenarios in 1 

hour. Because participants did not have prior experience Seegnal’s GUI, the moderator presented a 5-minute training. 

The moderator introduced the test scenarios and instructed participants to complete the related tasks using the stand-

alone version of Seegnal. For this formative testing, participants were encouraged to verbalize their thought processes 

and initial reactions using think-aloud. Participant screens, headshots, and audio were recorded in Morae Manager for 

subsequent analysis. Participants were asked between 1 – 4 questions after each task to assess ease of use and 

satisfaction with specific features of the Seegnal system. Afterward, participants were asked to complete the System 

Usability Scale (SUS) questionnaire.  

Results: The 10 participants included 9 primary care physicians and 1 nurse practitioner who had been practicing 

general internal medicine for an average of 17 years. All participants reported having an intermediate to expert comfort 

level with technology and at least 2.5 years of experience using the Epic EHR. When responding to the post-task 

questions on a scale of 1 = “Very Easy” and 7 = “Very Difficult”, participants found the task of identifying a drug 

interaction as being the easiest task to complete with the lowest average score of 1.1 (SD = 0.3). The task of finding 

an appropriate alternative medication was perceived as easy (Mean = 2.2, SD = 1.7), as well as the capability to hover 

over icons for more information, giving this task an average rating of 1.8 (SD = 0.6). Tasks associated with participants 

drilling-down for more information (e.g., system’s reasoning and evidence for an alert) received an average score of 

2.2 (SD =  1.6) while reviewing formerly bypassed (overridden) alerts resulted in the highest average score of 3 (SD 

= 2.0).  The post-test SUS questionnaire average score across participants was 80.3. 

Conclusion: Seegnal’s SUS score of 80.3 is above the average industry benchmark of 68.2 Additional rounds of 

summative usability testing with Seegnal integrated into Epic will be important to determine usability once 

implemented within the EHR and clinicians’ workflow. Testing usability with this system will be key for not only 

reducing patient harm but also improving the medication ordering experience for providers.    
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Table 1. NLP performance of assessing documentation 
of asthma control status.  

Control status Precision  Recall F-score 
Day symptoms 0.987 1.000 0.994 
Night symptoms 0.908 0.975 0.940 
Activity limitation 0.886 0.939 0.912 
 

 
Figure 1. Prevalence of asthma control status in clinical 
notes.  
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Introduction 

Asthma is the most common chronic illness among children and causes significant morbidity. While the evidence-
based guidelines and therapies are available, there are significant variabilities in clinician’s guideline adherence and 
documentation in asthma care. Assessing current adherence to support improvement guideline-concordant care is 
almost impossible using only ICD-10 and CPT codes but requires manual chart review of electronic health records 
(EHRs), which is time consuming and expensive. This study demonstrates the feasibility of an automated tool using 
natural language processing (NLP) to identify guideline elements in free text of EHRs, assessing adherence to a key 
component of asthma guideline directed care—assessment of asthma control status in 2007 National Asthma 
Education and Prevention Program (NAEPP).  

Materials and Methods 

The study data consists of 300 patients randomly selected from the 2008-2016 Olmsted County birth cohort. From 
those patients, we randomly selected 1,039 clinical notes with an asthma diagnosis; notes from 200 patients as a 
training set (n=724) and notes from the other 100 patients (n=315) as a test set. The objective was to develop an 
NLP algorithm to identify asthma control status assessment and documentation. Specifically, documentation 
pertaining to asthma control status elements of day/night time asthma symptoms (e.g., increased work of breathing, 
wake up at night with cough) and activity limitation (e.g., missed school due to asthma, exertional activity) were 
sought. We developed the pattern-based rules by experts to identify these concepts using the framework of 
MedTaggerIE (https://github.com/medtagger/MedTagger), a clinical NLP pipeline developed by Mayo Clinic. The 
performance of the NLP algorithm was compared with manual chart review in a document level.  

Results  

Figure 1 shows the prevalence of asthma control status in 
clinical notes (i.e., percentage of clinical notes that contain 
each control status). Clinicians describe day time symptoms 
almost half of the notes (46%) and night time symptoms and 
activity limitation less frequently (18% and 17% 
respectively). An NLP algorithm was able to identify 
documentation of day and night time symptoms with high 
accuracy (F-score of 0.994 and 0.940 respectively; Table 1). 
Activity limitation was identified reasonably well (F-score 
of 0.912; Table 1) and most incorrect cases are due to 
related to other than asthma (e.g., stopped playing sports to 
focus on school) or hypothetical (e.g., if he misses albuterol 
before gym class, he will develop a cough).  

Discussion 

This study demonstrated the feasibility of using NLP to 
automatically assess one element of adherence to asthma 
guidelines—assessment and documentation of asthma 
control status by mining clinical notes. These NLP results 
can be obtained quickly and economically, allowing 
repeated personalized feedback to a clinician and especially useful for physicians and other clinicians in training. An 
NLP algorithm assessing adherence to asthma guidelines can deliver evidence-based clinical effectiveness data to 
enhance adherence to guidelines as well as clinical training and documentation in clinical care settings.  
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Introduction:  
Patients increasingly have direct access to schedule multiple types of appointments (e.g., 20 vs. 30 minutes) or 
channels of care (e.g., in-office, telemedicine) through primary care offices. This can result in costly and frustrating 
problems: incorrectly scheduled appointments cause delays, cancellations, rescheduling, 
and after-hours work for administrative or clinical staff [1]. This also contributes to a 
poor patient experience, which can lead to low attrition and worse health outcomes [2]. 
Directing patients to the most efficient and appropriate channel of care based on their 
Reason for Visit (RfV) and patient history has the potential to optimize schedules, 
equilibrate supply and demand, and improve the patient experience. This preliminary 
work seeks to understand patient acceptance of selecting discrete RfVs, and how the 
RfVs correspond with the patient’s desired appointment type. If successful, these RfVs 
could be used to route patients to a particular appointment type or care channel. 
 
Methods: Patients at a national primary care clinic system were randomly assigned to receive a new page in the 
appointment booking flow.  This page presented patients with eight discrete RfVs or “I have another concern”. 
Patients then were prompted for an additional free-text description of their concerns, and given five appointment 
types to select from: Brief, Standard, Physical, Physical & Pap, and Pap. 
 
Results: In total, 3,038 patients were included in this study; 77% selected one of the eight most common patient 
concerns presented in our clinics, including: Physical Exam (27%), Cold and Flu (13%), Follow-up (11%), or 
Sexual Health (8%). Only 71% of patients who selected “Physical Exam” booked a “Physical Exam” appointment 
type: 

Appointment Type Physical Cold and Flu Follow-up Sexual Health Vaccines, etc. Muscle Pain 

Brief Visit 6% 81% 36% 37% 48% 33% 

Standard Visit 9% 14% 55% 32% 29% 43% 

Physical Exam 71% 1% 3% 14% 15% 3% 

Other 14% 4% 6% 17% 8% 17% 
 
Conclusion: Discrepancies between patients’ discrete RfV selection, free-text description, and chosen appointment 
type suggests that patients need more guidance in selecting the appropriate type of care. Large variance between 
Brief and Standard visits for certain patient concerns (e.g., Sexual Health) also indicate a lack of concordance 
between patient concerns and the appointment type booked. Directing patients to specific types of care has the 
opportunity to decrease ambiguously and incorrectly booked appointment types, thereby increasing the efficiency of 
appointment scheduling. 
 
References: 

1. Robinson, L.,  Chen, R. A comparison of traditional and open-access policies for appointment scheduling. 
Manufacturing and Service Operations Management. 2009. 12: 330-346. 

2. Faridimehr et al. Managing access to primary care clinics using robust scheduling templates. Health Care 
Management Science. 2019. 1-14. 
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Background: Americans have increasingly turned to medical crowdfunding to finance rising personal healthcare-

related costs. This growing reliance is primarily attributed to the lack of a publicly funded healthcare system and 

resultant gaps in healthcare coverage and access. We explore the relationship between healthcare coverage and 

medical crowdfunding in the United States.  

 

Methods: We conducted a cross-sectional spatial analysis of all active GoFundMe (the largest charitable 

crowdfunding platform globally) campaigns under the “Medical” subheading in the United States between 

September 1, 2018 and August 30, 2019. Through web scraping, we extracted all text available from each 

campaign’s webpage on September 30, 2019, including campaign statistical variables and location. We used the 

Google Maps Geocoding application programming interface (API) to obtain coordinates of the listed location of 

each campaign to label county- and state-level healthcare provision characteristics including Medicaid expansion 

status and uninsured rate. We related these measures of healthcare coverage to descriptive statistics for campaign 

numerical variables extracted. We used Chi-squared and Mann-Whitney U testing where appropriate to determine 

statistical significance. We then evaluated spatial representations of medical crowdfunding by state.  

 

Results: We studied 120,310 campaigns, of which only 11.3% met their funding goal at the time of data extraction. 

Campaigns raised approximately $474 million in total over the course of the last year with a mean of $3,946 

(standard deviation [SD], $9,132) and a median of $1,500 (interquartile range [IQR], $610 to $3,865) per campaign. 

While 36.1% of the American population lives in non-Medicaid expansion states, 39.1% of campaigns were in non-

Medicaid expansion states (p < 0.001). The number of Facebook shares also favored non-Medicaid expansion states 

(median 126; IQR, 44 - 291 vs. median 123; IQR, 41 - 297) (p<0.001). However, campaigns in non-Medicaid 

expansion states raised substantially less (median, $1,325; IQR, $565 to $3,310) than those in Medicaid expansion 

states (median, $1,636; IQR, $655 to $3,895) (p<0.001). They also attained less of their funding goal (median 

24.4%; IQR, 9.5% to 55.7% vs. median 30.2%; IQR, 11.5% to 67.0%) (p<0.001). States with higher uninsured rate 

tended to meet less of their funding goal as well (Figure 1).   

 

Conclusions: These findings support concerns that medical crowdfunding does not adequately bridge gaps in 

healthcare coverage, but further maligns those with less socioeconomic privilege. We plan to further test these 

differences at different geographic granularities including by county and by metropolitan area and evaluate other 

socioeconomic and demographic factors by location. Further research is needed to understand the social, ethical, and 

economic implications of medical crowdfunding in the United States.  

 

 

        
Figure 1. A. Median percent funded per campaign by state B) Uninsured rate by state. 
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Introduction 
Hypertension (HTN) is one of the most important risk factors for poor outcomes, such as kidney failure, in chronic 
kidney disease (CKD). Clinical decision support (CDS) alerts have demonstrated benefits in improving hypertension 
management in primary care. HTN management in CKD includes preference for specific agents and often 
necessitates a regimen of multiple anti-HTN agents. 

Clinical Decision Support Alert 
We took the approach of examining opportunities for improved management using data analytics. We developed 
several computable phenotypes (CPs) to project the volume of CDS alerts in different clinical scenarios. We 
developed three categories of CPs for patients with CKD and uncontrolled HTN. CKD was defined as either two 
estimated glomerular filtration rate (eGFR) 15-59 ml/min/1.73m2 or two urine albumin to creatinine ratio > 30 
mg/g, with results > 90 days apart. Uncontrolled HTN was defined as two outpatient SBPs ≥ 140 mmHg within the 
prior two years. CPs were divided into 
the following categories: 1) initiation of 
angiotensin-converting enzyme 
inhibitors (ACE-Is) or angiotensin 
receptor blockers (ARBs); 2) titration of 
dose for ACE-I/ARBs; and 3) for 
patients on a maximal dose of ACE-I or 
ARB, initiation of a diuretic (a thiazide 
in stage 3 CKD and a loop diuretic in 
stage 4 CKD). The results of the data 
analytic portion of the project informed 
which BPAs to build. For example, in 
category 3 we determined that the 
number of stage 4 patients who were not on a diuretic was 
only 68, so decided not to create CDS for that clinical 
scenario. 
 
We will be performing two rounds of usability testing to improve the content of the CDS alert. Round 1 of usability 
testing will elicit user feedback on what components of an electronic tool will be most beneficial to PCPs. Round 2 
usability testing will include user interaction with the CDS in a non-production environment.  

Discussion 
     By estimating the volume of alerts 
and examining the feasibility of the 
recommended action for any given alert, 
organizations can make more informed 
decisions prior to building and 
implementing CDS. We learned several 
important lessons through the data 
analytic process which we took into 
account when designing the CDS alerts. 
In conclusion, assessment of the 
potential impact of CDS prior to 
implementation can help organizations to 
decrease alert fatigue and increase accuracy and 
effectiveness of CDS.

Figure 1 CDS alert for the initiation of Lisinopril 

Figure 2 CDS alert for the titration of Lisinopril 

1904



Using Social Science Methods to Conduct a Horizon Scan to                                     

Identify Gaps and Opportunities for Future Development in                                                                 

Patient-Centered Clinical Decision Support 

Shana Sandberg, PhD1, Prashila Dullabh, MD1, Lauren Hovey, MA1, Krysta Heaney-Huls, MPH1, 

Nithya Rajendran, MHI1, Nora Marino, MPH1, Shafa Al-Showk, MPH, CHES2,                                     

Edwin A. Lomotan, MD2, and Dean F. Sittig, PhD3 

1NORC at the University of Chicago, Bethesda, MD; 2Agency for Healthcare Research and 

Quality, Rockville, MD; 3School of Biomedical Informatics, University of Texas                            

Health Science Center at Houston, TX   

Introduction: Patient-centered clinical decision support (PC CDS)—which  supports individual patients, their caregivers, 

and/or care teams in health-related decisions and actions by leveraging information from PCOR findings or patient-specific 

information (e.g., patient-generated health data)—is a promising means for disseminating evidence-based findings and 

encouraging shared decision making among patients and clinicians.1 As individual examples of PC CDS proliferate, a 

broader assessment of its current state—as well as gaps and opportunities for future development—is sorely needed. 

Research Objectives: The objective of this poster is to describe the methods that we used to conduct a “horizon scan” 

targeting the future potential of PC CDS. In the health care context, horizon scanning is a “systematic process to identify and 

monitor target technologies and innovations in health care and to create an inventory of target technologies that have the 

highest potential for impact.”2 We designed our horizon scan to illuminate the evolving landscape of PC CDS and identify 
promising trends that can lead to new developments and propel the field forward in the near term (3-5 years) and long term 

(10-20 years). Findings from the horizon scan will be used to help shape the design of a PC CDS pilot study to further 

advance the field.  

Methods: Our approach is grounded in qualitative social science research methods and includes three components: a 
literature review, key informant interviews, and input from a technical expert panel (TEP) comprised of leading experts 

in the field of patient-centered care and CDS. The literature review includes a systematic search of peer-reviewed 

literature from the past 10 years and of grey literature (including websites, blogs, reports and conference abstracts, news, 

and tech industry pieces). To tap the expertise of individuals actively working in the field, we also conducted 18 key 

informant interviews with a range of stakeholders active in the PC CDS community, including representatives from 

federal agencies, health IT and app vendors, research organizations, patient representatives, clinicians, and payers. 

Interviews cover current PC CDS experience and priorities as well as future challenges and opportunities.  Finally, the 

work is being guided by input from the TEP, consulted at strategic points in the development and conduct of the work. 

We used article counts to identify current and emerging areas of focus, and thematic synthesis analysis3 to identify 

emergent themes and to describe opportunities for future development in this promising field. 

Results: In reviewing the published literature on PC CDS interventions, we found that common chronic conditions (e.g., 

diabetes mellitus, cancers, cardiovascular conditions) were the clinical conditions most frequently targeted by PC CDS. 

We also found that the majority of PC CDS interventions were designed to be used by patients at home or in the 

community, and that digital applications were the most common technical mode of delivery. Promising future directions 

included prioritizing patient-centeredness, improving the research underlying PC CDS, advancing technical standards, 

expanding technological modalities for PC CDS, and measuring impact on clinical and non-clinical (e.g., patient 

engagement, satisfaction) outcomes.  

Conclusion: We have demonstrated the three qualitative methods we used to conduct a horizon scan of the current state 

of and future directions for PC CDS, including a literature review, key informant interviews, and input from a TEP. The 

methods described in this poster can be applied more broadly in the field of bioinformatics to assess other developments 

in health information technology.  
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Introduction 

ALS is a rapidly progressing neurodegenerative disease.  Constant monitoring can significantly improve the therapy 
provided to its patients. The ALS Functional Rating Scale (ALSFRS-R) is the most common metric to measure 
progression of the disease. Unfortunately, it can only be assessed by a clinical specialist. A potential solution to this 
problem would be to use low-cost technologies such as speech data acquisition. Previous studies have shown that 
speech can be used as a proxy to estimate disease progression outside clinic premises1,2. While there have been some 
attempts to use this technology for ALS, there are no current viable implementations that take into account how 
healthcare providers could use them. Our proposed solution is based on a cloud implementation that takes into account 
several components of the monitoring system such as unique speech analytics data model, demographics, experimental 
tasks, longitudinal acquisition, etc. This implementation is not restricted to ALS and could be applied to other diseases. 

System Architecture 

Our solution is built to provide scalability, compliance, and robustness. With the availability of various Internet of 
Things (IoT) devices, current mobile interfaces can be replaced with different consumer facing devices available in 
the market. The solution has been tested on open-source scalable cloud environments like Kubernetes as well as cloud 
specific scalable options like Cloud Foundry. With the availability of HIPAA complaint cloud storage and compute 
resources, the solution can scale with increase in active users, healthcare providers, and healthcare facilities. 

 

 
  

  

 

 

 
 
 

 

Figure 1. System flow 

Conclusion 

We have developed a cloud native platform to analyze and track disease progression of patients with ALS. We plan 
to integrate it with other healthcare applications using HL7® FHIR resources like Risk Assessment. 
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Background  

Precision Public Health (PPH) seeks to harness data from multiple, often heterogenous sources to 

identify populations at risk and customize interventions for them. The time currently used  to 

identify  data sets that contain variables of interest in useable formats could be better used 

analyzing the data. Large public universities have the human and technological resources to 

facilitate interdisciplinary teams in creating data-discovery informatics tools that can shift 

researcher time from data discovery to data analysis. 

 

Objectives  

The University of Florida aims to create a web-based set of data-discovery informatics tools to 

facilitate the search for variables within and access to relevant data sets. The immediate focus is 

local and state health data and health objectives, with a possible long-term goal of extending to 

wider jurisdictions.  

 

Methods  

Two interdisciplinary teams created data-discovery tools to support precision public health 

research. One team is collaborating on a continuously updated web portal linking to providers of 

open data of possible interest to PPH projects, including geographic, demographic, 

environmental, economic, health services and clinical data on local, state and national levels.  

Faculty and Master of Public Health (MPH) interns identify potentially useful data sets of 

interest to PPH research and the variables within. The interns create case studies for their 

capstone research projects. The other team elicits information on faculty and student researchers’ 

needs, creates metadata and applies pre-existing Open Biological and Biomedical Ontologies 

(OBO) classes and properties to describe selected data sets and their variables. The technical 

workflow method uses Resource Descriptor Framework (RDF) and Web Ontology Language 

(OWL) to load triple stores into the application platform.  

  

Results  

The web-based portal http://guides.uflib.ufl.edu/precisionpublichealth links to data providers’ 

landing pages of relevant data sets for PPH researchers. Master of Public Health interns from 

several subdisciplines within public health have developed three case studies using data from this 

portal. Improvements to the portal have reduced average student research time from five months 

to two. A pilot of the ontology-based data catalog  http://dev.gatorcommons.bmi.ufl.edu/ has 

been created.   
 

Conclusion  

Development of data-discovery tools to improve identification of data sets and their variables has 

reduced student researchers’ time burden. More accurate estimates of time savings will need to 

be conducted among students and faculty. Use case studies will inform further augmentation of 

catalog content and improvement in functionality of the tool.  
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Introduction 

Micromedex® is a comprehensive set of pharmacological knowledge bases, clinical decision-support tools, and 

patient-facing resources, which has been available to pharmacists, clinicians, and patients for over 45 years. 

Editorial content is developed in multiple, interconnected workstreams, published in numerous formats, and 

delivered to numerous solutions (e.g., NeoFax, Drugdex, Poisindex, Carenotes). To address challenges involved 

with maintaining diverse content, a modular curation and assembly framework was developed to streamline content 

generation, maintenance, product assembly, and delivery.  

Methods / System Description 

An editorial team of clinical experts (e.g., pharmacists, nurses, medical librarians) 

employs a modular content-management system for the tasks of creating and 

updating content. The central components of the framework are “Authoring Units” 

(AUs), which are built in the eXtensible Markup Language (XML) for its 

flexibility in template development. There are over 20 AU “classes,” XML 

templates that define categories of knowledge and are built on collections of XML 

elements where the editorial information is stored. Some examples of AU classes 

are “drug_information,” “bibliography,” and “citation.” AUs allow the editorial 

work to be performed in a product-agnostic manner, which streamlines content 

development and maintenance. The editorial team utilizes the Micromedex 

Lexicon to search for and/or link AU content for product assembly by lexical 

binding to clinical terms and includes ontologies and term dictionaries that are 

openly available (e.g., ICD-10 CM, ICD-10 PCS, SNOMED-CT, RxNorm, 

LOINC), proprietary (.e.g., CPT, HCPCS), and an internally developed, propriety 

term dictionary – all accessible through a third party product for mapping 

synonyms across groups. The AU editing environment has functionalities for traditional editing, (e.g., Edit, Spell 

Check, and Redlining) and specialized editorial processes such as Lexicon term selection, workflow creation and 

control, and citation management. All AUs, including retired ones, are stored in perpetuity, to retain an accessible 

record of all content ever published. When ready to publish, AUs are extracted and programmatically assembled into 

collections of content according to the business requirements of the deliverable. Presentation rules are applied to the 

documents, resulting in end products in multiple supported output formats (e.g., pdf, rtf, HTML, flat files). Production 

Work Requests (PWR) define client specific requirements (e.g., formatting to a health system’s EHR). PWRs are 

delivered on requested time schedules (e.g., daily, weekly, monthly, quarterly) in a variety of output formats (e.g., 

internet, mobile), and in multiple different clients (via flat files).  

Data/Results 

As of December 2019, Micromedex contains about 2.44 million knowledge items stored as AUs, including 2.38 

million active AUs. There are 4100 routine PWRs set up for 2020, (not including internal or ad hoc requests).   

Conclusion 

Micromedex is a comprehensive pharmacological resource that utilizes a modular editorial system to maintain the 

breadth and depth of content provided for a wide variety of products. The described, robust editorial content curation 

framework has successfully generated and maintained 2.44M AUs to deliver dozens of diverse offerings worldwide.  
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On the Representation of Groups of Patients in LA
1
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1 Introduction

A Logic of Arbitrary and Indefinite Objects (LA) [1] is a logic designed for knowledge representation and reasoning
(KRR) with the application of natural language understanding in mind. Instead of the universal and existential quan-
tifiers of standard first order logic (LS), it represents arbitrary and indefinite entities which may be used as terms in
expressions. LA has been implemented in the CSNePS KRR system, which is currently being used as part of a system
to automatically perform natural language understanding of clinical practice guidelines called Clinical Tractor [2].

2 Representation

In representing groups of patients (or, really, any persons) it is important to be able to talk about properties the members
of the group share such that an individual asserted to be a member of the group inherits the properties defined on the
group for its members. In our representation we define a class, Group, which all groups are instances of. We define
the group-specific relation (MemberOf e g) which means that the entity e is a member of the group g. Proceeding
by example, the below is meant to represent the phrase “patients with diabetes.” It establishes g1 as the name of an
instance of Group, where the arbitrary member of that group is an instance of Person, has the role of Patient,
and has a finding of some particular instance of Diabetes unique to that person.
(Isa g1 Group)
(Isa (every x (MemberOf x g1)) Person)
(hasRole (every x (MemberOf x g1)) Patient)
(hasFinding (every x (MemberOf x g1)) (some y (x) (Isa y Diabetes)))
With these, any entity (ground, arbitrary, or indefinite) asserted to be a MemberOf the group g1 will inherit each
property. Compare this to a representation of the same knowledge in LS .

Group(g1)
∀x (MemberOf(x, g1) ⇒ Person(x))
∀x (MemberOf(x, g1) ⇒ HasRole(x, Patient))
∀x (MemberOf(x, g1) ⇒ ∃y(Diabetes(y) ∧HasFinding(x, y))

Notice that LA has a uniform syntax for the last two expressions, while LS does not; LA uses uniform syntax for
arbitrary, indefinite, and ground terms. For example, the below expresses that: the arbitrary member of g1 has the role
of Patient; some member of g1 has the role of Patient; Mary has the role of Patient.
(hasRole (every x (MemberOf x g1)) Patient)
(hasRole (some x (MemberOf x g1)) Patient)
(hasRole Mary Patient)
In LS the ground term would remain similar but arbitrary terms become universals in an implication as above and
indefinite terms become an existentials in a conjunction. This is important not only from a representational point
of view, but also for inference. With LA it’s easy to ask “who has the role of Patient?” via something like
(hasRole ?x Patient) and all arbitrary, indefinite, and ground terms matching ?x could be found. LA holds
many advantages as a logic for the representation of knowledge from natural language text, not the least of which is
uniformity of expression, but also includes support for subsumption inference and representational structure sharing.
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Introduction 
Patients generally provide a reason for visit when booking a primary care appointment.  This reason is useful for 
provisioning care, monitoring utilization, forecasting future patient and clinic needs, and assessing risk.  There are a 
finite set of reasons patients seek primary care, and many are often readily apparent (e.g., follow-up from a recent 
hospitalization).  Tethered personal health records increasingly allow patients to book their own appointments 
online, creating opportunities for improved user experience and enhanced data collection.  This preliminary work 
seeks to understand the feasibility of predicting a patient's reason for visit prior to appointment booking, in order to 
help improve the user experience of booking appointments via a personal health record. 

Methods 
Data Collection and Processing.  Data was collected from the 2014 and 2015 National Ambulatory Medical Care 
Survey (NAMCS), including discrete reason for visit, prevalent diagnoses, continued (i.e., not new) medications, 
patient demographics (age, sex, pregnancy status), and visit characteristics (time of year, previous visits with same 
provider).  The binarized data was represented as an undirected graph, with the adjacency matrix formed by the 
number of shared encounters between two concepts. 

PageRank. The PageRank algorithm[1] works by assigning each node in a graph some initial value (R0).  These 
values are then distributed throughout the network via an adjacency matrix (A).  This is repeated recursively until 
convergence.  While PageRank is static and deterministic for a given graph, this process can be further 
personalized[2].  A personalization vector, v, can be added to the equation with some weight (alpha). 

In this implementation, all non-“reason for visit” nodes are included in the personalization vector, while only the 
“reason for visit” nodes in R are examined post-convergence. 

Evaluation. The adjacency matrix was generated using 2014 data, and evaluation was carried out on 2015 data.  
Hyperparameter tuning was done via grid search.  Accuracy was calculated as the primary evaluation metric. 

Results 
In total, there were 16,846 clinical encounters included in the analysis, with 2,667 binarized variables.  The average 
unscaled edge weight was 9.8 encounters, and the average degree was 143 (range: 8 - 2666).  Two nodes were 
connected to more than 90% of the graph: patient having “been seen before” (degree: 2613), and patient “not having 
any chronic conditions” (degree: 2666).  The personalized PageRank algorithm correctly identified reason for visit 
for 31% of evaluation cases. 

Discussion 
These results suggest that framing reason for visit prediction as a graph problem, and using personalized PageRank 
as a solution, may be an effective approach.  While the results leave room for improvement, it performs well given 
the large search space and sparse data set.  This method could be improved by pruning the graph of highly connected 
nodes, or adding additional data (e.g., additional years) or data types (e.g., labs).  Improvements in evaluation could 
also be informative (e.g., probability threshold for inclusion, or top N predicted reasons). 

Further study is needed to understand patient acceptance of discrete reasons for visit, and how suggesting a reason 
for visit might influence or change patient-reported data.  However, this approach shows promise as a method of 
improving usability and data collection during appointment booking in a tethered personal health record.  
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Introduction 
Machine learning models are being increasingly developed for application to clinical decision support systems (ML-
CDSS) designed to assist clinicians in making data-informed decisions about patient care. However, barriers persist 
to the adoption and regular use of these systems in the hospital setting, including the fact that many models lack 
transparency and explainability1. Addressing this requires collaboration between experts in informatics, computer 
science, and the clinical domain the system aims to target. However, it is unclear how commonly clinical domain 
experts are involved in ML-CDSS development, evaluation, and implementation.  
Methods 
PubMed, CINAHL, IEEE Xplore and proceedings from Machine Learning for Health Care and CHI: Conference on 
Human Factors in Computing Systems were searched for articles published between 2015 and 2019. A priori inclusion 
criteria were empirical studies describing development, evaluation, or implementation of ML-CDSS for use by nurses, 
physicians, or advanced practice providers in the acute care, intensive care, or emergency department settings. Articles 
were excluded if they were not available in English, were systematic reviews, did not use EHR data, described decision 
support for patients, computer-assisted diagnosis, or decision support in the outpatient setting. Machine learning was 
defined as systems requiring more machine involvement than logistic regression. Articles and data extraction were 
organized according to Stead’s five stages of system design: a) specification, b) component development, c) 
combination of components into system, d) integration of system into environment, and e) routine use2. 
Results  
Of the 1142 articles reviewed, 80 were included for 
synthesis. Clinical expert involvement was most 
prevalent at the beginning and late stages of system 
design, though these stages were least represented. 95% 
of articles described the component development stage, 
particularly of the machine learning model component, 
28% of which described involving clinical experts, 
either for verifying clinical correctness/relevance, 
feature selection, data pre-processing, or serving as a 
gold standard. 72% described no clinician involvement 
in this stage. No studies described systems in routine 
use (Table 1). 
Conclusion 
Our results indicate that 1) most ML-CDSS for the 
hospital setting has not moved beyond the development 
stage, and 2) clinician involvement in development is 
not common practice. Involving clinical experts in 
model development has been suggested as a method for 
mitigating adoption barriers, which may be of particular 
importance in the hospital where time is constrained 
and acuity is high. Further research is needed to 
understand the impact of involving clinical experts in 
ML-CDSS development for overcoming adoption barriers to support clinicians in providing the best patient care. 
Acknowledgements: This work is supported by the NINR Reducing Health Disparities through Informatics training award T32NR007969. 
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Stage of System Design, No. 
(%) 

Clinician 
Involvement, No. (% 

of studies in stage) 
Specification, 3 (4%)  Identified system needs 

and design, 3 (100%) 
Component development, 76 
(95%)  

Clinical 
relevance/correctness, 
10 (13%);  Feature 
selection, 8 (11%); Data 
pre-processing, 4 (5%); 
Gold standard decision 
maker, 3 (4%); Total, 
21 (28%) 

Combination of components 
into system, 5 (6%)  

None, 0 (0%) 

Integration of system into 
environment, 5 (6%)  

Evaluation, 2 (40%) 

Routine use, 0 (0%) None, 0 (0%) 
Note: some studies described more than one stage or method of involvement 

Table 1. Results 
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Introduction 

The idea that actions of people, organizations or governments may lead unintended consequences is not new. 

Specifically, many unintended consequences of health information technology (HIT) have been identified and 

classified1. However, why and how these unintended consequences happen is often less clear. In his classic 1936 

article2, sociologist Robert K. Merton suggested the following five causes of unintended consequences: 1) Inadequate 

knowledge; 2) Error; 3) Activities meant to achieve the short-term intended consequences while ignoring potential 

long-term unintended consequences; 4) Basic values that lead to outcomes contradicting the same values; and 5) The 

prediction itself lead to actions that affect the predicted outcome.  

In health informatics, socio-technical frameworks suggest that multiple interactions exist between new HIT, actual 

use of HIT, technical and physical infrastructure, and the social system3. These interactions may lead to unintended 

consequences. For example, new or existing HIT may affect the social system resulting in new work or workflow 

changes, or the physical infrastructure affect HIT use —an example of which is the impact of physician office layouts 

on patient-physician communication in computerized settings. In this poster, we will present a different, but 

complementary, theoretical proposition for how some unintended consequences occur, based on concepts from 

Cultural Historical Activity Theory (CHAT)4. 

Basic Concepts of Cultural Historical Activity Theory 

In CHAT, activity is viewed as a process, which exists within a social, cultural, and historical context and the unit of 

analysis is an Activity System, which consists of the following six elements: 1) Subject- the person(s) performing the 

activity; 2) Object, which encompasses the three facets of something that is acted upon, an objectified motive, and 

desired outcome; 3) Tools or mediating artifacts utilized in the activity, including both material and conceptual tools 

(e.g., skills, competencies, methods and procedures); 4) Rules that govern the activity, including how subjects interact 

with the object of activity, the tools they use, and the ways in which they use them; 5) Community- other actors 

involved in the activity; and 6) Division of Labor- the division of activities amongst those who participate in them. 

Rules, Tools, and Unintended Consequences 

Rules can be either explicit (e.g. formal requirements, legislation) or implicit—and often high level (e.g., norms, world 

views, value systems, and conventions). From this perspective, we propose that, as part of implementation or 

knowledge translation efforts, this type of macro-level rules are often translated into specific tools employed at the 

activity level. For example, a national or organizational policy requiring quality improvement (QI) may lead to 

development of structured data entry templates to collect data required for monitoring, research, and QI initiatives. 

However, when these tools are being deployed at a micro-level, the activity may change so that using the tool becomes 

the object of activity, and this change may result in unintended consequences. In this poster, we will discuss this 

theoretical proposition in detail and illustrate this idea using examples from the literature and our own research. 
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Introduction 

Infants in the neonatal intensive care unit (NICU) frequently need peripherally inserted central catheters (PICC) to 

provide medications, parenteral nutrition, and fluids. An upper extremity PICC tip is optimally positioned “centrally” 

in the superior vena cava (SVC) or at the SVC-right atrial (RA) junction. Because a PICC tip can move from its 

original position, especially in neonates, and because malpositioned PICCs can result in vascular or cardiac injury, 

extravasation, and even death, PICC tip position must be confirmed frequently using chest radiographs. Unfortunately, 

the PICC tip position may not be easily discernible amidst other information in the radiology report, or results may 

not be acknowledged or acted upon in a timely fashion in the setting of a busy NICU. Automated detection of PICC 

tip position may help rapidly alert bedside clinicians to a non-central PICC tip position.  This research seeks to use 

supervised machine learning to train and test an algorithm based primarily on text analysis of radiograph reports from 

infants with an upper extremity PICC. Our hypothesis is that we will be able to automatically extract the radiologist-

specified location of the PICC tip from neonatal chest radiograph reports with at least 98% accuracy. 

 

Methods 

In total, 17,596 radiograph reports met inclusion criteria. Based on the radiologist’s textual report, two individuals 

manually classified the PICC tip position as one of twelve anatomical locations: Cephalic, Axillary, Subclavian, Bra-

chiocephalic, Subclavian/Brachiocephalic, Brachiocephalic/SVC, SVC, SVC/RA, RA, Neck, Chest, and Other. We 

defined Boolean appropriate position as a tip in the SVC or SVC/RA. The interrater reliability was high, with a Co-

hen’s Kappa score of 0.98.  The primary points of disagreement between the two individuals were due to reports that 

were unclearly worded, or the exact location was unable to be determined.  To help limit bias due to disproportionate 

category location numbers, we performed a 70/30 split of data in each of the twelve categories. We converted raw text 

into bag-of-words and benchmarked several machine learning algorithms.  For our analysis, we used the scikit-learn 

library in python. 

 

Results 

Resulting algorithms yielded accuracies as high as 98% in identifying PICC tips in central vs. non-central position 

(Boolean Accuracy) and accuracies as high as 96% when attempting to categorize the individual anatomical location 

(12-category Accuracy). 

 

Table 1. Accuracies of various machine learning models in categorizing radiology reports 

 Boolean Accuracy 12-Category Accuracy 

Logistic Regression 97% 96% 

Linear Support Vector Classifier 98% 96% 

Random Forest 97% 95% 

Naïve Bayes 94% 84% 

Neural Network Classifier 98% 96% 

 

Conclusion 

Our study shows that machine learning models can automatically extract the anatomical location of PICC tips from 

radiology reports. This approach shows promise in that it could be used to extract other types of data from radiology 

reports. Our next research task is to create an image recognition algorithm that will extract the PICC tip location based 

on the raw radiograph, and we will use our current algorithm to label additional training images for this supervised 

learning task. We also plan to implement this machine learning algorithm in the neonatal intensive care unit as a 

clinical decision support system in order to keep track of all central and non-central PICCs in the unit.
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Problem addressed 

When patients misunderstand medication instructions, they have lower medication adherence and are prone to 

medication self-administration errors.(1) Unfortunately, patients frequently misunderstand medication instructions. One 

study found that instructions to take a medication “twice daily” was misunderstood about 40% of the time by 

outpatients, and 93% of patients with low health literacy incorrectly interpreted at least one medication label 

instruction.(2) This puts our most vulnerable patient populations at risk for medical errors that could have serious health 

consequences. Fortunately, different ways of phrasing medication instructions (which we term “formats”) can improve 

comprehension radically. For example, simply stating that one pill should be taken in the morning and another in the 

evening doubled the rate of comprehension.(2) We are conducting a systematic review on numerical formats used in 

medication instructions. Working towards a standardized ontology, we have created a novel conceptual model with 

which to parse medication instructions into relevant components and formats.  

Methods 
This study is a sub-project of a larger review on quantitative health information formats involved in health 

communication with adults. A comprehensive search strategy initially identified 36,873 references for screening in 

Covidence. Of those, 10,740 duplicates were removed and 24,690 studies were found irrelevant. A total of 388 relevant 

studies were identified, 22 of which focused on the numerical components of medication instructions to improve 

communication. Four reviewers have synthesized the effectiveness of various numerical formats. Our research team 

is following Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines.(3) 
Results 
Our review process has identified four main components of medication instructions: dose/quantity, form/object, 

route/action, and frequency/time. There are also 3 primary modes of communication (text, numbers, and visuals). 

Visuals include pictorial representations of objects (such as pills), actions (such as sleeping), time, and other abstract 

and concrete concepts. In our systematic review, we are classifying information interventions according to these 

concepts with the goal of providing clear evidence-based guidance to those who utilize numeric formats to 

communicate about medication instructions information. 

Conclusions 

Our systematic review of numerical formats used in medication instructions will identify best practices in instruction 

communication with adult participants, particularly for those with low health literacy and numeracy. This information 

can be interpreted in the context of the novel conceptual models we have created in order to work towards a 

standardized ontology for the discussion of numerical formats in medication instructions. 
Acknowledgements: This research was supported by the National Library of Medicine, R01 LM012964 (PI: Ancker) 
 

References 

1. Institute of Medicine Committee on Quality of Health Care in A. In: Kohn LT, Corrigan JM, Donaldson MS, editors. To Err is 

Human: Building a Safer Health System. Washington (DC): National Academies Press (US) 

2. Davis TC, Federman AD, Bass PF, 3rd, Jackson RH, Middlebrooks M, Parker RM, et al. Improving patient understanding of 

prescription drug label instructions. J Gen Intern Med. 2009;24(1):57-62. 

3. Moher D, Liberati A, Tetzlaff J, Altman DG. Preferred reporting items for systematic reviews and meta-analyses: the PRISMA 

statement. Ann Intern Med. 2009;151(4):264-9, w64. 

 

1914



  

Foundations for Meaningful Consent in Canada’s Digital Health Ecosystem 

Nelson Shen, MHA PhD1,2, Mikayla Munnery, BCom1,2, Sarah Wickham3, Gillian 
Strudwick, RN PhD1,2, Abigail Carter-Langford, LLM, CIPP/C3 

1Centre for Addiction and Mental Health, Toronto, Ontario, Canada; 2University of 
Toronto, Toronto, Ontario, Canada; 3Canada Health Infoway, Toronto, Ontario, Canada;

Introduction 

Patients are increasingly gaining online access to their health data and patient self-management technologies (or digital 
health services) from various sources. Canadians expect there will be a centralized online platform to access all their 
data and services in the future (1). This study explored the user requirements for a consent management service that 
will support centralized access in a way that meets the privacy expectations and data sharing preferences of its users.  

Methods 

A national online survey was conducted to understand Canadians’ preferences on data control and consent through a 
series of vignettes. The survey was administered in October 2019 by a market research company to national patient 
pool. A proportional quota sampling strategy focused on recruiting adults and seniors with frequent interactions with 
the healthcare system (i.e., potential digital health service users). Descriptive statistics were calculated. McNemar’s 
test and other non-parametric analyses assessed group differences.  

Results 

The online survey was completed by 1017 Canadians. Overall, 70.4% of participants (herein referred to as 
‘users’(n=714)) were likely to register for a centralized platform to access their digital health data and services; 85.2% 
of users were likely to register based on a limited description of the platform. The ability to control who may access 
their data was very important to 75.8% of users. 53.8% of users believed that “all or none” control of each digital 
health data source was adequate for their needs. A majority of users preferred either a blanket opt-out (30.7%) or opt-
in (27.4%) consent model as a default for sharing data between services. Some users preferred a hybrid model where 
data sharing is limited either by digital health service (17.4%) or data source (8.9%). A majority of users prefer new 
data sources to be accessible by healthcare providers (76.3%) and delegated parties (54.3%) by default. From a list of 
9 common information elements found in consent forms, an average of 5 elements was required for users to feel 
informed in consenting to data access by partners, family members, and friends (scenario 1) and commercial digital 
health service providers (scenario 2). Information needs between scenarios were significantly different (p<0.05). More 
users required information about accessible data types, data monitoring, and consent directives in scenario 1, whereas 
more users required information on potential risks and how to file privacy complaints in scenario 2. 

Conclusions 

A majority of Canadians want online access to their health data and digital health services through a centralized 
platform. Almost all users wanted to have the ability to control access; however, there was no clear preference on 
consent model. Echoing past studies, these findings suggest broad “all-or-none” approach may be accepted (2) as most 
patients may not impose granular control if given the option (3), especially with regards to healthcare provider access. 
Regardless of consent model, transparency and clear messaging on data governance may be more important in 
supporting patient data sharing decision-making (4). This study found that informational needs varied with use case, 
highlighting the importance of prioritizing and tailoring information to enable meaningful patient informed consent.  
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Introduction 

Colectomy is a surgical procedure where all or a portion of the colon is removed to treat diseases of the colon such as colon 

cancer, ulcerative colitis, etc. These is a common and generally safe procedure; however, around 7-30% of patients suffer 

one or more complications after surgery (post-colectomy), including vascular thromboembolism (VTE), bleeding, and 
infection, among others [1]. Complications after surgery are a significant source of disruption for patients and cost to the 

healthcare system[2]. However, the majority of studies investigating this use pre-determined categorizations and are not able 

to consider the complex interaction of factors.  In this study, we use a novel exploratory data mining method to determine 
risk factors based on complication subgroups to address these limitations [3]. Identification of these subgroup patterns may 

help to suggest strategies to reduce complications in an explainable manner.  

Methods 

Post-colectomy patients experiencing complications were retrieved from Cerner’s Health Facts dataset. ICD-10 procedure 

codes were used to identify patients who underwent colectomy. ICD-10 diagnosis codes were used to identify complications 

post-colectomy. Using patients’ encounter id as a key to connect mapped procedure id, diagnosis id, hospital id, patient id, 

and medication id, we categorized 17 attributes: 5 complications, 5 hospital characteristics (census region, division, 
urban/rural status, bed size and teaching facility), 4 patients demographics (age, gender, race, marital status), colectomy 

types/location, acute status and bowel preparation. Exploratory subgroup mining was used to discover subgroups with a 

support threshold equal to 0.2 and tracking percentage equal to 15% based on a heuristic search. The 𝐽 value is used to 

evaluate and rank the significant difference between subgroups and is measured in descending order based on the growth 

rate. Fisher's exact test used to calculate the statistics P value for subgroups. Complications were used as population features, 

and the remaining 12 attributes were used as measurement variables.   
 

Results 

We retrieved 4,351 patients that underwent colectomy from 2014-18 in the Health Facts dataset. A total of 109 contrast 
subgroups were identified. After using the J value and P values to  evaluate and rank the difference between subgroups, we 

found that subgroups with both infection and colostomy (n=63) complications were more likely to be associated with patients 

aged 50-69 years old (yrs) who had open sigmoid colectomy single (P-value=0.0081) and married patients in 50-69 yrs who 
had open colectomy on the descending or sigmoid colon in hospitals located in the west region and urban areas (P-

value=0.0218). Moreover, we also observed that patients in the age 30-50 yrs, with married status had a higher prevalence 

of infection, colostomy, and unspecific postsurgical complications (n=28) in hospitals with bed size 100-199, and non-

teaching hospitals (P-value=0.0278) in the south region in urban areas. Additionally, our results demonstrate that patients 
undergoing left-sided colectomy (P-value=0.0030) have higher risks in multiple complications than a single complication.  

 

Conclusion. 

Developing ways to intervene early, preventing complications has a significant positive impact on patients and the healthcare 

system. In this study, we found that patients in the age group 30-69 that underwent open colectomy on descending or sigmoid 

colon in south/west regions in a medium size hospital demonstrated a higher risk for multiple postsurgical complications, a 
pattern not previously described. This suggests that providers in these hospital settings may need to alter pre/post-op care to 

reduce complications. Our novel subgroup exploratory mining approach, therefore, shows promise in the identification of 

colectomy complication with clinical impact. Future work will be focused on determining specific patient characteristics 

within these hospital characteristics to improve early identification and intervention. 
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Abstract  
Decision making in any medical procedure is largely affected by the emotions and values of healthcare 
professionals. We used a text mining approach to analyze the emotions and values of nurses’ decision making 
regarding drug treatment to determine the association between emotions, values, and medication errors. Our 
approach may reveal how emotions and values affect medication errors and lead to strategies that may improve 
patient safety. 
Introduction 
The World Health Organization has called for action to reduce harm to patients that occurs as a result of unsafe 
medication practices and medication errors1, and an increasing number of studies have examined human factors 
associated with medication errors. However, these studies focused on the behavior and experience of healthcare 
professionals. Other studies revealed that emotions and values affect decision making2; however, only a few studies 
have focused on the emotions and values of healthcare professionals and how these factors affect decision making 
regarding drug treatment, or used a text mining approach to analyze medical errors. In the present study, we focused 
on the emotions and values of nurses’ decision making in drug treatment and used a text mining approach to 
determine whether these emotions and values had an impact on medication errors.  
Methods and results 
 A total of 1,193 cases of medical error reports were identified from the Japanese national medical error database 
using “medication” and “nurses” as search terms. Text mining was used to analyze emotions and values extracted 
from the comments sections in the report for each medical error case. The association between medication errors and 
emotions and values was subsequently examined. This study used the Schwartz value theory and emotion3. All 
analyses were performed using SPSS Text Analytics for Surveys 4.0 (including Nazuki Emotion Analyzer Library) 
and SPSS 24.0.  
 
 
 
 
 
 
 
 
 
 
Figure 1. Emotions associated with medication errors    Figure 2. Association between medication errors and values                             

Overdosing was the most common error (27.4%), followed by wrong dose (17.1%), and wrong patient (15.5%) 
(p<0.001). Emotions (values) associated with medication errors included love and trust (self-transcendence); anger, 
contempt, and pride (self-enhancement); sadness (non-openness to change); relaxation (conservation); and fear and 
nervousness (non-conservation) (including some overlaps). Contempt was the most common emotion (43.7%), 
followed by pride (18.6%) and fear (13.3%) (p<0.001). Figure 1 shows the type of emotions associated with each 
error. A correspondence analysis was performed to determine the association between the medication errors and 
nurses' values (Figure 2). 
Conclusion 
We focused on nurses' emotions and values in decision making prior to administering medications to patients and 
used text mining to analyze the role of emotions and values in making medication errors. The proposed method to 
determine the association between medication errors and emotions and values may help contribute to the 
development of safety measures and improve patient safety. 
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Introduction 

A noticeable heterogeneity of histopathology images inter-dataset occurs during the sample preparation step, such as 

tissue staining and slide scanning. Especially in rare cancers such as ovarian cancer, the heterogeneity of image 

samples is greater which significantly reduces the external performance of the deep learning model. Recently, 

CycleGAN1 has shown remarkable output in the image translation of visual appearance between two different image 

sets without loss of structural information of original images. The performance of the deep learning-based strategy 

was revealed to superior to the other previous slide-normalization methods, such as color matching-based methods, 

stain-separation methods.2 

Method and Results 

Whole slide images were prepared from two institutions with different slide scanners. All histologic images and the 

pathologic diagnosis were confirmed by an experienced gynecologic pathologist. For further processing, whole-slide 

images were tiled into small regions of interest with a uniform matrix size of 256 × 256 pixels. A public deep learning 

classifier, Inception V3, was fine-tuned leveraging public ovarian cancer image set (4,416 non-cancer images and 

4,640 cancer images)3 (Table 1a). External images of ovarian cancer from local hospital were used to confirm that the 

performance of classifier is significantly decreased under disparate data (620 non-cancer images and 620 cancer 

images) (Table 1b). The visual appearance of local images was translated as like the public images, and the effect of 

CycleGAN on performance improvement on the external dataset was evaluated. The degraded performance of the 

classifier on original images of local institution was recovered after their appearance was translated (Table 1c).  

Table 1. The performance of classifier in AUROC and PR score. 

 AUROC [95% CI] PR [95% CI] 

a) InceptionV3 on public images  0.998 [0.995-0.999] 0.998 [0.997-0.999] 

b) InceptionV3 on original local images 0.780 [0.754-0.806] 0.744 [0.709-0.778] 

c) InceptionV3 on translated local images 0.919 [0.903-0.934] 0.896 [0.869-0.922] 
AUROC, area under receiver operating characteristic; CI, confidence interval; PR, precision and recall 

Conclusion 

The fact that the public dataset which had been used to refine the InceptionV3 model was used to train the CycleGAN 

translation is a key strategy for generalizing the performance of the classifier. This study shows a successful 

application of image translation technique to overcome performance degradation in the external validation of deep 

learning model on the histopathology images. The results in this study indicated that public renowned deep learning 

models, such as Inception V3, can be applied to a small data set while maintaining performance. 
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Introduction 

In Missouri, a predominantly rural state with 37 percent of population living in rural areas1, patients face very unique 

challenges, with one of the most significant barriers being lack of timely and quality access to healthcare services. In 

addition to misdistribution of specialists, another concern is the lack of public transportation systems in rural 

Missouri2. The University of Missouri’s (MU’s) Telehealth Network’s Show-Me ECHO (Extension for Community 

Healthcare Outcomes) Project uses video-conferencing technologies between an interdisciplinary team of experts and 

participating providers to provide tele-mentoring and case-based education to primary care providers across Missouri 
in order to increase their capacity to diagnose and treat patients with complex and chronic conditions. The aim of this 

project was to estimate the time saved by patients for receiving care in their communities due to providers with more 

knowledge in chronic conditions, instead of traveling to see specialists at distant locations using geospatial processes.  

Methods 
We selected organizations and providers based on a set of criteria. 12 ECHOs surrounding chronic conditions were 

chosen: Asthma, Asthma Care & Education, Asthma Care Accelerator, Autism, Child Psychology, Dermatology, 

Hepatitis C, HOPE – High Risk OB, Hypertension, Kidney Disease, Opioid Use Disorder, and SEMO Diabetes. 

Inclusion criteria consisted of practicing physicians, nurses, and PAs who participated in the 12 ECHOs; all 

participants outside of these ECHOs were excluded. The dataset included the provider’s specialty, the ECHOs they 

participated in, and their organization. We then used publicly available geospatial data and locations of organizations. 

Esri’s ArcGIS StreetMap3 dataset was used to create a road network with time contexts in Missouri focusing on 

Primary Roads. All health center addresses were then geocoded; we started with 507 unique addresses, and were able 

to geocode 414 (81.66%). Attendees/organizations who had missing locations were excluded. Using the Network 

analyst tool in ArcGIS, specifically the Closest Facility feature, we mapped out the health centers as incidents and set 

the University of Missouri Health Care (UMHC), 1 Hospital Drive, Columbia, MO 65201 as the only facility for the 
rural Missouri. For the purpose of this study, we used the academic medical center because of its central location in 

the state, as well as the location of the ECHO super hub. This gave us incremental service areas in terms of time 

needed to travel and routes from UMHC to all health centers. We recognize that there are other academic medical 

centers across the state that may be closer to certain locations, but UMHC is the most centralized for the entire state.  

Results and Conclusion 

Figure 1 shows the routes from UMHC 

to each facility through the purple lines 

for all health centers. The ECHO hub 

(UMHC), indicated by the highlighted 

purple circle, is the central facility and 

the squares are the various locations of 

registered providers in the program. The 

right side of the graphics is overlaid with 

the estimated time needed, broken into 

seven classifications (< 30 minutes, 1, 
1.5, 2, 3, 4, and 5 hours). Geocoding 

addresses provides a larger context for each location and immediately shows the time range needed to travel. On 

average, it takes 113 minutes to travel to UMHC. The maximum time required is 276.31 minutes. Applying a temporal 

context to analyze accessibility for healthcare shows which regions are being served and which regions need more 

education surrounding chronic conditions. These methods can be applied to assess the catchability of this program for 

underserved populations. This eliminates the need for patients to travel up to five hours, in many cases one way, which 

improve residents’ access to quality healthcare and health education, and life-saving early diagnoses and treatment.  
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Introduction 

Health information systems (HIS) are a vital part of a national health system because of its ability to obtain 
data, communicate it, analyze it, and use such information to manage health actions and interventions. In 2017, 
Perú suffered the worst dengue epidemic in its history with more than 73,000 cases and at least 87 deaths. 
There was a great need to have information that contributes to understanding health needs. Because Perú, like 
many countries in the region, does not have a single or integrated HIS, it is not known how the different sub-
systems that handle dengue cases worked and coordinated to address the epidemic. 

Objective 

To describe how the different Dengue Health Information Systems that record patient data in Perú worked 
between them in terms of coordination and interoperability for daily decision making during the epidemic 
produced in 2017 

Methods 

Exploratory and descriptive case study. In-depth interviews were conducted in government institutions at 
central and regional levels. Because there was no previous information, in the first stage we identified which 
were the HIS that worked with dengue cases. The framework of the Health Metric Network (RMS-WHO) were 
used to describe their characteristics, flow of Information and strengths/weaknesses. In the second stage, we 
analyze the functioning of dengue HIS during the emergency. For this, the PRISM Methodology (USAID-WHO) 
was used to evaluate its performance determinants. 

Results 

33 people from 10 different government areas were interviewed. We identified 5 different HIS that worked 
with data from people with dengue. Its objectives, characteristics and information flows are independent and 
no interoperation was found between them. For decision making, each area used the system that was available 
and, due to the need for daily information, the Ministry of Health ordered the creation of an additional new 
system to help make decisions. The operation of the systems was based on technical, organizational, external 
and behavioral determinants. 

Conclusion 

At the national level, dengue case information was fragmented into 6 different health information systems (HIS, 
NOTI, NETLAB, WINEPI, Parallel reports and Dengue Firefighter). A scenario prevails where there is a lack of 
integration and more than half of the systems have little development and do not meet the standards. Most 
participants pointed out the lack of interoperability between the systems and the lack of coordination between 
the institutions as the main determinants of functioning. 
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Introduction 

Children in foster care experience increased risk for adverse health and educational outcomes.1,2 However, it is difficult 
for caseworkers to maintain secure, private, and accurate records due to high child mobility and high caseworker 
turnover.3 The Health and Education Passport (HEP) is a paper-based child welfare case management tool utilized 
across the country to document the educational history and health of children in foster care, established to increase 
continuity of care. The HEP includes the child's educational information, immunizations, hospitalizations, mental 
health, medications, dental, and routine health visits. This information if often gathered from multiple state and local 
social, education and health providers and agencies, which further complicates data collection efforts. The purpose of 
this study is to develop a software-based health and educational platform that integrates and enables secure and private 
sharing of health, social, and educational records of children in foster care for foster parents in one Southeastern state.  

Research Approach 

An action-design research approach was employed to iteratively design, develop and implement a web-based mobile 
application for foster parents. Data was collected from surveys with former foster youth (n=93), phone interviews with 
foster parents (n=20), two focus groups with foster parents (n=14), interviews and focus groups with foster care 
supervisors (n=6), four focus groups with foster care case managers (n=16), five focus groups with district-level 
education stakeholders (n=9), and five focus groups with child placing agencies (n=30). This data collection was used 
to elicit requirements and contributed to the design of a consumer-centered application. 

Results 

To date, the project team developed a functional application and conducted expert testing. The foster parent app 
includes the ability to search for foster children under one’s care, access child health and education information; family 
and community connections; child visitation status; events, awards, special interests, and achievements for that child; 
and receive notifications and communications from the community research partner. The app prototype was presented 
to foster parent groups across the state. Preliminary findings include: The system enables improved availability of 
child information, saving caseworkers the effort to collect it manually from various sources; communications between 
social services and child care providers; care coordination; resource utilization; and improvements in care decision 
making, preventive health, and care processes. 

Conclusion 

The potential benefits of a health and education foster parent information exchange for children in foster care are far 
reaching, especially given their complex coordination needs and frequent changes in placement. The app designed in 
this phase of work represents one important step towards a broader health and education information exchange. Future 
work includes a live field test, statewide implementation, and use by thousands of foster parents.  
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Introduction 

Interactive smartphone apps can offer enhanced peer-support options for people living with HIV (PLWH). The user 

generated content (UGC) that emerges on these apps can hold valuable insights into the needs of PLWH. But UGC 

can be unwieldy to analyze. Traditional qualitative methods can detect nuanced discourses and latent themes, but are 

burdensome to scale. Natural language processing methods are easily scalable, but often produce only coarse 

descriptive outputs. To address these limitations, we demonstrate a novel triangulated method, able to rapidly 

condense rich text data for interpretive thematic analysis.  

Method 

UGC was extracted from Thrive with Me, a peer-support webapp for PLWH.1 Initially, the corpus of text UGC 

(4,912 posts, 147,649 words) from 5 months of user (n = 112, Mage = 41) interactions, was analyzed in Python: 

Topic modelling via unsupervised latent Dirichlet allocation detected co-occurring clusters of terms, which signify 

recurrent subjects of discussion.2 Sentiment analysis assigned positive or negative polarity scores to terms and 

punctuation, using a prevalidated human-rated lexicon.3 UGC within the upper deciles of affinity to each topic, with 

affinity defined by the density of signifier terms clustered per post, was then extracted. Similarly, UGC within the 

upper deciles of positive and negative sentiment was extracted. This high-affinity, high-polarity, condensed UGC 

(1,332 posts, 52,561 words), was then examined via interpretive thematic analysis, iteratively, until coding 

unanimity was achieved. Finally, an independent rater, blind to our results, verified that UGC outside these upper 

deciles consisted overwhelmingly of redundant but sparser examples of our machine-detected topics and human-

interpreted latent themes.  

Results 

The topic model that demonstrated optimal coherence detected K = 3 topics: 1. Disease coping, capturing discussion 

of treatment regimens and adherence; 2. Social adversities, covering support-network and partnering challenges; 

and, 3. Salutations and check-ins, grouping the greetings and brief personal updates common to online forums. 

Latent themes identified across these topics concerned disclosing serostatus to sexual partners, isolation, and 

substance misuse and recovery. Positive UGC was often characterized by gratitude. Negative UGC, in contrast, 

concerned reactions to linked news media and the American political climate.  

Discussion 

The richly realized adoption of Thrive with Me’s peer-to-peer interactivity illustrates mHealth’s suitability toward 

meeting the needs of HIV-seropositive men, while suggesting opportunities for the continuing cultural attunement of 

next-generation mHealth platforms. Potential applications include topic-specific informational modules, 

microtargeted in response to UGC-derived insights, and automated sentiment analysis, enabling early warnings of 

potentially adverse events related to platform interactivity. Next steps toward enhancing the real-world utility of 

these methods include the adoption of human-centered design principles, focused on articulating the latent needs of 

users, and matching those needs with new features and content through iterative prototyping. 
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Background: Medicare Part D pharmacy coverage may increase Veterans’ options for obtaining medications.  The 

Blue Button feature of VA’s personal health record portal, My HealtheVet (MHV), allows Veterans to view and 

download their VA and self-entered non-VA medication history. If Veterans are treated by multiple VA and non-VA 

prescribers with limited information sharing, VA’s ability to prevent possible duplication of therapy and untoward 

consequences of polypharmacy might be inhibited. Our objective was to examine the association between use of the 

MHV Blue Button feature and overlapping acquisition of similar medications from VA and those paid for by 

Medicare Part D. 

 

Methods: The study included a national sample of Veterans who were new MHV users (7,973) and used the MHV 

Blue Button medication feature (7,973) and a random sample of Veterans who were not registered to use MHV 

(65,985) during VA Fiscal Year 2013 (October 1, 2012 – September 30, 2013). Veterans who were deceased, aged 

younger than 18 years or older than 104 years, or missing data on variables included in our analyses were excluded 

from the sample. We used multiple logistic regression analysis that adjusted for Veteran characteristics (e.g., 

demographics, region of residence, urban residence, VA enrollment priority group) to examine  the association of 

Blue Button medication views with obtaining medications from the same drug classes (with overlap of 7 or more 

days) from both VA and Part D-reimbursed pharmacies. 

 

Results: There were 7,973 MHV medication view users and 65,985 non-users. During a 12-month period, 

medication view users received more 30-day supplies of medications (one 90-day supply equals three 30-day 

supplies) than non-users (152 vs. 71, p<0.001). A larger percent of users than non-users obtained medications from 

VA and Part D-reimbursed pharmacies with overlapping days’ supplies from the same drug classes (30% vs. 23%, 

p<0.001). However, for Veterans who obtained greater numbers of 30-day supplies (82 or more), a  significantly 

smaller percent of users than non-users obtained overlapping medications from VA and Part D-reimbursed 

pharmacies. Moreover, controlling for the total number of 30-day supplies Veterans received, the odds of obtaining 

medications from VA and Part D-reimbursed pharmacies with days’ supplies that overlapped by >7 days for the 

same drug classes was 18% lower for users than non-users (p=0.002). 

 

Conclusions: For Veterans who obtained a larger number of 30-day supplies from VA pharmacies,  use of the MHV 

Blue Button medication feature was associated with less overlap in days’ supplies of medication from the same drug 

class from VA and Part D-reimbursed pharmacies. These results highlight the importance of sharing information 

across systems, and the need to educate patients about communicating with providers about their medications.   
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Introduction: Mortality from colorectal cancer (CRC) in the Northwest Territories (NWT), a northern region of 

Canada, is nearly double the national rate1. While mortality could be reduced with greater adherence to CRC screening 

using Fecal Immunohistochemical Testing (FIT), this also requires colonoscopy which is limited, and difficult to 

predict in a remote region. OncoSim-CRC is a microsimulation model of CRC natural history and progression in 

Canada, but does not take into consideration the complex social, environmental, and health system factors that 

influence implementation of a CRC screening program in the NWT 2,3. Insight of such factors could be obtained from 

end-users using participatory simulation modeling4.  

 

Methods: End-users (clinicians, administrators, and patients) were recruited as collaborators and contributed to the 

model conceptualization, development, interpretation, and validation. The conceptual model of CRC screening 

prompted a retrospective cohort review of screening between January 1, 2014-March 30, 2019 to identify the resource 

use, wait-times, and outcomes of screening. Results informed adjustments to input parameters in OncoSim-CRC 

version 3.3.6.0 as well as the contextual interpretation and validation of its outputs. OncoSim-CRC was adjusted to 

reflect the NWT population with the anticipated increase in FIT screening participation (from 30 to 60%). The model 

was run for 500 million cases, validity assessed, and alternative scenarios developed to reduce colonoscopy demand.  

 

Results: The participatory approach informed the simulation model. In the retrospective review, we found 25% of 

individuals underwent FIT, and many were actually ineligible for FIT screening. Furthermore, only 37.2% of FIT 

positive patients underwent colonoscopy within the recommended 180 days. Using the adjusted version of OncoSim-

CRC to simulate an increase in appropriate FIT participation to 60%, we estimate that colonoscopy demand would 

surpass capacity within 1-2 years, and continue to increase over the next 10-15 years due to the demand for adenoma 

surveillance. If this demand is met, we estimate screen-detected cancers would increase by 110%, and clinically-

detected cases reduce by 26%. Alternative options which reduced colonoscopy demand while still improving cancer 

detection include: increasing the phase-in period, or revising adenoma follow-up guidelines. Internal, external, and 

face validity of the adjusted model were accurate. Results informed end-users plans for screening in the NWT. 

 

Discussion: Enhanced screening is needed to improve CRC detection in the NWT but is complicated by inappropriate 

FIT use and low adherence to follow-up colonoscopy guidelines. Strategies to improve triaging of FIT-eligibility, to 

phase-in screening participation, and to reduce adenoma follow-up could enhance the feasibility and effectiveness of 

screening in the NWT. The participatory approach informed the simulation model development, validation, and 

utilization by decision-makers in planning CRC screening for the NWT. Further research is needed to assess the 

generalizability of using participatory simulation modeling to inform other areas of complex health care delivery. 
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1 Health Informatics, UCSF Health, University of California, San Francisco.; 2 Division of 

Hospital Medicine, Department of Medicine 

Introduction: Artificial Intelligence (AI) has the potential to transform patient care and hospital operations and many 

health care systems are eager to begin using these tools. Because internal development and deployment remains 

challenging, Electronic Health Record (EHR) vendors are now offering a menu of AI tools which offer relatively 

straightforward integration with existing operational and clinical databases and workflows. In one example, Epic 

Systems © has made a model available for predicting remaining length-of-stay (rLOS) in EHRs across the country as 

part of their Cognitive Computing platform.  We prospectively evaluated Epic’s model for predicting rLOS in a large 

tertiary care center and discuss the implications of deploying such a model without local evaluation.  

Methods: In order to collect data, we allowed Epic’s rLOS model to run in the background for one month without 

displaying predictions to end-users, from December 19, 2019 to January 27, 2020. The model takes a multitude of 

variables (e.g., routine labs and vitals, medications, procedures, diagnoses, and comorbidities) and predicts rLOS three 

times a day for each patient between 24 and 96 hours of admission. The last prediction made before 96 hours into the 

hospitalization is displayed as the predicted rLOS for the remaining duration of the patient’s stay. Details are in the 

Epic model briefs and are available to institutions that use Epic. For the purpose of evaluation, we used the daily 8am 

prediction. The model predicts rLOS for each patient in days, with the precision of one decimal point. The total number 

of patients with a prediction in this period was 1953, with a median LOS of 4.18 days (IQR [2.88, 6.91], average 5.64 

days).  Based on user feedback, in order to make data most actionable these outputs were transformed into one of four 

categories: discharge today, tomorrow, the day after tomorrow, or in more than 2 days.  

In order to best describe the model’s accuracy to our stakeholders, we then compared Epic’s model to a simple double 

dice roll: if the sum of the two dice is six, the toy model predicts the patient is discharged today; if 5, discharged 

tomorrow; 6, the day after tomorrow; and otherwise, discharged in more than two days. Importantly, these mappings 

were defined so that the predictions match the historical LOS distribution of our hospital.  

Results: In a large tertiary care center, Epic’s AI model predicted the rLOS category accurately in 47% of cases, 

under-estimating rLOS in 2% and over-estimating in 51%. In the subset of patients with LOS less than or equal to 7 

days (76% of the overall population), the model has an accuracy rate of only 18%. Our double dice roll had an accuracy 

of 38%, overestimating in 22% and underestimating in 40% of the cases. The figure shows the distribution of LOS in 

our population (right) and a 

comparison of Epic’s AI model 

against double dice roll as a 

function of the true LOS (left). In 

the population of interest (patients 

with LOS <= 7 days), this double 

dice roll outperformed Epic’s AI 

model by 17% (21% true 

prediction vs. 18% for the AI 

model). Because median LOS is 

4.18 (75th percentile 6.91), the 

double dice roll outperformed Epic’s model in the majority of our patients. 

Discussion: While Epic’s AI model outperformed a dice role in patients with a long LOS, a double dice role was 

superior to Epic’s model in predicting rLOS in the majority of patients who stay <= 7 days. We therefore chose not 

to implement Epic’s rLOS in our health system. AI models do not operate based on physical or physiological 

principles, rather they learn correlation patterns in their development data. In this case, the model was clearly not 

transportable to our patient population. Healthcare institutions should be cautious about implementing these built-in 

tools without a system for internal validation, and EHR vendors should take care in marketing these tools as 

universally valuable. 
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Medicine, Winston Salem, NC 27157, USA; 3Department of Biostatistics, Indiana 
University School of Medicine, Indianapolis, IN 46202, USA 

Introduction 

The fast-growing public repository of single-cell RNA sequencing (scRNA-seq) data provides valuable resources for 
analyzing newly generated scRNA-seq data. Through integrating existing and new datasets, knowledge learned from 
well-characterized datasets in previous studies can be transferred to and provides insights for new studies. However, 
integrative analysis of new and existing datasets remains challenging, largely due to the differences of experimental 
protocols and technical settings during data generation. In this work, we have developed a novel, graph-based artificial 
intelligence approach, single cell Graph Convolutional Network (scGCN), for reliable and reproducible integration of 
scRNA-seq datasets and knowledge transfer across studies.  

Methods and Results 

  Cell labels learned from existing reference scRNA-seq datasets are represented as different cell types, development 
states, activation status, cellular functionalities, signaling patterns, etc. The scGCN approach enables leveraging the 
reference single-cell datasets to infer such cell-level knowledge in new datasets through semi-supervised learning 
(Figure 1). First, scGCN learns a sparse graph of inter-dataset and intra-dataset cell mapping using shared nearest 
neighbors of canonical correlation 
vectors that project different 
datasets into a correlated low-
dimensional space, which enables 
the identification and propagation 
of shared information among 
different datasets. Then, based on 
the constructed hybrid graph, semi-
supervised GCN is used to project 
cells of both reference and new 
datasets into the same latent space 
so that cells with same labels 
present in the same group. Thus, 
cell labels in new datasets are 
predicted and learned from 
reference datasets.  
The performance of scGCN was compared with current popular methods including Seurat, conos, scmap and 
CHETAH. We used 10 scRNA-seq datasets that varied in cell numbers, tissues, species, and platforms to represent 
different scenarios and challenges in cell label transfer. With these datasets, we trained three-layer scGCN models for 
a maximum of 200 epochs using Adam with a learning rate of 0.01 and early stopping with a window size of 10. The 
F1-score of scGCN (median F1 = 0.91) was significantly higher (P value = 0.002 and 0.01) than scmap and CHETAH 
(median F1 = 0.82 and 0.77), and also higher than Seurat and conos (median F1 = 0.84 and 0.83). Therefore, scGCN 
demonstrated consistently superior performance across datasets than the other popular methods. Such superior 
performance of scGCN is especially shown in the accurate prediction of specific challenging cell population.  

Conclusion 

Reliable cell label transfer through reference guided cell mapping enabled the analysis of closely related groups of 
cells that would otherwise be unable to be resolved using de novo clustering methods. We demonstrated that scGCN 
compared favorably to the existing methods in terms of accuracy and scalability. scGCN is available as an open source 
software and can be readily used to facilitate the consistency and reproducibility of cell mapping across different 
studies.  

Figure 1. Schematics of scGCN for transferring cell labels across datasets 
 

Graph generation

(hybrid graphs of intra-/inter- datasets)

Input

Graph Convolutional Network

Output

Hidden layerInput layer

Graph Construction

0

Graph 
Convolution 

R
ef

er
en

ce

!!!" !#. . .
""
"!

"$
..
.

!! #!"# !# #. . .
"" $
"! $

"$ $
..
.

N
ew

1926



  

Predictive Modeling in Symbolic Vital Signs for Clinical Critical Events in the 

Neonatal Intensive Care Unit 
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Younghwa Jung, MD2, Sooyoung Yoo, PhD1 
1Healthcare ICT Research Center, Seoul National University Bundang Hospital, 
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Introduction 

Low birth weight preterm infants in the neonatal intensive care unit (NICU) have a high risk of mortality. Accordingly, 

studies have been conducted to predict clinical critical events, mostly defined as mortality and sepsis, of preterm 

infants. However, these predictive studies have not shown significant improvement for the following reasons. Firstly, 

the vital signs of preterm infants are very heterogeneous depending on organ growth and gestational age. Secondly, 

the critical event incidence rate is markedly low and is a major problem that reduces performance in machine learning 

and deep learning models. Lastly, it is difficult to make practical use of predicted outcomes in the medical field due 

to the low interpretation power of the predicted results. Therefore, in this study, we proposed a prediction model 

applying a binary classifier by converting time series data into a Symbolic Aggregate Approximation (SAX) 

representation to solve the aforementioned problems1. 

Methods 

In this study, the vital signs dataset comprising 30 second periodic numeric data from patient monitors collected at 

Seoul National Bundag University Hospital was used as the data source. Only patients admitted to the NICU under a 

gestational age of 32 weeks and birth weight less than 1500 g were included. Clinical critical events were defined as 

sepsis, necrotizing enterocolitis, and expiration in the hospital. In total, 74 infants were included as subjects. The 

incidence ratio of clinical critical events was approximately 0.005, indicating that this dataset was highly imbalanced. 

The vital sign dataset was processed according to the following steps to predict and analyze clinical critical events. 

Firstly, the time series of vital signs was converted into a symbolic series. Secondly, the symbolic series were 

transformed into features for the prediction model. Finally, clinical critical event prediction was trained with the 

classifier. In addition, other machine learning models, which learn directly from vital signs, were compared. 

Result 

Evaluation with a test data set revealed that the performance of the proposed prediction model (AUC = 0.823, PPV = 

0.128, NPV = 0.995) was higher than that of other prediction models. The proposed prediction model showed high 

performance in all conditions when compared with a random forest model (AUC = 0.610, PPV = 0.008, NPV = 0.996) 

that learned directly from vital signs. In addition, our proposed prediction model showed that the features of rapid 

decrease in the change rates of vital signs and increase were highly correlated with critical events.  

Discussion 

In this study, we demonstrated that our new predictive model outperformed other models, even in critical event data 

sets with very low incidence rate. Additionally, the symbolic representations and clustering groups generated by this 

approach could be used to explain the patient's condition intuitively to the clinician. In the future, we expect that it 

will be possible to provide more specific diagnostic information to the clinician with similar approaches. 

References 

1. Lin, Jessica and Keogh, Eamonn and Wei, Li and Lonardi, Stefano. Experiencing SAX: a novel symbolic 

representation of time series. Data Mining and knowledge discovery 2007; 15(2): 107-144 
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Introduction 

A key factor of modern definitions for sepsis is suspected infection, which is defined as the culturing of 

body fluids and giving antibiotics1. However, it is unclear what prompts physicians to take these actions. 

We built a machine learning model of clinical factors predictive of suspecting infection in ED patients. 

Methods 

We retrospectively evaluated adult patients who were admitted through the University of Kansas Hospital 

Emergency Department from 2007 to 2017 by using data from our de-identified clinical data repository. 

The primary outcome was suspected infection, defined as body fluid culture ordered and antibiotics 

administered within 4 hours. We collected 2,452 clinical variables for each visit: demographics, alerts, vital 

signs, labs, and ED documentation. We collected 21,917 timestamped historical variables, i.e., 

procedures, diagnoses, medications at each year prior to index encounter. Data were taken prior to culture 

or antibiotics. To avoid imputation biases, we discretized numerical variables into quartiles: low, mid-

low, mid-high, and high. We developed an elastic net regression model combined with simulated 

annealing strategy2 to identify the viable minimal feature set. Models were trained on 70% of the data and 

validated on 30%. The importance of factors was ranked based on standardized coefficients of the final 

multivariate model. Model accuracy was measured by AUROC. 

Results 

Among the 219,245 eligible ED encounters, 19,190 (9%) 

encounters had suspected infection. Figure 1 shows the simulated 

annealing schedule with step sizes dynamically changing 

adaptive to significant AUC improvement. The final full elastic 

model selected 1,075 factors, with an AUROC of 0.91 [95% 

CI:0.902-0.912] and AUPRC of 0.42 [95% CI:0.41-0.43]. The 

final minimal model selected 120 factors with AUROC 0.90 

[CI:0.893-0.903] and AUPRC of 0.41 [95% CI:0.40-0.42]. The 

model with the top 10 positive and negative factors had AUROC 

0.86 [CI: 0.857-0.870] and AUPRC of 0.32 [95% CI:0.31-0.33]. 

The top factors positively associated with suspected infection 

were low to mid-low albumin, high WBC, high total protein in 

blood, high urine turbidity, respiratory distress, hot skin, white 

race, and age >60. The top negatively associated factors were 

non-labored breath, mid-high to high MAP, mid- high troponin 

level, high albumin, low WBC, and age < 40. 

Discussion and Conclusion 

We used machine learning algorithm to exhaustively mine the 

EMR data and identify a condensed set of important clinical 

factors associated with the suspecting of infection. These results 

will inform decision support applications that help to identify and 

treat sepsis - possibly by earlier identification of patients who 

should be suspected of infection. 

References 

1 Dellinger RP, Levy MM, Rhodes A, et al.: Surviving sepsis campaign: international guidelines for management of 

severe sepsis and septic shock: 2012. Crit Care Med. 41(2):580–637. 

2 Douglas JA, Sandefur CI. PedMine--a simulated annealing algorithm to identify maximally unrelated individuals in 

population isolates. Bioinformatics (Oxford, England). 2008;24(8):1106-8. 
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Investigating How Knowledge Sharing Supports Collective Sensemaking through 
the Lens of an Online Community of Department of Veterans Affairs Data Users   
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Learning Objective 
Attendees should gain a better understanding of how knowledge sharing within a community of practice supports the 
collective process of sensemaking and learn how improving access to co-constructed knowledge provides richer data to 
inform research and organizational decision-making. 

Background 
Data routinely collected to support clinical care and healthcare operations are a valuable resource in the context of a learning 
healthcare system. The Department of Veterans Affairs (VA) makes several petabytes of clinical and administrative data 
available for use by research and operations staff to inform healthcare administration, support operational improvements, and 
power complex retrospective analyses of healthcare implementation, clinical effectiveness, and patient outcomes. Optimal 
reuse of this routine data requires a supportive infrastructure that makes the clinical context more understandable and 
accessible to data users.1  

VA staff use the HSRData Listserv (≈1500 members) to share information about 20+ years of VA healthcare data, including 
aspects of its meaning, utility, and use. Developing a multi-dimensional understanding of how the listserv currently functions 
allowed us to develop a set of requirements necessary for a next-generation knowledge sharing platform.  

Methods  
We analyzed archived HSRData posts and interviewed key stakeholders in the VA data environment to explore how this 
community of practice supports making sense of clinical and administrative data. A thematic analysis of listserv posts (n=180 
randomly selected threads) using an iterative, grounded theory approach provided insight into data issues commonly 
addressed through this type of expertise sharing along with information and resources brought to bear in answering users’ 
questions.2 Semi-structured interviews (n=18) with organizational stakeholders and listserv members allowed us to examine 
how the listserv functions as a community resource that supports their ability to make sense of VA data. 

Findings 
HSRData is valued by its members as an important venue for exchanging knowledge about VA data that is not explicated or 
accumulated elsewhere. It connects data users to organizational expertise across a distributed environment and to the wisdom 
of experience. Importantly, its conversations comprise co-constructed consultations that help the questioner understand how 
to think about a problem and allow collective voices to present a more complete solution in response. While the email-based 
listserv is rudimentary by today’s standards, it has facilitated a collaborative sensemaking process for almost 20 years, 
supporting shared intelligence, organizational memory, and the generation of new insights. However, its utility is limited by 
archaic technology that does not adequately capture, synthesize, and organize the information shared, inhibiting data users 
from being able to re-use and re-contextualize this rich body of collective knowledge.   

Conclusion 
VA’s continued development as a learning healthcare system requires new infrastructure to support knowledge capture and 
the processes of collective sensemaking. Understanding the ways in which the listserv has functioned within the everyday 
workflows and problem-solving of VA’s data using community will inform the development of robust infrastructure for 
collaborative knowledge generation.3 The enhanced platform will encode current community practices through features such 
as concept tagging, user profiles, and rating/reputation systems. The implementation of a next-generation knowledge sharing 
solution will help support the collective understanding and interpretation of data for the VA as a learning healthcare system. 

References 
1. Ainsworth J, Buchan I. Combining Health Data Uses to Ignite Health System Learning. Methods of Information in 

Medicine. 2015;54(6):479-487.  
2. Ackerman MS, Dachtera J, Pipek,V, Wulf, V.  Sharing knowledge and expertise: the CSCW view of knowledge 

management. Computer Supported Cooperative Work. 2013;22(4-6), 531–573. 
3. Weick, KE. Sensemaking in Organizations. Thousand Oaks: Sage; 1995. 
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Introduction  
Social Determinants of Health (SDoH) encompass socioeconomic and environmental factors that play a critical role 
in population health outcomes. We evaluated the coverage of SDoH identifiers in standard terminologies, looking 
particularly at food insecurity as an example. Food is a vital part of a person’s health, a basic need, and a significant 
category of SDoH. With the healthcare industry being driven towards proactive and predictive care, capturing SDoH 
in medical records and developing interventions addressing these external factors will reduce costs from preventable 
health events, direct policy making decisions, and promote public health improvements.  

Methods  
Preliminary research lead authors to identify six broad categories of SDoH: Economic status, food security, 
transportation, living conditions, education, social support and housing. We searched for SDoH concepts in 
International Classification of Diseases, 10th Revision, Clinical Modification (ICD-10-CM), Logical Observation 
Identifiers Names and Codes (LOINC) and Systematized Nomenclature of Medicine-Clinical Terms (SNOMED CT) 
Codes were constrained to assessment scales, findings, observable entities, procedures, regime/therapies and 
situations. The keywords for food insecurity include: dietary/diet, eat, food, hunger, hungry, meal, fed, 
grocery/groceries, store(s), and other words indicating access to food sources. Terms excluded: breastfeeding 
protocols, Women, Infants, Child (WIC) program enrollment, dietary counseling, and eating disorders. 

Results/Discussion  
Table 1. All three coding systems had some level of  SDoH coverage with different proportions for food insecurity: 

Coding System SDoH Concepts Food Insecurity Concepts % of SDoH Concepts 
ICD-10-CM 131 1 0.76% 
LOINC 129 13 10% 
SNOMED CT 1443 174 12% 

Table 2. SNOMED CT terms could be post-coordinated to match concepts from the other coding systems, e.g.: 
SNOMED CT LOINC ICD-10-CM 
30207005 Risk of (qualifier) + 
733423003 Food insecurity 
(finding) 

88124-3 Food insecurity 
risk [Hunger Vital Sign 
Survey] 

Z59.4 Lack of adequate 
food and safe drinking 
water 

LOINC has 21 surveys in their database encompassing 129 SDoH terms; these surveys are widely used in the social 
service field, but the results are not necessarily stored in an electronic health record (EHR). Eight surveys included 
food insecurity questions. They varied in context; e.g., “Did you or others you live with eat smaller meals or skip 
meals because you didn't have money for food in the past 2 months [WellRx]” versus “Within the past 12 months the 
food we bought just didn't last and we didn't have money to get more [U.S. FSS].”  

ICD-10-CM does not have a formal categorization of SDoH but indicates that Encounter (Z) codes are appropriate to 
encode the reasons a patient is presenting for healthcare services. CMS identified 97 ICD-10-CM codes in 9 categories 
that qualify as SDoH identifiers. We added 2 more categories, Z72 Problems related to lifestyle and Z73 Problems 
relating to life management difficulty, totaling 131 codes in 11 categories.   

Conclusions  
Each terminology places food insecurity in different contexts; the concepts in SNOMED CT and ICD-10-CM may be 
closer in nature. Because LOINC is required to include different organizations’ copyrighted surveys “as is”, it could 
be difficult to compare them. It may not be possible to use an individual LOINC term from one of these surveys for 
data collection into an EHR. 

Looking beyond the challenge of obtaining buy-in and real action to capture SDoH into the EHR, there is no 
consensus on which terminology or concepts should be used. Thus, there could be future interoperability obstacles 
for the aggregation and comparison needed for population health analysis. Conversations to build the necessary 
concepts, define their granularity and establish crosswalks among the SDoH terms in the different terminologies 
should be started.  

1930



UX of Cardiovascular Risk Education Tool for Electronic Patient Portal 

Lucy Stein, MS OTR/L; Laura Schubel; Saba Owens, MS; Ronald Romero Barrientos; 

Kristen Miller, DrPH, CPPS, National Center for Human Factors in Healthcare,          

MedStar Health, Washington, DC 

 

Purpose 

The purpose of our research is to understand how patients perceive visualizations of Atherosclerotic Cardiovascular 

Disease (ASCVD) risk. Research suggests that the presentation of ASCVD risk may impact a patient’s perception of 

their health and willingness to receive therapy .1 Our findings informed the design of an interactive ASCVD patient 

education tool embedded within the electronic health record (EHR). Our tool is unique in that it leverages SMART 

(Substitutable Medical Applications, Reusable Technologies) on FHIR (Fast Healthcare Interoperability Resources) 

technology to automatically generate an individual risk score as the physician opens a patient’s chart. 

 

Methods and Analysis: 

Nine semi-structured interviews were conducted with patients. This sample size has been proven adequate for 

wireframe and prototype testing.2 Purposive recruitment from a convenience sample was used to represent patients 

for whom ASCVD calculation is intended, focusing on incorporating variability in participant age, engagement with 

health services, and health literacy. Patients were shown three prototypes depicting ASCVD risk: an interactive bar 

graph, a pictograph, and a speedometer display. Interviews explored patient perception, understanding, and preference. 

Data were analyzed using an inductive approach. Initial coding was conducted by two researchers, was open-ended, 

and identified recurring themes. Focused coding was used to organize and synthesize the results.  

 

Results: 

The majority of patients (n=5) preferred the bar graph display and disliked the pictograph, stating that they found it 

hard to interpret and that it did not convey urgent risk. This is consistent with previous research.1 Patients preferred 

when risk display included an interpretation of the score in words (n=4) and when the display was interactive and 

tailored to a patient’s case (n=4). They wished for the display to provide information on how to mitigate risk through 

external resources and reinforcement of care (n=5). Most patients wished the tool could be adapted for at-home use to 

allow them to engage with their health outside of a visit (n=7).  

Conclusion: 

Recognizing that our findings are limited by sample size, preliminary findings suggest that patient perceptions of 

individual ASCVD risk vary when presented with different visual displays1. Accessible and easily interpretable 

decision aids may empower patients with information and to formulate accurate perceptions of their ASCVD risk. 

Understanding how to meaningfully design patient-facing aids supports critical efforts to increase patient engagement 

in the prevention of cardiovascular disease.3  
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Introduction 
 
Information visualizations (infographics) can enhance patient understanding of complex concepts, but if and how 
infographics can be integrated into HIV-related clinic visits has been understudied.1 This study aimed to ascertain 
patient and providers’ perspectives of infographics and sentiments regarding their use during clinic visits.  
 
Methods 
 
We used a participatory design methodology to develop 15 
HIV-related infographics to enhance clinical 
communication with persons living with HIV (PLWH).2 
Figure 1 is an example, meant to demonstrate that treatment 
is forever. Patients’ (PLWH with low health literacy) and 
health care providers’ (HCP) (physicians who treat PLWH) 
perspectives of these infographics and their clinical use was 
explored through semi-structured interviews conducted at 
the end of a 9-month feasibility study. Guided by a qualitative descriptive methodology, interviews were conducted 
in Spanish by one bilingual researcher using an iterative, semi-structured interview guide developed per Kallio’s 
recommendations.3 Interviews were audio recorded and transcribed verbatim. Codes were generated to extract 
meaning using conventional content analysis. A codebook was developed after review of a subset of transcripts, then 
was iteratively refined by two bilingual researchers working independently. Discrepancies were discussed until 
consensus was reached. Trustworthiness was enhanced by applying  established methods.4 Analyses were conducted 
in Spanish, using NVivo to manage qualitative data. Final results were translated to English.  
 
Results 
 
We interviewed 3 HCPs (100% female; mean age of 27 years) and 26 patients (50% female, mean age 43 years). 
Iterative coding yielded thirteen codes divided between three main categories. HCPs indicated infographics were a 
feasible and useful method to provide information to PLWH during clinic visits and found infographics to be 
particularly useful with newly diagnosed PLWH. Patients indicated they understood information more clearly when 
it was presented with infographics and that infographics helped them communicate with their provider because, 
“using little figures is a way to make those with little understanding understand.” To improve infographics, it was 
suggested by HCPs and patients to make infographics digital, add information on other health conditions, and share 
infographics with more people, not just PLWH. 
 
Conclusion/Discussion  
 
Information visualization is a key informatics approach. In-depth interviews with patients and providers indicated 
infographics are a feasible and useful way to facilitate HIV-related communication in a clinical setting.  
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Figure 1. Example infographic translated to English 
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Introduction  
The healthcare system is undergoing an enormous transformational change due to the buildup of frustration against rising costs, 
inefficient services, long wait times and declining population health outcomes in the United States (US). At the same time, there 
is a growing excitement about the deployment of artificial intelligence (AI) techniques in order to mitigate these inefficiencies[1]. 
Many of the AI initiatives in medicine are generally focused on highly specialized domain specific solutions. There has not been 
widespread adoption of systemic solutions proposed[2]. Improving care coordination is a national priority in the US and it thought 
to be critical to avoiding unnecessarily hospitalizations[3]. Given the increase in the aging population and the mounting 
complexity of care dynamics as patients age, the time is ripe to apply systems engineering approaches to model the dynamics of 
these complex care trajectories with the implication of utilizing AI technologies to augment care transitions. This poster outlines 
the rationale and approach for utilizing systems thinking in AI implementation design, focused on utilizing systems engineering 
modeling of care coordination as a driver of high value care. 
Methods  
We did a literature review to assess the current state of research 
on definition of high-value care models. We then applied 
systems engineering principles to develop conceptual models 
and pathways that describe the system as a whole. Finally, we 
used Vensim software to design a system dynamics model 
demonstrating the process of developing AI models within the 
context of clinical care operations, demonstrating the feedback 
loops necessary for model ideation, development, testing, 
validation, implementation and finally refinement. 
Results  
Figure 1 displays a holistic view of care coodination downstream 
factors via a systemigram of the key stakeholders involved in 
efficient care coordination efforts and processes needed to take 
place in order to drive high value care. Systemigrams are a great tool used to visualize a system’s components and their complex 
interactions. Figure 2 is the system dynamics model demonstrating the interactions between clinical processes, clinical evidence 
generation and algorithm development. We propose a hybrid human- in- the- loop model where the clinician is at the center of 
the processes whose input is needed to capture new clinical data, generate new hypothesis, develop AI models alongside data 
scientists, validate the model results, implement models at scale and monitor clinical system performance and outcomes via 
quality improvement programs. 
Conclusion  
Facilitating care coordination is arguably the most promising and 
yet the most challenging undertaking for application of 
augmented intelligence systems. Given the intricacy of the payor 
– healthcare network design, referral and triaging mechanisms, 
diagnostic and treatment decisions and incorporation of patient 
preferences, there are a plethora of tedious manual processes 
within healthcare system that can be augmented using AI 
techniques. This makes it is an ideal system to apply systems 
engineering approaches to unravel the complexities of the care 
coordination dynamics in order to drive high value care through 
system dynamics modelling. Applying AI technologies to 
facilitate data discovery will allow quality improvement 
initiatives to scale to a precise patient level, paving the way 
towards precision medicine initiatives. Keeping the clinician in the 
validation feedback loop model adds a few extra but important steps to ameliorate the “black box” concerns that are typical of 
AI technologies. 
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Figure 1: High Value Care Systemigram 

Figure 2: Clinical System Dynamics Model 
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Introduction. Brain metastasis is common among all cancer cases (~ 20%) and is a major cause of death in advanced-
stage cancer. Accumulating evidence, including our work on multi-omics subtyping analysis, suggests that immunity 
plays a major role in brain metastasis patients’ responses to stereotactic radiosurgery and whole brain radiation 
therapy. Meanwhile, despite the difference in origins of the primary cancers, anatomic locations, and treatment 
histories, our recent work suggested that pan-brain metastasis biomarkers such as CD37/cystatin A/IL-23A [1] and 
COL1A1/COL1A2 [2] are strongly associated with responses to radiotherapies, overall survival, and distant brain 
failure. Our previous work further suggested the intercellular communications between immune cells and tumor cells 
and the modulation of the immune microenvironment may 
be responsible for the observed difference in risk of distal 
brain failure, but the molecular and cellular underpinnings 
of the immune landscape in brain metastasis is unclear.  

Methods and Results. In this work, we profiled 10,896 
single cells collected from brain metastatic tissues of 
different origins, locations, and stages (4 tumor tissues, 3 
from breast cancer origins and 1 from lung cancer origin, 
and 1 control sample from adjacent normal brain tissues of 
lung cancer origin) using 10x Genomics Chromium 
platform. After cell annotation using different cell markers 
[3], our analysis identified pan-brain-met immune cell 
populations (Figure 1), including cytotoxic T cells, 
regulatory T cells, and microglia and macrophages. 
Furthermore, these single cells provided the pivotal link 
between our discovered molecular markers and tissue-level 
immune pathways. For example, CD37/cystatin A/IL-23A 
are associated with microglia and macrophages, while 
COL1A1/COL1A2 are associated with the activity of 
cytotoxic T cells. Based on these discoveries, we depict the 
first pan-brain-met immune landscape through the 
integration of the single cell RNA sequencing data, multi-
omics data, and clinical data using graph-based models.  

Conclusion. We established the common immune 
landscape through comprehensive analysis of single cell 
RNA sequencing data across various brain metastasis cases. 
This pan-brain metastasis immune landscape helps understanding the brain immune environment and the 
communications between major cell players in this environment, suggests potential drug targets, allows subtyping 
patients according to their immune patterns on this landscape, and provides support for clinical decisions about 
treatments (whole brain radiation, stereotactic radiosurgery, immunotherapies, etc.). 
Reference: [1] Dohm A, Su J, McTyre ER, et al. Identification of CD37, cystatin A, and IL-23A gene expression in association 
with brain metastasis: analysis of a prospective trial. Int J Biol Markers 2019;34(1):90-97 doi: 10.1177/1724600818803104. [2] 
Soike MH, Ruiz J, McTyre E, et al. Discovery of a predictive protein biomarker for leptomeningeal disease after craniotomy and 
radiation. Journal of Clinical Oncology 2018;36(15_suppl):2068-68 doi: 10.1200/JCO.2018.36.15_suppl.2068. [3] Bindea G, 
Mlecnik B, Tosolini M, et al. Spatiotemporal Dynamics of Intratumoral Immune Cells Reveal the Immune Landscape in Human 
Cancer. Immunity 2013;39(4):782-95 doi: 10.1016/j.immuni.2013.10.003. 

 
Figure 1. Overview of Pan-Brain Metastasis Immune 
Landscape visualized using tSNE. 
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Introduction: Transformer-based1 pre-trained models have achieved outstanding performance on a number of natural 
language processing (NLP) tasks. However, these pre-trained models only accept relatively short inputs, typically less 
than 512 tokens (word pieces) in length. Electronic health record (EHR) data used in phenotyping tasks can contain 
thousands of tokens, which severely limits the usefulness of these pre-trained models. Our goal is to build a 
hierarchical encoding model that can use the powerful sentence representations to build document-length 
representations.   

Methods: We split a document into chunks of 200 tokens, encode each chunk using pre-trained DistilBERT2, and 
feed the resulting chunk representations into a two-layer transformer1, that is used to encode the document. The model 
is fine-tuned on a phenotyping task end-to-end. The proposed approach leads to a hierarchically interpretable model: 
the attention scores output by the transformer-based1 document encoder can be used to analyze what chunks the model 
pays attention to, and attention scores within each chunk can indicate what tokens are important in that chunk. Our 
model’s structure is shown in Figure 1. 

 
Figure 1. Model structure. 

Results: We tested our model on the intuitive task of the i2b2 2008 Obesity Challenge3. The dataset for this task 
consists of 1237 discharge summaries from the Partners HealthCare Research Patient Data Repository3. The task is to 
identify whether a patient has obesity and 15 other comorbidities based on the provided discharge summary (a total 
of 16 classification tasks). There are three labels for each disease: present, absent, and questionable. Macro F1 score 
is used as the evaluation metric. The test average macro F1 scores of our novel hierarchical model, the best performing 
domain-specific pretrained model from our previous work4 and best performing model from the challenge3 are 0.755, 
0.755 and 0.675 respectively. 

Conclusion: Our hierarchical model without domain-specific pre-training outperforms the best performing model 
from the i2b2 2008 Obesity Challenge3 and achieves the same performance as the domain-specific pre-trained model4. 
Future work includes exploring other transformer-based1 pre-trained language models, performing more thorough 
hyperparameter tuning, and evaluating our model on other datasets. 
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Introduction: Watson for OncologyTM (WfO) is an artificial intelligence (AI)-based clinical decision-support 
system (CDSS) that provides cancer-treating physicians with therapeutic options for consideration. Little is known 
about the relationship between health outcomes and clinician treatment-decision concordance with CDSS options. 
We aimed to investigate associations between clinician-WfO concordance and health outcomes in breast and colon 
cancer patients treated at Bumrungrad International Hospital (BIH), where WfO has been in use since 2015. 

Methods: This study included breast and colorectal cancer patients treated at BIH between 2015-2018 that returned 
for follow up within the study period. BIH clinicians retrospectively reviewed patient charts to evaluate concordance 
of BIH treatments with WfO options. We then examined associations between concordance and health outcomes 24 
months after initial treatment. Outcomes included disease progression, response to treatment, and progression-free 
survival (PFS). Concordance was defined as agreement between treatments given and therapeutic options listed as 
“recommended” or “for consideration” by WfO. Associations between concordance and the proportion of patients 
with progression or response (partial or complete) were evaluated by odds ratios (95% confidence interval (CI)). PFS, 
the time interval from diagnosis until progression or death, was evaluated using the Kaplan-Meier log-rank test. 

  

Results: One-hundred one patients with breast cancer and 96 patients with colorectal cancer were identified. For 
breast cancer, partial and complete response rates were 1.4% and 65% for concordant cases, and 6.9% and 65% for 
discordant cases; for colorectal cancer, rates were 5.6% and 50% for concordant and 33.3% and 50% for discordant 
cases (Table 1). The proportion of disease progression over 24 months was 5.6% for patients with concordant and 
17% for those with discordant treatments for breast cancer, and 14% for patients with concordant and 66% for those 
with discordant treatments for colorectal cancer. PFS at 24 months for patients with breast cancer were 79% for 
concordant vs. 66% for discordant cases. 56.8% of patients with colorectal cancer receiving concordant treatments 
were progression-free at 24 months, compared with 20% of patients receiving discordant treatments (P = .041, Fig.1).  

Conclusion: In this study, breast and colorectal cancer patients with treatment decisions concordant with an oncology 
decision-support system had lower rates of partial response, but equal rates of complete response. Patients with 
concordant treatments had lower rates of progression for both breast and colorectal cancers and significantly longer 
PFS for colorectal cancer. Larger long-term studies are needed to understand the relationship between concordance 
with decision support and cancer outcomes. This small-cohort study suggests that some outcomes in patients with 
breast and colorectal cancer may be improved by use of an AI-based clinical decision-support system that provides 
cancer-treating physicians with therapeutic options consistent with best practices and evidence-informed care. 
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The ability to understand the composition of a patient’s network of providers and how these providers collaborate is 
limited by the lack of tools focused on analyzing these dynamics. Motivated by the power of network analytics to 
decrypt very complex relationships between care delivery and outcomes1, we have engineered an interactive tool to 
automatically build, view and analyze patient-sharing provider networks. Our tool takes encounter-based claims data 
as input and generates patient and provider nodes and an edge list that represents connections as output. The tool can 
indicate patient characteristics, such as gender and age, and provider characteristics, such as specialty, as attributes of 
the nodes. For each provider-patient pair, the edge weight is calculated as the total number of claims.  

We built the application using Neo4j graph database, Flask web 
framework, and WebGL based force graph. We query the graph 
using Cypher, Neo4j’s graph query language, and render the 
network in 2D using HTML5 canvas and in 3D using Web 
Graphics Library. Patient nodes share the same color, whereas 
provider nodes are colored by specialty. Edge thickness is 
determined by the edge weight.  

To demonstrate the application, we utilized claims data from R-
Health, a direct primary care provider in New Jersey. The dataset 
contains 721,385 claims, from 5741 patients and 107 unique 
specialties. We generated an edge list containing 49,395 unique 
node pairs of patients and specialties, which included the R-
Health primary care physician (PCP) as distinct nodes and each 
specialist physician type as an aggregated node. The generated network is shown in Figure 1. We can inspect the 
network, viewing how patients are clustered around providers. We also compute other network metrics such as the 
degree centralities for patients and providers to identify patients with the largest caregiver teams and providers who 
are treating the most patients.  In the R-Health data, patients had an average degree of 9.3 and an average edge weight 
of 9.9. Specialties had an average degree of 498.9 and an average edge weight of 12.2.  

From the edge list, we construct a bipartite graph that we project 
to obtain a provider-provider graph, where an edge between 
providers exists if they share at least 1 patient. The strength of the 
connection is the number of patients shared. As Figure 2 shows, 
the tool visually reveals collaboration patterns between providers 
of different specialties, giving insights on high degree providers 
and strongly connected providers.  The specialties with the five 
greatest degree centralities were R-Health PCP (3983), 
Radiology (3214), Emergency Medicine (2667), Hospitalists 
(2570), and Laboratory (2537). The specialties with the five 
greatest average edge weights were Home Infusion (85.3), 
Chiropractor Licensed (71.6), Extended Care Fac (54.1), Physical 
Therapist (51.8), and Hospitalists (41.2). Similarly, we constructed a network of provider specialties by projecting the 
specialty-patient graph. The specialties with the five strongest edge weights between them (share the most patients) 
are Hospitalists-Radiology (2185), Emergency Medicine-Radiology (2067), Emergency Medicine-Hospitalists 
(1940), Radiology-Laboratory (1931), and Radiology-Family Practice (1914).  Future work consists of extending the 
application to include other patient attributes, such as demographics, diagnoses, cost, and time to the network. Using 
these data, we expect to identify patterns of care that can pinpoint driving factors behind patient outcomes and medical 
costs. 
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Figure 1. 3D view of patient clusters (blue 
nodes) connected to specialties (non-blue 
nodes). 

 

Figure 2. Clusters of patients (blue nodes) 
connected to specialties (non-blue nodes). 
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Introduction  
Burnout affects over 44% of American physicians and 30% of Canadian physicians, with research suggesting that the 

use of Electronic Health Records (EHRs) can add to physicians’ stress1. We administered a cross-sectional survey 

(n=208) within our academic mental health hospital, where 74.5% of all physicians who reported burnout symptoms 

identified the EHR as a contributor.2 To address high EHR frustration, we developed an EHR SWAT Team - a direct 

feedback channel for all physicians to express their challenges with the EHR and have their issues reviewed and 

resolved in a timely manner.  

 

Methods  
Our SWAT initiative was adapted from an intervention described previously in the literature3, comprising an 

interdisciplinary team of 10 specialists including the Chief Medical Information Officer, and representation from project 

management, clinical informatics nurses, pharmacy informatics, clinical applications, and health information 

management. We carried out the first SWAT round where we collected EHR change requests from seven academic 

divisions, and categorized these into: (i) additional education required, (ii) 6 week fixes, (iii) 1+ year fixes, or (iv) not 

able to fix. Following this, we leveraged 1 hour monthly divisional meetings to conduct a second, hands-on SWAT 

round focused on customized training and education. For a personalized learning environment, the SWAT education 

lead (clinical informatics nurse) addressed specific education-related requests for that division through a didactic lecture 

format, providing a walk-through of the issues identified at a divisional level. EHR ‘tips and tricks’ derived from 

repeated requests across divisions were also provided within this session. The remainder of the SWAT team members 

provided individualized instruction to physicians throughout the education session. We evaluated the SWAT initiative 

by administering an anonymous, voluntary short survey to all physicians who attended the meeting. 

 

Results  
Through our first round of SWAT consultations (6 month period), we gathered 118 unique EHR requests, 32% of these 

fell within the additional education category (15% 6 week fixes; 43% 1+ year fixes). Dominant learning gaps gathered 

through our education and training requests included how to carry out medication reconciliation, risk flags, creating 

personalized autotext, documentation on restraints and seclusion, refusing/documentation on lab results, and auto-

faxing. As education requests varied by academic division due to unique workflows, our SWAT education meetings 

focused primarily on challenges within the division. We successfully carried out two in-person, customized SWAT 

education rounds and since these were paused during the COVID-19 pandemic, we are in the process of adapting our 

delivery model to allow for virtual SWAT rounds. 

 

Discussion  

We engaged heavily with physician leadership and identified champions within each division in order to facilitate the 

collection of requests and promote attendance at SWAT education events. We also leveraged technology to track and 

visualize all requests. A limitation in our evaluation methods included the lack of demographics collected. 

 

Conclusion  
We plan to complete a third round of SWAT meetings in the coming year to understand and identify any prolonged pain 

points and provide an accountability framework, and extend the educational strategy for nursing and allied health. Next 

steps include carrying out a post-intervention survey to identify burnout rates and leveraging the use of back-end usage 

logs to identify changes in physicians’ EHR usage due to the SWAT educational intervention. 
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Abstract 
Family history remains a significant, but vastly underutilized, data source for analyzing phenotypic variance and 
familial disease coaggregation.  Informatics methods that automate the identification of familial factors associated 
with disease may inform and facilitate genetic research, as well as advance understanding of familial risk factors 
associated with adverse health outcomes.  

Introduction 
Knowledge of family history can aid in the implementation of precision health.  These data uniquely capture disease 
heritability and shared environmental risk factors that contribute to disease1.  Family history is also useful for 
analyzing associations between diseases that may be genetically linked and for predicting risk for a wide range of 
complex chronic diseases. Knowledge of medical conditions among family members is particularly important to 
understanding Type 1 diabetes (T1D), an immune-mediated chronic condition associated with significant premature 
morbidity and mortality.  Heritability accounts for about 50% of the risk for developing T1D2.   

Methods 
We analyzed data on family history, gender, and T1D diagnosis age for 15,647 individuals in the U.S.-based T1D 
Exchange Clinic Registry3 to investigate whether an immediate family history of T1D is significantly associated with 
a family history of type 2 diabetes and/or autoimmune conditions (e.g., celiac disease, hypothyroidism, multiple 
sclerosis, rheumatoid arthritis, etc.) that may be related to T1D.  We applied a novel subgroup discovery algorithm4 
that identifies highly contrasted patterns occurring with a significant difference in prevalence between two subgroups 
(e.g., familial vs. sporadic T1D).  We used this deep exploratory mining method in an Apache Spark high performance 
computing environment to analyze publicly-accessible data from the T1D Exchange Clinic Registry.  
Results 
We discovered 54 contrast patterns related to family history of autoimmune conditions in individuals with an 
immediate family history of T1D (F-T1D, n = 3375) versus sporadic T1D (S-T1D, n = 12,272).  The apriori threshold 
for statistical significance was p<0.05.  F-T1D associated with a family history of hypothyroidism in 25.4% of cases 
(857/3375), compared to 17.6% of cases (2155/12,272) of S-T1D (p < 0.01).  F-T1D associated with a family history 
of celiac disease in 7.4% of cases (249/3375), compared to 3.5% of cases (432/12,272) of S-T1D (p < 0.01).   
Conclusion 
The present analysis suggests there may be differences in family history between individuals with T1D who report a 
family history of T1D and those who report no family history of T1D. These results should be confirmed using 
population-based cohorts. Complex patterns detected with our novel subgroup discovery algorithm inform future 
studies of genotype-phenotype association and studies that seek to improve risk prediction models for T1D.  
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Introduction: Clinical Decision Support (CDS) aims to provide users with timely, well-curated information to 
optimize decision-making, clinical efficiency, and health outcomes. However, despite the broad availability of 
computerized risk prediction tools in urology, their use and clinical impact remain limited. In this context, we sought 
to assess urologist attitudes toward the potential integration of these tools into Electronic Health Records (EHR) 
systems as surgical CDS.  
 
Methods: We surveyed practicing urologists through the American Urological Association (AUA) Annual Census 
from May–September 2019. The AUA Annual Census is a large-scale national, electronically-administered survey 
that characterizes workforce demographics and clinical practice. We added questions on risk prediction tools, the 
EHR, and potential integration. These questions were adapted from existing questionnaires and refined through 
cognitive interviewing. Attitudinal questions were assessed on a 5-point Likert scale and compared according to 
urologist characteristics using bivariable and multivariable analyses.  
 
Results: Among 2,159 respondents, 96.4% use an EHR of whom 30.5% practice in academic centers, 13.4% identify 
as female, and 9.7% are in rural areas. The median work experience is 18 years (IQR 8–28) with median workload of 
75 patient visits/week (IQR 50-100) and 5 major surgical cases/month (IQR 2-10). Over 90% use their EHR for 
charting, order entry, and test results whereas 44.7% report using information provided by pop-ups or alerts. In terms 
of attitudes (Table), less than half agree that current use of the EHR improves clinical efficiency or patient care or find 
risk prediction tools to be frequently helpful. In contrast, most have positive attitudes toward the idea of automatic 
calculation and display of validated information on surgical risks and benefits in the EHR, particularly for decision-
making and counseling. On multivariable analysis, urologists with more experience, who see more patients, and who 
do not currently use pop-up or alerts were less likely to have a favorable view on this potential functionality (p<0.05). 
 
Table: Urologist Attitudes Never Rarely Sometimes Often Always 
I use validated prediction tools as part of my practice. 15.5% 18.0% 35.5% 23.4% 7.6% 
I find validated prediction tools to be helpful. 11.1% 15.6% 39.5% 25.8% 8.0% 
 Strongly 

Disagree 
Somewhat 
Disagree Neutral 

Somewhat 
Agree 

Strongly 
Agree 

Using the EHR increases my clinical efficiency. 24.6% 22.1% 16.8% 23.6% 13.0% 
Using the EHR helps me deliver better patient care. 15.9% 17.1% 23.5% 28.4% 15.1% 
If your EHR system could automatically calculate and 
display validated information on surgery risks and 
benefits at the POC: 

     

It would help my decision-making. 2.9% 4.7% 21.5% 46.4% 24.6% 
It would aid my counseling of patients. 2.1% 3.8% 15.5% 47.4% 31.1% 
It would save me time. 7.1% 10.6% 23.9% 29.6% 28.9% 
It would improve patient outcomes. 4.8% 11.1% 41.6% 28.4% 14.1% 
 
Conclusions: In a national sample of practicing urologists, less than half use validated risk prediction tools regularly 
or view the EHR favorably. However, most urologists believe that automated integration of these tools into the EHR 
could improve care, particularly for medical decision-making and risk communication. Future design and 
implementation will need to focus on prevailing attitudes along with physician experience and workload as potential 
barriers to acceptability, usability, and effectiveness.  
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Abstract 

Granular information sharing allows patients to select specific health information such as certain diagnoses and 

medications, choose with whom to share this information with, and decide how this information can be used. Focus 

groups and surveys at two integrated behavioral health facilities revealed changes in health care professionals’ 

perceptions of patient-controlled granular data information control before and after review of a previous patient 

study. 

Introduction 

The Office of the National Coordinator for Health Information Technology recommends patients have granular control 

over their personal health data1. Few studies have explored health care professionals’ views on patient-controlled 

granular information sharing2.  In a previous study, behavioral health patients practiced granular information sharing 

using data from their own EHR3. This study uses results from the patient study to better understand behavioral health 

professionals’ perspectives on granular information sharing.  

Methods 

Four two-hour focus groups and a pre and post survey were conducted at two integrated health facilities. During the 

focus group, definitions of granular information sharing and outcomes from a previous study on patients’ data sharing 

choices were presented.3 Thematic analysis and descriptive statistical analyses were conducted. 

Results 

Many (56.0%) of the 28 professionals were unaware or provided incorrect definitions of granular information sharing. 

After reviewing the outcomes from a previous patient study, professionals increased mixed opinions (23.1% to 37.1%) 

on granular information sharing. A majority (81.3%) correctly identified that patient medical records were incomplete 

during patient study data review. Many (66.1%) stated they did not understand how/why a patient categorized or chose 

to share information. While a minority (17.4%) of behavioral health professionals considered health care as “not a 

place to be granular”, most professionals focused on developing an electronic tool that could permit granular sharing 

without compromising patient safety and treatment efficacy. Finally, they recommended including different formats 

of patient educational material and system processes within the tool to facilitate the consent process.   

Conclusion 

While behavioral health professionals are concerned about how a granular information sharing tool may impact their 

ability to treat patients, they saw benefits and provided recommendations for alleviating concerns. Further evaluation 

is needed regarding concerns of patient safety, cost, and patient-provider trust before granular information sharing 

control can be implemented effectively. This study will guide the development of a granular EHR sharing tool. 
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Introduction 
The National Institutes of Health (NIH) created the Patient Reported Outcomes Measurement Information System 
(PROMIS) to standardize the capture and format of patient-reported outcome (PRO) data about symptoms and 
functioning in the domains of physical, mental, and social health1. Although older adults frequently have chronic 
conditions and PROMIS could improve disease management, standardized software survey to collect PROMIS data 
is not tailored to older adults’ unique technology needs and preferences, limiting PROMIS collection in this 
population. Therefore, the objective of this study was to evaluate the usability a mobile application designed using 
inclusive design principles to collect PROMIS measures among older adults with heart failure (HF). 
 
Methods 
We conducted user-centered design to create a mobile application, mi.Symptoms, that included features intended to 
enhance usability for older patients. Our design process was guided by inclusive design principles, which ensure 
usability for the widest range of possible users with the widest range of abilities2. We recruited older adults from 
inpatient and ambulatory cardiac units at a large, urban academic medical center who were diagnosed with HF and 
fluent in English or Spanish. Participants completed 11 PROMIS short-form questionnaires using mi.Symptoms, and 
used the Health Information Technology Usability Evaluation Scale (Health-ITUES) to assess usability of 
mi.Symptoms. We conducted standard descriptive statistics to describe PROMIS and Health-ITUES data and 
analysis of variance (ANOVA) to evaluate whether usability differed by age using SAS 9.4. 
 
Results 
Of the 168 participants we recruited into this study, 27% were 65-74 years and 10% were 75 years of age or older. 
The sample was 63% male and 68% racial minorities. Nearly half reported not enough financial resources (43.7%), 
high school or less education (43.5%), and inadequate health literacy (47.6%). Almost a third had no computer 
access at home (30.4%), and a quarter did not have Internet access (26.2%). Based on PROMIS data, the most 
burdensome areas of self-reported health were physical function, pain interference, and fatigue. Participants reported 
mi.Symptoms to be highly usable, and usability did not significantly differ by age (Table 1). 
 

Table 1. mi. Symptoms Usability (Health-ITUES) 
 Mean Scores Overall Mean Scores by Age 
  <65 65-74 >75 p 

Total Perceived Usefulness 4.02 (±0.84) 3.97 (±0.75) 3.95 (±0.89) 4.05 (±0.90) 0.91 
Total Perceived Ease-of-Use 3.91 (± 0.89) 3.80 (±0.79) 3.72 (±0.98) 3.89 (±1.06) 0.77 

 

Conclusion 
This study demonstrating feasibility of an inclusively designed mobile application for older adults with heart failure 
represents a first step towards multiple inquiries into the electronic collection and use of PROMIS for the monitoring 
and management of older adults in clinical practice. 
 
Funding: This work was supported by the NIH/NINR under award number R00NR016275 (PI: Masterson Creber). 
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Introduction  
Large amounts of data in the clinical environment are constantly being recorded. Oftentimes, the data can be 
structured, such as vital signs and diagnosis codes, and easily extracted; however, many times the data can be 
unstructured, such as clinical notes, and these data are often significantly more difficult to analyze. However, these 
texts often contain meta information that may not be explicit within the structured data and can create new domains 
for analysis. Additionally, structured data can present challenges; diagnosis codes often are unreliable in secondary 
analysis as coding can oversimplify symptoms and diagnoses leading to coding uncertainties and the fact that coding 
errors may be present from unintentional mistakes or even upcoding [1, 2]. Here, we phenotype patients in acute 
care from a local hospital for housing stability using both extracted clinical notes and diagnosis codes and seek to 
identify the feasibility and usability of enhancing the accuracy phenotyping via extracted clinical notes.  
 

Methods and Results 
We extracted structured data and relevant clinical text data (including social history, habits, and opioid use) over the 
past five years from patients in acute care from 2017-2018. To narrow the scope of our exploration, we decided to 
look at housing stability. We queried extracted social history text using a rule-based regex SQL query from Admit 
and ED notes and manually verified extraction and the presence of housing (in)stability notes with a random set of 
ten patients. Once confirmed, we manually labelled the sentiment of the text, treating each entry independently. 
21,876 entries were extracted and the first 6000 were manually labelled. Due to missing data only 1,785 rows were 
manually labelled as “housing stable” (0) and “housing unstable” (1), covering 200 unique patients, of which 71 
(35%) are scored homeless, and 1,361 unique encounters. This subset was split into testing and training sets (70/30). 
We used n-gram (n = 1, 2) logistic regression, with default parameters, to predict housing stability and had 91.2% 
accuracy, 91%/89% (0/1) precision, and 92%/87% (0/1) recall. The test model found phrases such as ‘homeless 
living’, ‘shelter’, ‘homelessness’, ‘currently homeless’, ‘recent drug’, ‘homeless tobacco’ to be indicative of housing 
instability. When applying the model to our entire set of social history text blocks, we classified a total of 3,210 
unique patients. A scoring metric was generated by taking each encounter and averaging the classification; therefore, 
for each patient we generated a housing score between 0 and 1, where 0 indicates housing stability. A total of 1,016 
patients had a score of 0 and were immediately classified as “housing stable”. For patients with a housing score 
between 0-0.5, we decided to classify those patients as housing stable for simplicity, raising the number of “housing 
stable” patients to 2,217. Finally, we had 993 patients who were classified as “housing unstable”. We also extracted 
diagnosis codes related to housing stability for the aforementioned list of patients, including both ICD 9 and 10 
codes (V60.X and Z59.X), resulting in 167 unique patients having a housing instability related diagnosis code. 158 
(94.6%) patients that were extracted via ICD codes were found using the text classifier. However, 8 patients were 
classified as housing stable through text classification but had a related ICD code indicating housing instability. 
 

Discussion and Conclusion 
From our preliminary analysis, we can first see that text classifiers are promising when applied to extracted clinical 
notes for housing stability. Additionally, we found that diagnosis codes vary and may not be the most holistic 
approach to understanding housing stability and potentially other social determinants as coding can vary. 
Limitations with our approach include: (1) often times when social factors were unable to be assessed due to patient 
condition, notes were either left empty or a previously recorded entry was copied forward, yielding in 5.7% of the 
social history text as duplicates and (2) housing stability notes were complex as homelessness qualities were 
recorded differently amongst providers (e.g. shorthand and spelling of local facilities). 
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Introduction

With the advancement of internet technologies, more patients and their caregivers seek information related
to their health issues online [1]. However, they often encounter problems in understanding online health
information; one of the reasons would be lack of knowledge to understand the content. The overarching
goal of our project (R01LM013038) is to develop a recommender system that personalize online health-
related materials to patients and their caregivers based on their needs, preference, and knowledge level. Our
recommender system will address the knowledge discrepancy between patients and online health information,
and accurately estimate the required knowledge level in online health materials as well as knowledge level
of patients and caregivers. As a part of the project, we developed an automatic estimation technique on
the domain specificity of medical terminologies using Wikipedia. Domain specificity measures the extent to
which a term is specific to a domain [2]. Furthermore, we will investigate whether the domain specificity of
terminologies can predict the difficulty level on the online health information.

Methodology
Existing research, in general, uses language complexity, readability, morphology and embeddings [1] to

predict the understanding difficulty in documents. A recent research utilized the overlap of document words
with unified medical language system (UMLS) lexicon as the difficulty indicator [3]. The assumption is
that documents with high medical knowledge will share more vocabulary with UMLS. However, UMLS
is an amalgamation of many ontologies, thus it contains both specialized medical terms that need high
medical knowledge (e.g., myocardial infarction, carcinoma) as well as many generic terms that require little
medical knowledge (heart attack, cancer). Therefore, UMLS terms need further differentiation based on
required medical knowledge in order for them to provide more accurate indications on difficult documents.
To address this problem, we propose to estimate UMLS terms’ domain specificity utilizing Wikipedia article
and category information.

To obtain the domain specificity of medical terms, we utilized Wikipedia Category Graph (WCG) [4],
which contains Wikipedia articles and their associated Wikipedia Categories. The assumption is that special-
ized vocabulary occurs within a tightly clustered categories, whereas generic words appear in many categories
that scatter with wide coverage. To calculate the domain specificity of a UMLS term, we calculate the num-
ber of categories directly connected to Wikipedia articles containing the UMLS term. We are exploring more
sophisticated domain specificity measures.

Document Categorization Results
To evaluate the importance of medical term domain specificity, we used a document categorization model,

which is a two-class logistic regression classifier. The model classifies a document in difficult or not diffi-
cult. Along with linguistic features [1], we included the average domain specificity of all UMLS terms in
the document as a feature. We experimented on the data set of 200 MedlinePlus documents,on ovarian
cancer, selected and annotated by experts (annotated difficult or not difficult) and performed ten-fold cross-
validation. F1-score of baseline model with linguistic baseline features (average length of terms, the average
length of sentences, number of UMLS terms in the document, glove based document embedding [1]) is 75.3%
and addition of domain specificity improved performance to 76.83% F1-score.

Conclusion
In this work, we concluded that predicting medical document difficulty benefits by utilizing medical term

domain specificity. To obtain domain specificity of medical term we explored Wikipedia. This work is a
fundamental step of knowledge-appropriate recommendation of online health material.
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Abstract 

Patient Safety Organizations (PSOs) data mine incident reports to identify and develop solutions to common patient 

safety and quality issues. Often, data mining consists of manually examining and classifying information from 

thousands of reports received over an annual basis, a time consuming and subjective task. An automated workflow to 

characterize incident reports by severity could improve information retrieval of appropriate events by applying 

augmented intelligence to fill in gaps or misapplied rules in documentation.  This process could lead to implementation 

of reliable solutions and safeguards to prevent harm.  

Introduction 

PSOs receive thousands of incident reports per year from health care workers at PSO member facilities. Incident 

reports include incidents or near misses involving patients, visitors, or employees.  PSOs aggregate the incidents 

and retrieve appropriate information from their database to provide feedback, such as safety trends, alerts about high 

risk issues and special topic reports to members with a goal of improving quality and patient safety. Despite a common 

format standard developed by the Agency for Healthcare Quality and Research (AHRQ) and built by vendors into 

many incident reporting systems, busy health care workers often only document relevant details in free text event 

descriptions. Manual review of a single incident can take as long as 3-5 minutes to determine accuracy of level of 

harm, event type and inclusion/exclusion in facility and overall topic trends. PSO data analysts use key word searches 

to speed information retrieval but the need for an augmented intelligence process using Natural Language Processing 

(NLP) is a viable solution to enhance PSO data mining capabilities. The goal of this study was to build a classifier to 

predict harm level from incident reports, allowing PSO analysts to flag reports that mismatch the predicted level of 

harm for further investigation.  

Methods 

De-identified incident reports were collected from Jan 1, 2015 to Feb 1, 2020. In total 94,736 reports across 19 

facilities were collected. Fields included  event date, event time, facility, location (e.g., nursing unit), patient type 

(e.g., inpatient, emergency), gender, event description, and extent of harm. Event descriptions were processed (stop 

word removal, stemming and tokenization) using the Natural Language Toolkit (nltk) library.  Harm events (target 

variable) were binned into three categories (no harm, mild/moderate harm, severe harm). Care events were then split 

into a training set (80% of the reports) and testing set (20% of the reports). Logistic regression was used the gold 

standard to assess algorithm performance. Models used included Naïve Bayes, Support Vector Machines using the 

SKLearn library and Neural Networks (NN) were trained utilizing the Tensor Flow library coupled with the Keras 

functional application programming interface.  

Results 

 Optimal performance (AUC = 0.9434) was obtained by training a two-channel convolutional neural network (CNN). 

Channel one consisted of the tokens generated from preprocessing and channel two consisted of the term frequency-

inverse document frequency (TF-IDF) representation of the care events. The amount of time to clean and prepare the 

training and validation sets was under 10 minutes. The amount of time required to train the CNN model was 240 

minutes.  

Conclusions  

NLP in combination with NN can be used to accurately classify patient safety events, giving organizations the 

ability to rapidly investigate and respond, potentially improving patient safety. By integrating our model into the 

data architecture of patient incident report submission, near real-time alerts for dangerous patient safety situations 

could be developed, flagging those reports where there is a mismatch between the predicted level of harm and the 

staff reported level of harm.  
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Introduction: The World Database for Pediatric and Congenital Heart Surgery (WDPCHS) is a global clinical registry 

whose mission is to “collect vital information, allowing cardiac surgical centers worldwide to benchmark their 

outcomes and improve the quality of congenital heart disease care”1. At launch, the registry collected data solely 

through a web-based data entry system (WBDE) that required end users to manually enter the required surgical, pre- 

and post-operative, and follow-up visit information into the web application. To create an alternative path for data 

collection, this project was undertaken to design, build, and implement the first phase of an interoperability platform 

for the WDPCHS. This platform will let participating centers (or groups of centers) to submit their data to the 

WDPCHS via an electronic batch import process, thus providing the option for participants to utilize a local 

information system for collecting clinical data and therefore reducing double entry, which has been shown to improve 

accuracy2. Additionally, the Chinese National Congenital Surgery Database entered an agreement with the WDPCHS 

to share data, which required an interface for routine, efficient transfer of data from the Chinese database to the 

WDPCHS.  Since the Chinese database was modeled on the WDPCHS, many issues of cultural translation and 

programming differences were minimal. 

Methods & Process: This first phase of the project implemented a custom module to the WDPCHS software for 

accepting batches of data via XML/CSV files. Comprehensive documentation, including sample files & reports, 

detailed data specifications, and diagrams, was developed to assist potential users of the “Batch Submission” process 

as well as explain the concept to non-technical staff. Internal testing was augmented with test data from the Chinese 

database, and the process was released to the production registry in 

March 2020. 

The “Batch Submission” process (see Figure A) is a user-initiated 

process that begins with extraction of data from the local data 

system (or national database) into an XML/CSV file. The file is 

then uploaded to the WDPCHS and verified for format, structure, 

and data types, then loaded into staging tables. A second validation 

process checks for referential integrity, semantic errors, and 

business rules adherence. Erroneous records are flagged and the 

valid records are transformed and loaded into the operational 

tables. A final verification report is provided to allow for correction 

of errors and resubmission.   

Results and Conclusion: The introduction of batch data 

submission led to modifications of the core rules that operate the 

WDPCHS: the minimum data requirements were lowered to allow for higher volume of valid records from systems 

that may not contain all data fields in the WDPCHS; new identifiers were added to the WDPCHS to better match 

records across multiple submissions; the security and administrative processes were modified; and reports were 

expanded to include finer detail of data quality metrics, including data submission activity and analysis of missing 

data. Future work includes monitoring site enrollment to determine if the new electronic process entices more 

participation in the WDPCHS, as well as comprehensive analysis to gauge the data quality of manually entered data 

compared to batch submission. Also, modification of the WDPCHS to use standard vocabularies and international 

healthcare data formats as well as enhancing the batch submission process to use fully automated methods will result 

in a more comprehensive solution for interoperability that can serve as a model to benefit other registries.  
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Introduction: As we continue to progress with the use of Electronic Health Records (EHR), there is a need to 
improve nurses’ user experience with the EHR (UX). Task-technology fit (TTF) theory1 helps us examine the 
impact of the EHR on nurses’ performance by measuring how certain systems fit certain task, technology, and 
individual characteristics. As organizations continue to focus on optimizing their EHRs with an emphasis on UX, an 
understanding of nurses’ TTF in the EHR is warranted.  

Purpose: The purpose of this study is to quantify nurses’ task-technology fit in relationship to subjective workload, 
time in the EHR, and composite performance in the EHR.  

Method: Using a cross-sectional quantitative design, this study examined the relationship between individual, task, 
and technology characteristics to subjective workload, EHR efficiency, and a composite score for performance. 
Individual characteristics were measured using age, years of nursing practice, EHR proficiency, and computer 
proficiency. TTF was measured using the TTF questionnaire with 8 dimensions such as ease of use/training, 
informatics staff relationship, and system reliability. Performance was measured using three variables: 1) subjective 
workload (NASA-TLX)2, 2) time spent in the EHR, and 3) composite performance. Pearson’s correlation test and 
multiple regression were used to analyze data.  

Results: In a sample size of 95 nurses, 50% were white, 84% were females, 83% considered themselves as EHR 
proficient, and 52% worked in a Medical/Surgical or ICU unit. The study revealed that age was negatively 
correlated to ease of use or training of the EHR (r = –.29, p = .006), to relationship with informatics staff (r = –.23, p 
= 0.39), and to quality of data (r = –.30, p = .006). Age was also negatively correlated to TTF (r = –.32, p = .006). 
TTF was also negatively correlated to years of practice (r = –.34, p = 0.003). In examining the correlations between 
the dimensions of TTF and subjective workload, ease of use/training and relationship with informatics staff had the 
most significant correlations with workload. TTF was negatively correlated to the overall subjective workload (r = -
.28, p = .016).  In a regression model of TTF to subjective workload, this model found that for every unit increase of 
TTF, an 11.61% decrease in nurses’ workload can be predicted. This model accounted for 6.5% of the variability 
observed in nurses’ subjective workload (R2 = .065, F(1, 72) = 6.09, p = .016). In another model, TTF had a 
significant effect to composite performance. This model accounted for 44.9% of the variability observed in nurses’ 
workload (R2 = .449, F(1, 68) = 57.18, p < .001). In another model using 4 dimensions of TTF, we found that 
relationship with informatics (β = .23, p = .003) and compatibility of data (β = .16, p = .008) were significant 
predictors on nurses’ performance within the EHR. This model accounted for 31.4% of the variability observed in 
nurses’ performance (R2 = .314, F (4, 65) = 8.88, p < .001). Other predictors that were not included in the model 
may have resulted in a low model fit/explanatory power (r square). Although the TTF framework includes eight 
different predictors, we only included the four dimensions based on a previous study evaluating TTF and user 
performance for an EHR system3. 

Discussion: This study attempted to examine the relationship between the task, technology, and individual 
characteristics that may contribute to impacting nurses’ performance within the EHR. As healthcare organizations 
may not have a direct impact on making design changes to the usability of the EHR due to vendor constraints, 
organizations can help mitigate some of these issues by leveraging their informatics staff to improve their nurses’ 
performance within the EHR. Informatics nurses, in particular, are adept clinicians who can bridge between 
information technology and clinicians. An EHR must also have accurate and compatible data to lessen nurses’ 
workload. Also, EHR training is an essential component of every organization. EHR training should not be 
shorthanded, and an increased emphasis should be given in developing ample and workflow based EHR training. 
Training should be an ongoing effort due to system code upgrades and constant changes to practice. 

Conclusion: This study identified the different task-technology fit characteristics that may impact nurses’ 
performance within the EHR. As healthcare organizations continue to strive to provide a frictionless UX, emphasis 
needs to be given on delivering a good fit between task, technology, and individual characteristics. We owe our 
nurses a more robust understanding of the different factors that impact their UX when we introduce technologies 
such as EHRs that disrupt existing clinical workflow. In turn, we can then develop action plans to support nurses so 
they can continue to provide quality care to our patients without the burden of technology interruptions.  
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Introduction 

A common request from our customers is to map their specific drug formulary items to a standard terminology such 

as RxNorm.  Because customer drug formularies can exist at varying granularity levels and can also be inconsistent 

in granularity even within the same formulary, “text string” matching between the source and the target terminologies 

requires human review, even with the help of advanced matching algorithms in mapping tools, which can in turn 

introduce inconsistency in mapping decisions.  We explored using relationships to define and map the individual drug 

attribute concepts, starting with maintaining the parent-child hierarchies in each drug attribute domain (ingredient, 

dose form, route, etc.).  By leveraging each attribute domain individually, we can more accurately account for 

variability and tune our searches to the level of granularity required by the concept or source value set. 

Methods and Discussions 

We define clinical drug concepts through relationships to drug attributes such as ingredient, strength, dose form, route 

of administration, brand name, and, in some cases, packaging.  A “clinical drug” is defined as an ingredient and one 

other defining attribute, such as a route or a form, in our drug model. A client would have a pharmaceutical value set 

or a category of drugs (source terminology) to be mapped to a target standard terminology such as SNOMED CT or 

RxNorm.  The map requested could be 1:1, but more often is 1:many, in that the request is to “group” all applicable 

target concepts to a source concept, e.g., “injectable epinephrine and lidocaine”. All drug concepts from the target 

terminology that have epinephrine and lidocaine as ingredients and injection as the route/method would be mapped. 

It can be difficult to be accurate and complete in mapping because the number of different combinations of attributes 

can be large. Simply querying for matching text string values is time intensive and prone to missing possible matches 

because of the inherent variability in the way drug concepts are described by each drug vocabulary. A more effective 

method is to map all possible drug attributes to the concepts in our terminology server, the 3M Healthcare Data 

Dictionary (HDD), and leverage the parent-child relationships between them.  Having a fully attributed drug model 

and resultant hierarchies in the HDD reduces the update effort, because for each new release, the manual labor consists 

of creating any new drug attributes, e.g., new dose forms, and placing them within the existing dose form hierarchy. 

Once that is done, the rest of the release can be automatically mapped. For example, if “8-hour extended release tablet” 

is new, then it is related (as a child) to the parent dose form “extended release tablet”.  Drug ingredients and biologicals 

are arranged in a salt-base hierarchy, e.g., “lidocaine hydrochloride is-a lidocaine and “rituximab-abbs is-a rituximab”. 

Designing queries to surface like content between disparate sources was challenging, needing to consider granularity 

differences and define relationship(s) utilized within each terminology.  For the “injectable epinephrine and lidocaine” 

example, we considered all subtypes of injection and every combination of each ingredient(s)/salt(s) when querying. 

There are 3 salts of epinephrine plus the base ingredient (n=4); 2 salts of lidocaine plus the base ingredient (n=3); and 

a dozen subtypes of injections such as intravenous, subcutaneous, etc., (n=12).  Just these combinatorial possibilities 

would be 4X3X12=144.  There are scores of possible dose forms (e.g. suspension, solution, powder for solution for 

injection, powder for suspension, etc.) to consider, which could increase the possibilities into the thousands.  It is easy 

to see how combinatorial explosion further complicates the differences between terminologies.  Understanding these 

differences and considering what is possible is essential when mapping from one terminology to another. 

Conclusions 

Combinatorial explosion is a common issue in medical terminologies in general and drug terminologies specifically, 

which makes matching by comparing text strings inefficient and inaccurate. The approach of understanding source 

and target terminology differences and leveraging parent-child relationships within all respective attributable domains 

allows queries to find nuances between terminologies and levels of granularity. Mapping the individual clinical drug 

attributes and leveraging the relationships to “auto-map” would enable indexing all combinatorial possibilities in a 

fraction of the time it takes to manually evaluate each text string match. 
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Introduction 

Increasing rate of opioid overdose deaths has become an urgent public health problem in the US1. Since launched in 

2003, the ECHO project has been leveraged to address the need for accessible, comprehensive clinician education in 

pain management and substance use disorder2. More than 160 hubs in the US and 12 other countries now offer the 

ECHO pain, palliative care, and opioid programs2. Evaluating the effectiveness of these training programs is important. 

However, many ECHO hubs reported the lack of time, funding, and expertise preventing them from performing 

evaluations of their own and across ECHO programs. We propose an evaluation framework which harmonizes 

available data sources to evaluate impacts of ECHO Pain and Opioid Training program on patients and clinicians.  

Evaluation Framework: Methods, Results and Discussion 

We characterized and discovered metadata from various ECHO informational resources, existing datasets, and 

exemplar evaluation metrics, to develop this harmonized framework by iteratively refining it with expert review. The 

data, data sources, and data model used in this framework are categorized into three domains (Figure 1). The 

intervention domain includes data representing training sessions offered by a program and organizational regulations. 

MetaMap is used to map concepts within the intervention domain data collected from various ECHO Pain and Opioid 

Training programs and create a harmonized system of training, and leverage the concept hierarchy to score the 

importance of the training topics and their completion among participants. The provider and patient domain data 

include questionnaires, assessments, and data extracted from electronic medical records, and are used for comparisons 

of the self-efficacy and knowledge of providers before and after the training, the patient outcomes for providers with 

and without completion of the training programs. We are instantiating this framework in a graph database limiting the 

introduction of semantic dissonance and retaining complex real world relationships. Our modeling approach 

incorporates metadata about data granularities, available surrogates, and associate data uncertainties, thereby 

accommodating evaluation analysis even as there is varied availability of different data elements across ECHO sites.  

                                                           
Figure 1. Data, data sources, and data sets used in the evaluation model 

Future Goals 

The goal is to apply the model on collecting data for the accessible past and ongoing ECHO Pain and Opioid Programs 

and to develop a comprehensive set of data analysis and reporting. 
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Bariatric surgery increases the risk of low thiamine levels.1 Patients with low thiamine levels after bariatric surgery 
may present with nausea, vomiting, and dehydration. Delayed treatment of thiamine deficiency may result in 
development of Wernicke’s Encephalopathy, Beriberi, and permanent neurological deficit.2 In our routine screening 
for thiamine deficiency postoperatively 38% to 57% of patients exhibited low thiamine within the first three months. 

Busy clinicians may not be made aware of a patient’s recent history of bariatric surgery and risk of thiamine deficiency 
when treating them for nausea, vomiting and dehydration. To augment our providers’ ability to detect and treat this 
rare but potentially catastrophic clinical condition, we implemented workflow-embedded decision support in the 
electronic health record (EHR), in the form of a data-driven alert. 

The alert is triggered when a provider orders intravenous fluids or anti-emetics on a patient who has had a bariatric 
surgery in the previous six months. Both the EHR and an external population health record are queried for evidence 
of a recent surgery. The alert informs the ordering provider that the patient has had a bariatric surgery in the previous 
6 months (procedure details are provided when available). It advises the provider that it is possible that the patient 
may be suffering from low thiamine levels related to their bariatric surgery. Associated risks are described, and 
providers are encouraged to consider thiamine administration and rapid follow up with the bariatric surgeon. 

At the recommendation of practicing providers, alerts were suppressed for patients with a normal thiamine level within 
the last week or who have already had replacement thiamine, or a thiamine level ordered on the current visit. The alert 
is similarly limited to patients in settings where a patient is likely to present with post-bariatric surgery thiamine 
deficiencies, for example emergency departments and urgent care centers. 

To assess the impact of the alert, we analyzed equivalent encounters before and after the implementation of the alert. 
In the 68 days preceding implementation, there were 34 qualifying visits where a patient with a bariatric surgery in 
the previous six months received an order for intravenous fluids or anti-emetics. Of these patients, two (5.9%) received 
an order for replacement thiamine or a thiamine level following the first order for fluid or anti-emetics.  In the 51 days 
following implementation, there were 29 qualifying visits. Of these, 13 (44.8%) received an order for replacement 
thiamine or a thiamine level following the first order for fluid or anti-emetics (p < 0.0005). One of the 29 alerts (3.4%) 
was generated as a result of a surgery documented only in the population health record, not in the EHR. 

Implementation of this alert was associated with increased frequency of thiamine lab and medication ordering. 
Additional evaluation would be needed to confirm this increase in thiamine ordering is associated with a decrease in 
development of permanent neurological deficits. We believe rare but potentially catastrophic medical conditions like 
that described here are appropriate targets for alert-based decision support. Additionally, we advocate conducting 
pre/post implementation analysis to confirm desired objectives of implemented decision support have been achieved. 
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Abstract 

We measure on-time performance of point of care (POC) glucose testing in hospitalized adults by analyzing tests in 

consecutive pairs to calculate the time elapsed between each test. We classify each consecutive pair as “acceptable” 

or “delayed” and then analyze the distribution of the classes across inpatient care units as a process measure. This 

metric helped us identify areas for high-impact intervention, and guided development of other measures. 
 

Introduction 

Scheduled point of care (POC) glucose testing is an important component of inpatient glycemic control for patients 

with diabetes, and it is a component of standardized order sets for avoiding hyper- and hypoglycemia1,2. Nurses 

measure POC glucose values at the bedside with a portable glucometer, and the glucometer transmits the results 

immediately to the electronic health record (EHR). However, interruptions to an increasingly heavier nursing 

workload can cause missing or delayed testing, increasing risk for diabetes complications3. To effectively identify 

hospital locations for meaningful interventions, our study assesses the on-time performance of POC glucose 

measurements by patient care units as a process measure using our EHR data.  
 

Methods 

Each POC test event and its subsequent event are grouped into consecutive pairs (for example, a sequence of 10 test 

events would have 9 consecutive pairs). We collected 598,700 consecutive pairs of tests from 11,168 patients that had 

a diagnosis of diabetes between 2016 and 2018. Querying data mapped to OMOP schema 5.3 using PostgreSQL, we 

calculated the time elapsed between each consecutive pair of test events. A team of clinicians used subject expertise 

to define acceptable interval lengths according to time of day. For example, if glucose testing occurred at 8 AM, the 

next test for that patient should occur no later than 4 PM. If testing occurred at 8 PM, the next test should occur no 

later than 9 AM the next morning. We then analyzed the distribution of “acceptable” and “delayed” consecutive pairs 

for each patient care unit. Collected data, including location, glucose value, and timestamps, were validated with chart 

reviews to verify EHR data quality. 
 

Results 

6% of POC glucose testing intervals were classified as “delayed,” with a median duration of 9.5 hours, and often 

starting after 5PM. The bedtime and breakfast POC tests had a higher incidence of being late or skipped. The best on-

time performance occurred with inpatient admission units such as medicine and ICU wards, and worse performance 

occurred in the emergency department and inpatient procedural holding areas.  
 

Discussion 

The on-time performance tended to deteriorate outside of usual business hours of 9AM to 5PM. This could be due to 

inconsistent meal tray delivery times and interruptions due to procedures or testing, etc. in the setting of insufficient 

staffing. Our results helped the clinical team launch additional quality improvement efforts with nursing staff to pursue 

more usable real-time reporting rather than EHR design alterations. One limitation of our study was the lack of data 

about when patients were NPO or eating, a factor which could affect whether testing intervals are appropriate. 
 

Conclusion 

We analyzed glucose testing in consecutive pairs as a novel process measure to evaluate the on-time performance of 

POC glucose testing. We identified patient care units to target intervention efforts. Because we used the standard 

OMOP model, our method could be applied to EHR data at other institutions. It could also be useful in evaluating 

performance for other clinical events that are periodic in nature. 
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Background: During the last decade there has been an important underreporting and low quality in the 

report of causes of death (COD) in Peru1. Worldwide, Verbal Autopsy (VA) is considered as an alternative 

to close this gap because it allows estimating possible COD with a high degree of precision2. The still 

persistent problem regarding VA lies in the dissemination of the tool and training in its use to the health 
personnel of the region to be applied.  

 

Description of the experience: We develop an educational project aimed to train more than 4000 health 

professionals working in rural areas of Peru from the Rural and Urban-Marginal Health Service (SERUMS) 

in the use and application of VA trough online courses during the period 2018 – 2019. E-learning tools 

were used to adapt international materials, create educational videos and forums. For the practical training, 

the Kobo-Collect computer tool was used in mobile devices to carry out real interviews whose data were 

evaluated from Lima. 

 

Results and conclusions: We found that there is an apparent lack of perceived need for training in VA 

aspects among SERUMS health professionals of Peru, since, despite the availability, facilities and 
incentives, few effectively completed the proposed online courses. These findings merit a more detailed 

study to find gaps and reasons for the low adherence rate.   
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Introduction  

Heart failure (HF) is the leading cause of hospitalization among older patients in the United States. 1More than 80% of HF 
patients have multiple comorbidities or cognitive impairments that are barriers to effectively managing HF on their own,2 
necessitating engaging other people to help them. Engaging informal caregivers (ICGs) like patients’ family or friends in helping 
HF patients have shown to improve health outcomes and reduce frequent hospitalizations.3  The purpose of this subject matter 
expert (SME) knowledge elicitation work was to characterize decision making in engaging HF patients’ ICGs for helping with 
self-care by clinicians from different disciplines. 

Methods  

We used the Naturalistic Decision Making (NDM) theory4 and Cognitive Task Analysis (CTA) approach 5 to design our study. 
This work was exempt by the IRB. We conducted word of mouth recruitment and semi-structured interviews. After obtaining the 
participant’s consent, we started asking questions focusing on 1) clinicians’ perception of engaging ICGs, 2) situational factors 
that inform clinicians’ decisions for engaging ICGs, and 3) approaches clinicians use to engage ICGs.5 Two researchers 
conducted content analysis by hand-coding the interview notes independently following an iterative approach. 6 The initial set of 
codes (i.e., deductive) was informed by the NDM theory. If interview responses could not be coded based on existing codes, new 
codes were defined (i.e., inductive). Researchers then compared the coded notes to resolve disagreements by discussions.  

Results  

SMEs participating in our study included four clinicians (50% male) from medicine, nursing, physical therapy, and occupational 
therapy disciplines with 3-20 years (avg ~ 10) experience working with HF patients. The three major findings include: 1) all 
disciplines agreed engaging committed ICGs helps with improving patient health outcomes, 2) ICGs are a reliable source of 
information to confirm patients’ adherence to treatments, and 3) the decision to engage ICGs is influenced by multiple factors. 
The contextual factors included clinician’s expected outcomes their experience, values, and skills. Examples of situational factors 
influencing clinician’s decisions are their perception of the dynamic between patients and ICGs, the co-habitation status between 
patients and ICGs, and the ICG’s reliability. Clinicians’ expectations of ICG support varied across disciplines, ranging from 
helping patients with medication and diet to supporting them mentally and physically. Clinicians reported that they initiate 
engagement with ICGs by involving them in the conversation and making eye contact. Clinicians also reported the lack of 
standard processes to follow when there are no ICGs present with their patients.  Of note are the differences across disciplines in 
the amount of time they can spend with patients and ICGs and the amount of formal education they receive to work with ICGs. 

Conclusion  

Our SME knowledge elicitation is a pilot study as it only included a very small sample. Future research should include a 
sufficient sample of clinicians across different disciplines. The differences in clinicians’ expectations of ICGs call for further 
research to inform patients and ICGs roles and responsibilities for building an effective team to improve HF self-care. 
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Introduction 

There is growing interest in developing prognostic models that produce absolute measures if risk for an outcome of 

interest (e.g. time-to-death). These provide an effective way of communicating risks with patients and aid decision-

making. A vital component of these models is the baseline hazard, which is essential to acquiring absolute risk 

measures. To model this, the Cox model from survival analysis is most commonly utilised, where parametric 

distributions are typically used to model the baseline hazard. However, these lack the flexibility needed to capture 

complex behaviours that are observed in real-world settings. Alternatively, flexible parametric methods use cubic 

splines or fractional polynomials, but such models are difficult to validate and the quantification of uncertainty 

outside of the data-rich regions can be very poor. We therefore propose the use of a non-linear Gaussian Process 

Cox model, which solves both the problem with regards to flexibility and uncertainty quantification. We assume a 

piecewise linear baseline hazard and smooth it using a Gaussian Process. In this way, the level of smoothing can be 

estimated from data, and uncertainty in predictions increases the further one gets from data-rich regions in an 

appropriate way. The results from a simulation study are presented, showing the predictive accuracy of our method 

is comparable with existing methods, across a range of representative scenarios. This has potential not only for 

prediction modelling in healthcare, but other mathematical and engineering settings that use survival analysis. 
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Background 

There are 3.8 million breast cancer survivors in the United States. However, patients 

frequently experience chemotherapy-related side effects (Figure 1), with an increasing 

focus on chemotherapy-related cognitive impairment (CRCI), informally referred to as 

“Chemo Brain.” CRCI affects 13% to 70% of patients, and though patient-reported 

cognitive symptoms are common, they are confounded by anxiety, depression, 

emotional stress, and potential brain metastatic disease or irradiation. Barriers exist in 

testing for cognitive impairment in clinical practice due to time, resource, and expertise 

limitations. Employing patient-generated data via wearable and passive sensors may 

alleviate these bottlenecks.  

Purpose 

Our aim is to identify digital phenotype characteristics of CRCI in breast cancer patients. 

The rationale behind this as supported by preliminary data is that patients desire better, 

more convenient monitoring options for treatment-related side effects and that 

oncologists also desire a more convenient cost-effective mechanism to screen patients 

for cognitive decline. For this reason, the use of a Fitbit and applications to monitor patient 

smartphone interactions not only offer convenience to both the patient and oncologist, but 

presents us with more data that can be collected inside of a traditional study visit. 
Methods 

We will recruit 20 patients who have received chemotherapy within 3 

months with self-reported (or diagnosed) symptoms of cognitive 

impairment from the University of California San Diego (UCSD) Health 

Medical Center, excluding patients with brain metastasis, brain 

irradiation, stage IV disease, uncontrolled neuropsychiatric diagnoses, or 

prescribed psychoactive medications.  

Subjects enrolled in this study will participate in two in-clinic study visits 

that will measure their cognitive status through the use of 

Neuropsychological testing, including: the Hopkins Verbal Learning Test 

Revised, Trail Making Test, Controlled Oral Word Association Test, and the Stroop Test. We will assess mood using 

the Beck Depression/Anxiety Inventories and collect patient-reported outcomes with the Functional Assessment of 

Cancer Therapy: Cognitive and the EORTC Quality of Life Questionnaire. Real-time information will be collected on 

the study subject’s sleep cycles, activity times, and heart rate from a wrist-worn actigraph (Fitbit Charge 2, Fitbit, Inc). 

Additionally, the BiAffect smartphone app will be used to collect typing kinematics metadata while subjects interact 

with their phones.  

Results 

From 2017 to 2020, approximately 2000 breast cancer 

patients were treated at UCSD with 9.4% of them 

potentially being diagnosed with cognitive issues based 

on administrative data (Table 1). Comorbidities 

including depression, anxiety, and tumor metastasis 

were common.  

Conclusion  

Isolating the effects of CRCI may prove to be 

challenging, however identifying digital phenotype 

characteristics of CRCI in breast cancer patients can 

make the monitoring of treatment-related side effects 

more efficient and convenient.  

 
Figure 1: Possible complications 

of chemotherapy treatment. 

 
Figure 2: Papers published on Chemo Brain from 

1995 to 2019.  

 Average 

Age  

Chief 

Complaint1 

Medications2 Diagnosis of 

Cognitive Issues 

Number of 

patients 

1/1/2017 - 1/1/2020 58 1.3% 1.2% 9.4% 1951 

Depression 58 4.4% 2.3% 18.1% 386 

Anxiety Disorders 56 2.4% 2.2% 16.8% 680 

Stress and 

Adjustment 
Disorders 

54 2.6% 1.4% 16.4% 348 

Dementia 75 31% 17.2% 44.8% 29 

Metastatic Solid 

Tumor 

58 1.2% 1.5% 11.5% 1310 

Congestive Heart 

Failure 

63 1.2% 1.7% 16.6% 241 

Table 1: Preliminary data on BC patients treated at UCSD within the last 3 years 

(measured as occurring within 6 months of oncology treatment).  

1Related to possible cognitive/memory issues, 2Specifically Namenda/Aricept 

(cognition-enhancing medications). 
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Introduction/Background 

Order sets as clinical decision support are impacted by guidelines and regulations. However, when order sets do not 

line up with clinical workflow, clinicians will tend to find alternatives and workarounds to those order sets1. This 

project was designed to look at how existing order sets are used and identify if differences exist in order set use 

between hospitals with different available services that may be in different states or different practice environments. 

Methods 

The studied multi-hospital/multi-state integrated health network is comprised of major medical centers as well as 

critical access hospitals that uses Cerner Millennium as its EHR platform. Orders sets included are from all 

hospitalizations in 2019 for patients ages 18-89 at any of 26 hospitals. Data on PowerPlans and independently 

orderable sub-phases (collectively PPs) as well as Care Sets (CSs) were reviewed. Order sets were excluded if they 

were hidden/inactive, testing-only or if they were specialty- or setting-specific (i.e. oncology, pediatric, ER-specific, 

nursing-specific). This study was approved by the network’s Research Determination Committee. 

Results 

Of eligible order sets, approximately 727k PPs and 1.55M CSs were ordered in 2019. 90% of PPs and 77% of CSs 

were utilized at least once system-wide (Figure 1 shows use over time). Per hospital, utilization of PPs ranged from 

30%-89% of viewable PPs (mean 58%). Universally available PPs had a 97% utilization rate system-wide (per hospital 

data in Figure 2). Some states had differences in their use of available PPs when compared to out-of-state (p-values: 

0.003, <0.001, 0.44). Academic hospitals had higher utilization of available PPs (76% vs. 56%, p-value=0.07) as did 

larger hospitals (cutoff > 30 beds; 75% vs. 38%; p-value<0.001) compared to non-academic and smaller hospitals, 

respectively. Via multivariate regression analysis, hospital size was noted to be the only statistically significant factor 

in the utilization rate of PPs (p-value<0.001). 

 

 

 
 

 

 

 

 

 

Conclusion 

There was a high adoption rate of eligible order sets system-wide, but hospital-specific utilization of order sets was 

variable. It appeared that region and facility size (and probably academic vs. non-academic setting) were contributors 

to differences in PP use. This could be due to different hospital capabilities, population needs and physician preference. 

However, only PP usage was noted to be significantly higher in larger facilities based on multivariate regression 

analysis. Further work is needed to determine why this is the case. 
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Figure 1: Number of unique order sets ordered in 

2019 by month 

Figure 2: Percent utilization of universally available 

PowerPlans by hospital 
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Introduction 

Subjective cognitive decline (SCD), the self-reported experience of worsening or more frequent memory loss, often 

reported in older adults, has been suggested as an early manifestation of Alzheimer’s disease (AD) preceding mild 

cognitive impairment (MCI). Automatic identification of patients with SCD from large electronic health records 

(EHRs) could facilitate the characterization of genetic, clinical and epidemiological traits of SCD and early detection 

of AD. However, it is unclear whether such information has been documented in the electronic health record (EHR). 

Answering this question is important before we develop any tools or models for the identification of SCD patients. In 

this study, we applied a natural language processing (NLP) approach to study the longitudinal clinical documentation 

patterns related to SCD prior to MCI diagnosis. 

Methods 

Study Setting and Cohort. SCD refers to the subjective experience of cognitive decline without objective evidence 

of cognitive deficits; thus, we considered the stage before the diagnosis of MCI as the stage of SCD. The study was 

conducted at Mass General Brigham (MGB) integrated health care system. The study cohort included patients aged 

50-years-old and above with an initial diagnosis of MCI made between January 01, 2019 and December 31, 2019. We 

used two diagnosis codes, G31.84 (ICD-10-CM) and 331.83 (ICD-9-CM), to identify the study cohort. Thereafter, we 

extracted patients’ clinical notes documented within 4 years prior to the diagnosis of MCI. Patients who had been 

followed for less than 1 year in the system prior to the diagnosis were excluded.  

Processing and Analysis of Clinical Notes. We processed the notes by removing non-alphabetic symbols, commonly 

used and high frequency words and human names. We conducted automatic topic modeling using Mallet, an 

implementation of latent Dirichlet allocation (LDA)-based topic modeling, to generate latent topics from the entire 

corpus, followed by topic stabilization to identify topics consistently occurred over three runs of topic models. We 

then conducted trend analysis by calculating the proportion of notes of those cognitive-related topics in the monthly 

corpus over the 4-year 

course prior to the 

diagnosis of MCI.  

Results and Discussions 

A total of 2,593 patients 

were included in the 

study, for whom 847,451 

notes were extracted from 

MGB databases and 

602,812 (71.1%) notes 

were documented within 

4 years prior to the initial 

MCI diagnosis. We 

generated 85 stable 

topics, among which 2 were related to cognitive function. The cognitive assessment topic included words like memory, 

cognitive, difficulty, average, recall, function, word, evaluation, score, impairment, drive, attention, executive, mild, 

find and the cognitive impairment topic included words like memory, delirium, disease, mental, mild, cognitive, 

agitation, tremor, dementia, Parkinson, psych, due, difficulty, admission, impairment, test. Figure 1 shows the 

proportion of mentions of these 2 topics in the clinical notes during the time prior to the MCI diagnosis. From this 

study, we found that in the last 8 months prior to the diagnosis of MCI, there was a relatively increased discussion 

about cognitive assessment and impairment in the clinical notes. These findings will guide the development of a label 

dataset for a machine learning-based NLP tool to identify patients with SCD from clinical notes in the EHR. In further 

study, we will reveal the risk factors for MCI, thus to better understand the disease progression of MCI and AD. 

 

Figure 1. Proportion of notes discussing topics related to cognitive functions prior to the 

diagnosis of mild cognitive impairment.  
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Introduction 

Patients with ovarian cancer (OvCa), the deadliest cancer among women in the United States, face different treatments 
and supportive care needs across a protracted disease trajectory, however, they are struggling with limited information 
access. 1 Our National Library of Medicine (NLM)-funded project is to develop a personalized information access 
system for OvCa patients by recommending most relevant online information. As a first step, we are currently 
retrieving and classifying online resources from Medline Plus and PubMed to build an OvCa resource library. The 
classification of OvCa articles can be time consuming by manually annotation, in this paper, we propose a machine 
learning based iterative annotation method which helps annotator classify OvCa related articles in a productive way. 

Method 

A health librarian (MLK) has extracted OvCa related articles 
from PubMed published within 5 years (n=2,271). Our annotation 
method contains several rounds. First, domain experts (HD, YL) 
and health librarian created potential topics that OvCa patients 
may seek for information on the Internet (n=72). Then, a machine 
learning model based on Naive Bayes2 was trained to predict the 
topic of the given articles. Once the model resulted in articles 
with potential matched topics, three annotators (VH, HR, DP) 
reviewed the result, and re-classified given articles into 72 topics 
if needed. Annotators also suggested appropriate keywords or 
topics for the given article using our Chrome extension 
annotation tool (Figure 1). Based on the suggestion, we re-trained the 
model and tuned keywords.  

Results 

We implemented our annotation tool as a Chrome extension to lower the learning effort of our annotator and to help 
reduce mistake such as typo. Currently, 2,699 keywords and 72 topics have been discovered. The topic model 
accuracy was increased from 0.15 to 0.79. From the feedback of annotators, we found the highlight keywords are 
very helpful to increase the speed of the annotation. 
Conclusion 

We propose the machine learning based iterative annotation system for OvCa article. The feedback from annotators 
showed the potential of the tool to increase the speed of annotation. With several rounds of annotation, the accuracy 
of the model improved as the annotation process continues and provide more training data. We believe that our Chrome 
extension annotation tool will help annotators focus on selecting the most appropriate keywords in a much faster way 
and lower the learning effort of our annotator. For future work, we will adopt more advanced machine learning models 
to see whether this will improve the prediction accuracy. 

Acknowledgement: This study was funded by National Library of Medicine (R01 LM013038). 
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Figure 1. Annotation Interface 
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Introduction  

The COVID-19 pandemic has caused significant stress on the healthcare landscape. In addition to screening, testing, 

treating, and containment factors, health systems globally have had to reevaluate their disaster contingency plans. This 

has led to the rapid alteration of health care delivery, and in the case of Italy to military style mass causality protocols. 

The healthcare stress is further compounded by inefficiencies in understanding all key healthcare resources and 

logistics in a real-time fashion.1 Though many large healthcare organizations have bed board and inventory 

management software, they are not completely suitable to address the issues of a regional/national disaster event. Past 

efforts of capacity management focused on emergency departments and critical care. Based on lessons learned from 

the COVID19 pandemic and other service industries (i.e. airlines, hotel, food services), a framework of key metrics 

to integrate in surge capacity planning and analytics was developed.   

  

Key Metrics   

Four key domains necessary for a successful analytic surge capacity tool include: 1) Identification of all physical 

spatial resources like number of hospital rooms, OR rooms, endoscopy suites 2) Care-limiting equipment like 

ventilators, ECMO devices, beds. 3) Essential personnel/staff resources to accommodate patient flux i.e. providers, 

nurses, registration clerical staff, environmental and food service staff. 4) Forecasting metrics in key patient flow 

bottlenecks. 

  

Data Presentation and Integration   

Once key variables are identified, a system for automatic data acquisition and formatting is important to ensure real-

time data availability. This will ensure appropriate and operational decisions support is made at all levels of the 

healthcare system. Significant barriers with data integration between material management, human capital 

management, and logistics software are common and must be addressed early on to ensure dynamic and flexible 

analytical reporting tools are available.2 Often aspects of supply chain barriers, and personnel sick leave/backups 

schedules are not integrated within the traditional human capital management software systems in healthcare 

organizations. Besides raw data, temporal trends, averages, and peak values are important aspects to display 

numerically and graphically. Bottleneck metrics will be organizationally dependent but often involve, time to 

assessment, and pending test results. Once data is formatted and monitored over time, additional forecasting models 

may be overlaid to help with ongoing planning during a pandemic or prolonged natural disaster (i.e. blizzard). In 

addition to presentation of data, larger healthcare systems may need additional analytic tool functionality to evaluate 

specific location resource limitations and unique issues.   

  

Conclusion  

Disaster planning especially during an active epidemic presents unique barriers but having the key information in a 

single location can improve situational understanding and provides appropriate decisional support for leaders across 

a healthcare system.   
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Introduction  

The HDD team worked with the Regenstrief Institute to map LOINC component parts to open source terminologies 

and ontologies focusing on the LOINC parts domain “Cells”. The Open Biomedical Ontologies, OBO, is a consortium 

of multiple ontologies designed for application in biomedical informatics1. Initially, the OBO Cell Ontology, CL, was 

targeted; however, its coverage of analytes was limited. Analysis of the OBO led to NCIt Plus2 (National Cancer 

Institute thesaurus) due to potential mappings and database cross references. NCIt Plus was created from a partnership 

between the NCI and members of the Monarch Initiative, a multi-institute workgroup focusing on the semantic 

standardization of biological data. NCIt Plus integrates NCIt with multiple OBO ontologies, notably CL and UBERON 

(Uber Anatomy) published via OBO Foundry. OBO Foundry ontologies contain entities or terms which are then 

associated with other terms using relationships from OBO’s Relation Ontology, RO. This mechanism keeps all 

singular terms as granular as possible, allowing for precoordinated terms to exist within the ontologies. For example:   

Phenotype and Trait Ontology (PATO):0001162|Increased Concentration + Chemical Entities of Biological 

Interest (ChEBI):17234|glucose + Foundational Model of Anatomy (FMA):9670|blood   

= Human Phenotype Ontology (HP):0003074|Hyperglycemia & National Cancer Institute Thesaurus 

(NCIt):C26797|Hyperglycemia  

Methods  

The team compared LOINC cell parts against CL entities. The former, used for identifying the analyte in a laboratory 

test, was more specific and precoordinated than the entities in CL. Mapping LOINC cell parts to single NCIt Plus 

entities was attempted first, followed by the OBO’s approach for compound terms and combined multiple NCIt Plus 

entities to create  new compound entities which were equivalent to the corresponding LOINC part. 

Results  

The source terminology contained  1059 unique LOINC parts in the cell domain. The team established 253 (23.8%) 

1:1 equivalent maps to single NCIt Plus terms. An additional 304 LOINC cell parts (28.7%) were mapped to an NCIt 

Plus term that was broader. The remaining 502 LOINC cell parts (47.4%) were mapped using multiple NCIt Plus 

terms to create a semantically equivalent compound term. The result was a map set of 2542 rows for 1059 concepts. 

Some mapping examples are shown below: 

• LOINC Part LP14572-9|Oval macrocytes = NCIt:C48345|Oval + NCIt:C13112|Macrocytic Red Blood Cell  

• LOINC Part LP101258-4|Viable CD34 cells = (NCIt:C12508|Cell or CL:0000000|Cell)   

+ NCIt:C25324|Viable + NCIt:C17280|Hematopoietic Progenitor Cell Antigen CD34   

Mapping between terminologies of differing levels of granularity presents challenges. By adapting the OBO’s 

combined term approach, the limitations of a 1:1 mapping were mitigated and greater mapping coverage of the 

terminology source was achieved. As interoperability efforts in the United States continue to grow, this approach 

should be given further consideration. Although LOINC, the OBO, and NCIt serve different purposes, establishing 

interoperability across terminologies and ontologies enables tooling and models built for either terminology or 

ontology the possibility of achieving greater utility across more diverse datasets. External ontology mappings could 

also help LOINC to organize and aggregate terms according to additional use cases.   
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Introduction: Cystic fibrosis (CF) is an autosomal recessive genetic disorder affecting over 70,000 people worldwide 

and 30,000 people in the United States.1 Although the quality of life of CF patients has increased considerably in the 

past few decades, treatment and exercise regimens are burdensome to patients, and healthcare utilization, such as 

hospitalizations and ED visits, remains high due to poor treatment adherence.2 Mobile applications provide the 

opportunity to refine care models by improving communication between care providers and patients, encouraging 

medication compliance, and empowering patient participation in medical decision making.  

Objective: The purpose of this review was to assess the quality and functionalities of patient-facing mobile apps 

targeted towards supporting CF self-management.  
Methods: We searched 3 online mobile app stores using multiple terms (“cystic fibrosis”, “CF symptoms”, “CF 

management”). The inclusion criteria were apps specifically targeted for patients with Cystic Fibrosis. Apps went 

through a screening process which involved rounds of reviewing titles and descriptions and if inclusion criteria were 

met, apps were evaluated using the Mobile Application Rating Scale (MARS) and IQVIA (formerly IMS Institute for 
Healthcare Informatics) functionality scores. Availability of in-app features consistent with comprehensive CF self-

care behavior guidelines from the Children’s Hospital of Illinois,3 and as noted in a qualitative analysis of CF patient 

interviews,4 were also tallied and compared. Apps were downloaded and assessed independently by a minimum of 

two reviewers. Consistency-of-agreement intraclass correlation coefficients (CA-ICC) were calculated to assess 

interrater reliability. 

Results:  Our search of app stores identified 958 apps although 

only a total of 9 final apps met inclusion criteria. Apps unrelated 

to CF (n=716) or in a non-English language (n=89) were the two 

primary reasons for exclusion. Interrater reliability was high 
(CA-ICC 0.94, 95% CI 0.85-1.00). No reviewed apps fulfilled 

all published self-care guidelines and only 55% (5/9) had 

acceptable MARS scores (>3.0). Similar results are expected 

using other self-care guidelines. The average MARS scores and 

IQVIA functionality scores were 3.2/5 and 4.7/11 respectively. 

Of the 9 apps evaluated, Cystic Fibrosis Manager produced the 

highest MARS (4.1/5) and IQVIA Functionality scores (7/11). 

It also had the most in-app features that met clinical guidelines 

(6/7) and was the only app to include all features that have been 

requested by CF patients (5/5). Only one app, Genia, which 

achieved a MARS score of 3.9/5 and an IQVIA Functionality 
Score of 7/11, had been evaluated in a clinical research study. 

Conclusions:  

Few apps had both high MARS and Functionality scores, and no commercially available apps fulfilled all published 

self-care guidelines. Overall, Cystic Fibrosis Manager appears to be the best option for CF patients currently. 

However, future app development should aim to maximize functionality while including features requested by CF 

patients and those endorsed by clinical guidelines. 
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Introduction 

Caregivers treating patients with non-muscle invasive bladder cancer (NMIBC) face challenges both related to gaps 

in clinical practice guidelines as well as low levels of clinical trial evidence1. Real-world evidence (RWE) could 

support patients and their caregivers in this domain if the RWE is targeted towards the end user's needs. Therefore, 

the goal was to evaluate whether a prototype of a user-centered CDS tool could meet the evidentiary needs at the point 

of care. The current CDS prototype is the product of the research team's efforts last year to harmonize several NMIBC 

datasets across two health care networks using a common data model that has been previously reported2. 

Methods and Results 

We surveyed 13 urologists from outside where the CDS was developed prompting them with the question, “What are 

the current gaps in clinical guidelines you face while treating patients with NMIBC?” We evaluated if the current CDS 

prototype collected sufficient data and had follow up structure to investigate the question asked by the clinician. We 

then categorized their responses to determine if their questions could be investigated with RWE and whether or not 

the questions could be investigated with our current CDS prototype. When the semi-automated analysis provided by 

the CDS prototype could answer a question it was “discoverable” and when the question could be answered with 

RWE, but the necessary analysis has not been included in the CDS, it is considered “addressable”.  

The CDS prototype was developed using the 

data from two healthcare networks that was 

harmonized with the Observational Medical 

Outcomes Partnership (OMOP) common data 

model. Clinicians responded with 109 distinct 

questions, of which 73 questions were unique 

and 36 questions were repeated. We found that 

all three of the most frequent questions could 

be discoverable using the CDS prototype and 

of all unique questions, 31 (42%) could be 

discoverable with an existing CDS prototype. 

Thus, gaps in clinical trial evidence and 

guidelines to support treatment decisions could 

be supported by the prototyped CDS. 

However, prior to implementation, the 

prototype should be expanded so all questions 

addressable with RWE are supported by the 

CDS, whereas the 27% of questions not addressable with RWE are outside the scope of the CDS. Facilitating provider 

use of the CDS and integrating it into clinical workflow remain as barriers to pilot implementation at the point of care. 

Further, it remains undetermined whether the CDS is effective at improving patient and provider outcomes as 

measured by shared decision-making tools such as the Ottawa Shared Decision-Making Framework.  

Conclusion 

Clinicians treating patients with NMIBC identified 73 unique gaps in clinical guidelines. Of which, 45(62%) could be 

addressed with RWE, and 31 (42%) of these gaps could be discoverable an existing CDS prototype.  
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Overview: The use of Health Information Exchange (HIE) has required the sifting of big volumes of clinical 

data by healthcare professionals whose practice was based on the direct observation and care of patients. The   

volume of HIE data has subsequently increased the cognitive workload and time requirement (“burden”) on 

nurses who are practicing in today’s hospitals with Electronic Health Record Systems (EHRs). In 1970, and 

reinforced in1992, the American Nurses Association (ANA) established the ‘Nursing Process Framework’ as 

the professional standard for documenting nursing practice following six progressive steps1. The Nursing 

Process framework was designed to systematically collect electronic clinical data for nurses to practice and/or 

follow based on a Patient /Nursing Plan of Care (POC). The 2012, National Academy of Medicine published a 

report2 that described that the clinical workflow consisted of poor clinical data integration and poor data 

usability as system factors that prevented the optimization of patient care delivery. The poor nursing data led to 

the nursing information burden and did not meet the ANA professional standards of nursing practice. There was 

a foundational need to identify and to obtain a standardized nursing minimum data set. This effort was designed 

to enable the national objectives of a healthcare ecosystem that was semantically and syntactically interoperable 

“without requiring extra input or ‘special effort’3. A research study was conducted to address the HIE problem. 

The study selected the Clinical Care Classification System (CCC) as the nursing terminology for documenting 

nursing practice in an EHR because the CCC was FREE, approved by ANA, HHS, and met the criteria establish 

by Cimino4 plus other positive characteristics.  

2. Objective: The goal of the research study was to examine nursing data representation in an HIE system and 

its impact on nursing practice.  

3. Methodology: This study was conducted in 850 bed multi-specialty hospital that had implemented the ANA 

recognized nursing process model and had documented nursing practice using the Clinical Care Classification 

(CCC) terminology system. Once the electronic nursing documentation system was implemented, the study was 

conducted and focused on data from 119 documentation templates to determine the common CCC data concepts.  

Each template was examined for common CCC concepts. For example, the Transplant template was selected, 

and an analysis was found to document Perform Urinary Catheter Care. This data concept (nursing Intervention) 

was a common coded nursing practice data element found to be used across multiple templates and/or nursing 

care settings for documenting the nursing Intervention ‘Perform Foley Catheter Care’ on the Maternal Child 

health Unit Template. It was also validated for interoperability by the facility’s eDocumentation council to be 

transferred from the hospital setting to outside the hospital setting.   

4. Discussion: The CCC data standard and the six steps of the Nursing Process Information Model supported 

health data interoperability using the Integrating the Healthcare Enterprise (IHE) Patient/Nursing Plans of Care 

(PPOC). The IHE Profile was the recognized mechanism by the research team for the electronic exchange of 

data related to creating and managing individualized patient care between and among facilities with EHRs. The 

IHE PPOC demonstrated that the exchange of this information based on nursing concepts for diagnoses, 

interventions, and outcomes in a standardized framework using the ANA Nursing Process standard. The 

research analysis of the nursing practice demonstrated that CCC nursing practice concepts provided a cohesive 

and objective picture of a patient’s overall condition., 

5. Result: A research study using a retrospective review was conducted of nursing practice documentation 

covering the first 24 hours of a patient stay. This review demonstrated nursing documentation using the IHE 

PPOC Profile with coded and structured CCC terminology was more complete than the pre-EHR system using a 

method of narrative text documentation5.  

6. Conclusion: A partnership of nursing practice documentation in an EHR system using a coded nursing 

terminology, namely the CCC System, was vital for the exchange and interoperability of nursing data following 

the IHE profile.  
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Introduction 

Healthcare billing claims represent a significant data source for retrospective research. Reimbursed medication 

dispensations from pharmacy claims provide medication history (excluding over the counter medications and 

medications paid out of pocket by patients). We created rules for quality assessment of medication history data (from 

pharmacy dispensations) from real world data provided by the Centers for Medicare and Medicaid Services’ Part-D 

program. Reusing pharmacy claims is common practice yet differentiating between medications with stable, concise 

dispensation features or polymorphous dispensation features remains under described. A concise list for expert review, 

to our knowledge, does not yet exist. Our primary outcome for this effort is to produce such a list in relative terms 

across RxNorm clinical drugs. Our secondary outcome is to discover if there is any correlation between medications 

that have a high share of implausible dispensations and the gross drug cost of those medications. 

Methods 

Using the Virtual Research Data Center, we analyzed 2017 Prescription Drug Events using SAS 9.4 and R. For our 

analysis we transformed National Drug Codes (NDC) into RxNorm clinical drugs (using mappings/concept_ids from 

the Observational Medical Outcomes Partnership [OMOP] vocabulary).  We created the following rules to identify 

medication history records with implausible data; R1H: days of supply too high; R1L: days of supply too low; R2H: 

refills too high; R3H: quantity dispensed too high; R3L: quantity dispensed too low. We piloted multiple 

methodologies for determining rule thresholds (e.g., consider a set of fixed percentile values, formulas utilizing 

multiple percentile values). We also computed the Proportion of Potentially Implausible Rows (PPIR) per clinical 

drug for all rules in aggregate and for each rule separately. We analyzed the relationship between PPIR and drug cost 

(whether the number of events flagged by DQA rules is smaller for expensive drugs).  

Results and Conclusion  

We analyzed 1.49 billion medication dispensations for 5,348 clinical drugs (aggregated from 45,138 distinct NDCs). 

We created a DQA knowledge base in the form of thresholds for each rule specific for each clinical drug 

(supplemental file S1 at project repository at github.com/lhncbc/CDE/tree/master/ehr/dqa). For example, a 

dispensation event is flagged implausible if quantity for ‘Somatropin 6 MG Injection’ exceeds 31 (R3H) or days of 

supply or ‘1 ML ustekinumab 90 MG/ML Prefilled Syringe’ exceed 95 days. The most triggered rule was R2H (in 

5,019 drugs) followed by R1L (in 4,488 drugs). Supplemental file S2 shows PPIRs for each rule and for all rules in 

aggregate plus daily gross drug cost for 2017 Medicare data. We did not find any significant association between 

PPIR and gross drug daily cost. We also considered multi-degree implausibility if the same data row triggered 

multiple DQA rules. 

 

Our KB is the first clinical drug specific, publicly posted KB to support drug history DQA. To facilitate use of our 

KB by Sentinel and PCORNet datasets that may contain NDC coded dispensation history, we provide a larger and 

NDC-expanded version of the KB (file S1b at project repository). Our study has the following limitations: (1) the 

dataset consists of senior Medicare population and (2) formulas based and data-driven thresholds may need to be 

augmented by expert review. Our work advances existing drug history DQA tools (e.g., OMOP Achilles Heel and 

Data Quality Dashboard) because the existing tools are not clinical drug specific. OMOP uses quantity >600 threshold 

for all drugs; no days of supply or refill rules. We have initiated the incorporation of our KB into the OHDSI Data 

Quality Dashboard tool.  
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Introduction. Secure messaging (SM) has been shown to improve patient outcomes. Provider encouragement has 

also been shown to increase patient participation in SM.  Despite steady increases in adoption among Veterans, our 
understanding of patient-level factors associated with SM use remains limited. We examined Veteran perceptions of 
SM, factors associated with volume of SM use, and factors predictive of whether healthcare team members 

encouraged Veterans to ask questions using SM.  
 
Methods. A national cohort of Veterans (n=2,727) was recruited to provide feedback on VA connected-care 

technologies to improve their adoption. These Veterans participated in a survey to gather demographics, perceptions 
of communication, and whether their healthcare team members encouraged them to ask questions using SM. Survey 

responses were supplemented with VA administrative data on participant health characteristics and SM volume 
(number of messages sent). Cohort characteristics were examined descriptively. Factors associated with SM volume 
were identified using negative binomial regression. Predictors of healthcare team member encouragement to ask 

questions using SM were identified using logistic regression.  
 
Results. Veterans sent an average of 12 messages in the prior year. Most reported that their healthcare team 

members encouraged them to ask questions using SM (73.3%). Adjusted analyses indicated that factors associated 
with increased SM volume included: older age (IRR: 1.0; CI95%: 1.0-1.01), higher education (IRR: 1.2; CI95%: 

1.1-1.3), worse perceived health (IRR: 1.1; CI95%: 1.0-1.2), and having asthma (IRR: 1.1; CI95%: 1.1-1.2), 
osteoarthritis (IRR: 1.1; CI95%: 1.1-1.2), or depression (IRR: 1.1; CI95%: 1.0-1.2). Significant predictors of health 
care team member encouragement to ask questions using SM included the Veteran being of higher (vs. lower) socio-

economic status (OR:1.3; CI95%: 1.1-1.6) or being (vs. not being) a self-reported early adopter of technology (OR: 
1.3; CI95%: 1.1-1.5).Being in fair/poor (vs. good/very good/excellent) self-reported health was associated with 
lower odds of having a healthcare team member encourage asking questions using SM (OR: 0.6; CI95%: 0.5-0.8).   

 
Conclusions. Veterans reported encouragement to use SM. Being older, more educated, and having certain health 

conditions was associated with increased SM volume. Being in worse health or of lower SES was associated with a 
lower likelihood of being encouraged to ask questions using SM. Further study is warranted to uncover barriers to 
healthcare team members recommending SM use equitably across all patients. 
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Learning Objective(s). After participating in this session, the learner will understand the current state of secure 

messaging (SM) use in the VA, as well as factors associated with SM volume among Veterans and healthcare team 
member encouragement to use SM to ask questions.    
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Introduction 

Food allergies affect at least 26 million adults in the United States1.  Food allergy research and treatment could be 

significantly improved by sharing data across institutions.  However, there are a number of obstacles to such data 

sharing.  First, although existing ontologies cover many of the critical food allergy data concepts they each only 

offer an incomplete picture and some noticeable gaps are not covered by any ontology.  Second, most data on 

symptoms of food allergic reactions as well as nuanced recommendation on food avoidance are contained in text 

notes rather than in coded fields.  To address these issues and in order to provide a shared repository of food allergy 

data, FARE (Food Allergy Research and Education – www.foodallergy.org) has partnered with the Center for Food 

Allergy and Asthma Research (CFAAR) at Northwestern University (NU) to develop a data commons and 

underlying data dictionary.  This research is supported by funds from FARE. 

Data Collection 

Initial development of the data dictionary involved analyzing food allergy artifacts (e.g. - patient intake forms, data 

entry forms, clinician notes, and questionnaires) interviews with food allergy experts across FARE’s Clinical 

Network (FCN) which consists of centers of excellence across the United States collaborating in order to advance 

the field of food allergy research and treatment.  Experts from four sites participated in the initial dictionary 

development: Children’s Hospital of Philadelphia, Lurie Children’s Hospital, Mount Sinai Hospital, and the 

University of Chicago. 

Next, experts from the four sites participated in a series of consensus meetings discussing each candidate concept.  

During this process we have identified 977 different concepts split among 11 distinct categories for inclusion in our 

data dictionary.  We attempted to match each of these concepts to the OMOP standardized vocabulary for the 

OMOP Common Data Model (CDM). The CDM relies on a number of standard terminologies / vocabularies 

including the SNOMED, LOINC, RxNORM, ICD10, and more.  Most of these elements are codable in OMOP with 

little additional effort, however we found that the category of Oral Immunotherapy lacks the concepts to fully cover 

its complicated nature, as well as a number of concepts spread among the other categories lack definition in any of 

the OMOP ontologies. 

Once the candidate data dictionary has been validated with other FCN sites, qualitative analysis of workflows within 

food allergy clinics will be performed to further revise and finalize the data dictionary. Specifically, testing the food 

allergy data dictionary by conducting a pilot that will include connecting to EMR systems, drawing information per 

pre-defined criteria (using the dictionary) with pre-defined backend analysis of the retrieved data.  In order to 

populate the data commons NU will build a data collection instrument.  This instrument will be implemented in 

several electronic health record systems including EPIC where a Smart Sheet or Flow Sheet will be established.  It 

will also enable future integration between patient data and other research-related artifacts, e.g. biospecimen data.   

Progress and Next Steps 

We are currently working on sending out the preliminary data dictionary to a wider audience of experts.  Using this 

input we will produce a data dictionary of the common data elements deemed essential for the development of a data 

commons to serve as a shared repository of food allergy information.  The poster will provide an overview of the 

process, as well as a high level view of the data dictionary and discussion of the early stages of the pilot rollout. 
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Introduction 
Post-marketing data of adverse drug events (ADE) from spontaneous reporting systems (SRS) are resources to 
evaluate and monitor the safety of medical products. The quality of the data from the reports is dependent on the way 
the data is structured.1,2 A case report found many submissions to federal agencies were incomplete or contain 
inconsistent information about patient history and adverse event data.3 Open narrative fields for describing the adverse 
event, outcome, or other relevant patient medical information (e.g. patient condition) creates a challenge in the 
assessment of ADE.1,2 We provide recommendations for data fields to include in the reporting forms and identify 
common standard terminologies to support data integration and analysis. 

Methods 
We reviewed pharmacovigilance related publications to identify relevant information to include in the reporting 
form.2,3  We assessed adverse event reporting forms to identify the types of information collected: a) MedWatch: The 
U.S. Food and Drug Administration's Safety Information and Adverse Event Reporting Program; b) Vaccine Adverse 
Event Reporting System (VAERS).4,5 In addition, we reviewed a subset of standard terminology resources including 
Systematized Nomenclature of Medicine-Clinical Terms (SNOMED-CT), RxNorm Vocabulary (RxNorm), Ontology 
of Adverse Events (OAE), and Logical Observations Identifiers, Names, Codes (LOINC) to map the properties to 
different standard vocabularies. For the purpose of knowledge representation, these sources were selected to provide 
general understanding and opportunities for integrating biomedical ontologies to adverse event reporting systems.  

Results 
We successfully identified several properties to include in the reporting forms with coding representation from 
standard terminologies. (a) SNOMED CT – indication of use, preexisting medical conditions, relevant history (e.g. 
smoking status, alcohol use, pregnancy status,), result and outcome of the adverse event, and drug allergies; (b) 
RxNorm – suspected medications or vaccine products, concomitant medications; (c) Ontology of Adverse Events 
(OAE) – adverse event types and severity; (d) LOINC – laboratory data including pharmacogenomic testing. 

Conclusion 
Adverse drug events from spontaneous reporting systems provide a valuable data source for pharmacovigilance 
efforts. Use of existing biomedical ontologies to augment or replace narrative fields with discrete data fields to 
describe the adverse event, outcome, and patient related medical conditions may promote standardization, improve 
quality of data from the reports, and minimize the challenges to perform analysis and interpretation.  
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Background 
Survivorship and health-related quality of life (QOL) are particularly important for men with prostate cancer who may 
manage their disease for decades after diagnosis.1 In a previous study of predominantly white, college-educated 
men, the Expanded Prostate Cancer Index Composite (EPIC-26) was used to create a patient reported outcome 
(PRO) dashboard illustrating PRO scores over time.2 This cohort favored traditional bar charts, line graphs or tables 
to represent QOL data.2 We sought to understand QOL dashboard design preferences among a group of diverse 
prostate cancer survivors. 
 
Methods 
Our federally funded Graphical Representation of Symptoms of Prostate Cancer (GRASP) study aims to develop a 
QOL dashboard for men with variable health literacy and numeracy using a mixed methods approach. We recruited 
men from a state-funded program providing free prostate cancer care to low-income Californians and Martin Luther 
King Jr. Outpatient Clinic, a safety net community clinic. Men with prostate cancer diagnosed within 6-10 years were 
eligible.  Of 145 men contacted, 40 expressed interest and 16 participated in 4 focus groups conducted by trained 
personnel. The first portion of the focus group was committed to identifying important QOL topics. The second portion 
sought feedback on wireframe prototypes in multiple formats (e.g. traditional bar and line graphs, icon metaphors, 
isotype visualizations, narrative visualizations with audio and animation). Thematic qualitative analysis of transcripts 
was completed by ELW, GM and KW to identify themes for QOL topics and design preferences. 
 
Results 
Most participants were middle age (median age 62), African American non-Hispanic (14/16) with modest education 
(10 high school/GRE, 2 with an associate degree and 3 with a bachelor’s degree). When discussing QOL topics, men 
emphasized sexual and urinary dysfunction, particularly how preserving erectile function dictated treatment choice. In 
addition, they emphasized the emotional burden of coping with a cancer diagnosis, their views of the healthcare 
system and social context (e.g. alcohol/drug use, incarceration). A focus on mental health was common, with many 
men discussing their self-esteem, emotional well-being, depression and difficulty navigating intimate relationships 
after diagnosis. This emphasis on the mental/emotional burden of prostate cancer was unique to this cohort, and 
covered domains not highly represented in the EPIC-26. Most men were interested in the concept of a QOL 
dashboard but some had trouble conceptualizing how to use it, which was not a barrier for the cohort previously 
studied. When asked to rank prototypes, charts and graphs were favored, much like the college-educated survivors 
(48% favored charts/graphs vs. 39% metaphor visualizations, 32% isotype visualizations and 25% narrative 
visualizations). This group’s dashboard design preferences varied from prior survivors, including encouraging the use 
of color, legends, requesting reference values for men in similar stages of disease and desiring more interactive 
prototypes, including the use of audio to explain PRO scores. 
 
Conclusion 
In a cohort of predominantly African American high school educated prostate cancer survivors, interest in a QOL 
dashboard varied and the mental/emotional consequences of prostate cancer were important. Focus group feedback 
revealed an overall preference for traditional charts and graphs, similar to college-educated survivors. Many unique 
design elements proposed by participants suggests the need for continued patient-directed design and work is 
ongoing to develop a QOL dashboard directed by input from these diverse prostate cancer survivors. 
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Abstract 

Errors in patient matching may be creating conditions that foster adverse safety events. A recent report concluded 

that patient matching is poor quality and could lead to clinical and cost problems. In fact, roughly 38% of surveyed 

providers experienced an adverse event due to a matching issue. Unfortunately, there are few measurements of the 

association between matching errors and patient safety. This study is an effort to bridge our gap in knowledge. 

Introduction 

Determining if two or more references in an information system refer to the same entity or differect real-world entities, 

is called entity resolution (ER) and patient matching is a type of ER. In a 2012 survey, one-fifth of CIOs surveyed 

reported an adverse event in the last year due to matching errors.1 A more recent 2019 survey reported similar 

findings.2 Many reports have echoed these concerns about patient safety and record linkage 3,4 but unfortunately, there 

are few actual measurements of the association between record linkage errors and patient safety in health systems. 

Methods 

We conducted a secondary analysis of health system data. Our institution uses software included with the epic EHR 

for record linkage. For this study, external matching software was used to identify suspected duplicate charts not 

detected and resolved by existing processes. Any patient encounter identified was included in a master list of 

encounters for which a patient matching error existed. A clinical review and root cause analysis of encounters was 

performed where a record linkage error existed during the encounter to identify safety events and near misses. 

Results 

Six-hundred and ninety-two split charts were identified over an 8-year period. These potential matches were reviewed 

to determine if they were truly a match (same patient) and if a safety event could have or did occur. Chart review 

resolved the sets of matched records into four categories 1) different, 2) recently merged, 3) same, and 4) uncertain. 

Patients determined to be the same person were the largest group at 73.23% and the key question is - why were these 

charts split? In 44.66% of cases some combination of the date of birth (DOB) and middle initial (MI) were wrong or 

missing (Table 1). Suggesting that the careful and consistent of just these two data points might help to lessen split 

chart occurances. Most surprising, even with full access to clinical and demographic data as well as time to evaluate some cases 

remained uncertain (Table 2). In these mismatches between both contact information and DOB were the source of most of the 

confusion. 

Table 1. Same category where DOB or MI were missing or 

did not match. Where ‘1’ is the same, ‘0’ is different, and 

NA is missing information 

Table 2. The percent in the uncertain category was highest 

where DOB and Contact Information did not match. Where ‘1’ 

is the same, ‘0’ is different. 

 

 

Conclusion 

Although still in progress, preliminary results suggest that erroneous patient matching is difficult problem that, over 

time, could result in costly clinical as well as business process issues. Each of the four categories could eventually 

lead to medical error if not identified and managed. Inaccuracies and missing information in a few key fields are at 

the root of a large percentage of the matching missteps. Improvement of Epic match rules in combination with data 

entry management could improve results.  
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Introduction 

Iatrogenic events may lead to injury in up to 3.7 of 

every 100 hospitalized patients, and these injuries are 

most often due to medication use(1). Computerized 

physician order entry presents an opportunity for 

systems that predict and warn prescribers about risks at 

the time of medication ordering(2). Here we present on 

the Medication Ordering Safety Study (MOSS) 

pipeline which generates structured query language 

(SQL) to retrieve information from a hospital data 

warehouse and mines this data to build predictive 

models around iatrogenic injury. 

Methods 

 We developed a pipeline which uses templated 

Structured Query Language (SQL) to query the 

Vanderbilt Medical University Center Epic Clarity 

data warehouse on a Microsoft SQL Server. This 

pipeline connects to R, where we built predictive 

models using the CARET package. We tested this 

pipeline on two use cases: a classification task 

predicting antihypertensive-induced hypotension, and 

a regression task predicting lowest 24-hour blood 

glucose after a new insulin order. For the hypotension 

model, we predicted whether the lowest systolic blood 

pressure in a 24-hour period after giving the 

antihypertensive was less than 90. Features included 

age, medication name, intravenous vs oral medication, 

dose, previous two blood pressures or blood glucoses, 

glomerular filtration rate, and cumulative 

antihypertensive or insulin scores. We excluded any 

medications ordered in intensive care units or palliative 

care units.  

Results 

The AUC for antihypertensive-induced hypotension 

was 0.81 (Figure 1). The adjusted R-squared for the 

glucose model was 0.3676 (Figure 2).  

Discussion 

The MOSS pipeline was able to mine electronic health record (EHR) data to generate models for both a regression 

and classification task. Future directions include building out pipeline capacity to handle additional use cases, such as 

opioid-induced respiratory depression, anticoagulant-induced bleeding, and nephrotoxic medication-induced acute 

kidney injury, and incorporating models into the EHR to generate warnings for prescribers when iatrogenic injury is 

predicted. 

Conclusion 

The MOSS pipeline shows promise as a method of data mining the EHR to generate predictions of medication effects. 
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Figure 1. ROC curve of model hypotension after 

antihypertensive order 

Figure 2. Plot of predicted vs actual lowest blood glucose after  

new insulin order 
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Abstract 

 

For cancer patients, it is high priority to improve the use of antibiotics to protect patients and reduce the threat of 
antibiotic resistance. In order to monitor monthly antibiotics usage trend, an application to track utilization indexes, 
including daily defined dose based on WTO ATC/DDD definition (DDD), days of therapy (DOT), therapy duration 
were developed for targeted antibiotics, such as cefepime, ceftazidime, ceftazidime-avibactam, ceftazidime-
tazobactam, ceftriaxone, colistimethate, daptomycin, ertapenem, Linezolid, meropenem, piperacillin tazobactam, 
polymyxin B, tigecycline, vancomycin using SAP Web Intelligent (Webi), SQL Server and Hyperion Studio. 

 

Introduction 
 

Antibiotics usage data were stored in Epic SAP universes system. It is incapable to query very large pharmacy data 
through SAP Webi, and inefficient to clean and prepare the dataset in Webi report for antibiotics utilization. In order to 
monitor monthly antibiotics usage trend, analyze monthly DDD, DOT in per 1000 patient days and therapeutic duration 
for antibiotics stewardship committee, an application for antibiotics utilization analysis was developed for inpatient, ICU, 
NonICU and hospital service centers on targeted antibiotics with control charts to track utilization trend overtime.  

 

Method, Process and Results 
 

1. Data Source 
 

  The antibiotics usage data were queried from Epic Universe and imported into a SQL Server database; the datasets            
, cleaned, and calculated in Hyperion Studio.  
 

2. Data Process 

 
3. Results 

 

  Generate monthly utilization data (DDD/1000 pt days, DOT/1000 pt days, mean duration and medium duration) 
and control charts to track monthly antibiotics utilization trends by comparing drugs, ICU, NonICU, service centers. 
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Introduction 
Assessing user needs is critical in designing interactive applications and systems. However, conducting needs 
assessments can be very resource- and time-consuming, especially when recruiting patients as potential users to 
develop applications to improve their health. Analyzing online health forum data may provide an alternate approach 
to studying user needs by removing the necessity of actually interviewing the potential users. Through text mining 
techniques, the information and patterns in the forum posts can be extracted. In this abstract, we demonstrate a 
feasibility study using the posts of an online forum for Alzheimer’s disease. The results can be used to inform the 
design of a mobile-based application that is being developed to collect observational data to monitor the rate of 
cognitive change in those who developed dementia and may suffer from Alzheimer’s. Our initial research questions 
are 1) what types of caregiver needs are posted and 2) can these types be identified automatically?  
Methods 
Forum posts were crawled from the Alzheimer’s forum on eHealthForum.org with the website’s permission. Since 
the posts were organized in a question-answer fashion (or threads), the crawler extracted metadata of each post (e.g. 
who posted, when, and which thread) in addition to the main text of the posts. The posts were analyzed at the thread 
level, such that texts of the posts in the same thread were merged into one document. The analysis was twofold. 
First, two research team members conducted qualitative coding to categorize the threads based on main needs 
communicated by the post authors. They first developed a code book using 20% of the threads and tested the codes 
with another 20%. Then, the two members independently coded the rest 60% of the posts. Fleiss’ Kappa1 was used 
to calculate the agreement level of the independent coding. The categorized posts were reviewed to create personas. 
Second, a hierarchical clustering pipeline was developed with configurable parameters, including inverse document 
frequency, n-gram size, and number of clusters. The hierarchical clustering results were compared with human 
annotations. The degree of match was quantified by the RAND index2.  
Results 
A total of 413 forum posts in 130 threads were collected from 144 
users; 4 threads were excluded because of their irrelevance to 
Alzheimer’s. The threads (N=126) were manually classified into 9 
codes and 3 themes representing user needs (Caregiver Experience, 
Patient Health, and External Information) with high inter-rater 
reliability (kappa=0.88). The categorized threads were used to 
generate personas to reflect user needs. On the other hand, the 
hierarchical clustering pipeline automatically generated 3 clusters 
(Figure 1), which did not perfectly match the 3 themes. The RAND 
index indicated there was a fair match between the machine labels 
and the human annotations (score=0.48). When the number of 
clusters was manually set to 9, the RAND index indicated a good 
match (score=0.78). The detailed comparison of the manual themes 
and automatic clusters will be reported in the full publication.   Figure 1. Hierarchical clustering results. 
Discussion & Conclusion        
This feasibility study demonstrates that forum data can be an alternative source for user needs assessments through 
qualitative coding and persona creation. However, the relatively small sample size limited any detailed analysis. 
While the coding process can be automated by text clustering algorithms, hierarchical clustering did not achieve a 
very promising performance. Therefore, our future work includes collecting a larger dataset and utilizing the 
analysis pipeline to develop and benchmark our own advanced clustering algorithm. We will also compare and 
contrast the user needs identified through the online forum data with the actual user interviews.  
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Background: The electronic health record (EHR) can be used as an educational tool by providers to review patients previously seen 

and follow their clinical outcomes.[1-2]  There is little known regarding the prevalence of this activity and no standard practices 

governing such behavior.[3]  The primary outcome of our study is to determine the prevalence of providers accessing the EHR for 

patients after they ended their care relationship. Secondary outcomes include differentiating trainee from attending review practices 

and quantifying the duration of review activities after the care relationship has ended.  

Methods: A retrospective review of physician user access logs from 7/1/2018 – 8/1/2018 was performed for all unique emergency 

department visits (ED) from 7/1/2018-7/16/2018 at a large, free-standing urban academic children’s hospital (average 80,000 ED 

visits per year). Physicians were identified as trainee (resident or fellow) or attending based on credentials.  A physician was 

considered a care team member for a given patient based on one of the following actions occurring in the EHR: placing, modifying or 

cancelling orders, and entering, editing, or cosigning clinical notes. Review of previous patients was defined as any access of a patient 

record more than 24 hours after action taken as a care team member. Prevalence of review was the primary outcome; Student t-test 

was used to compare prevalence between trainees and attendings. Median time to last review was also calculated along with the 

interquartile range (IQR) and the Mann-Whitney test was used to compare trainee and attending review.  For both comparisons, we 

took p-value less than 0.05 to determine statistical significance. 

Results: There were 1,236 unique visits with 401 physicians (198 trainees) producing over 24 million access log entries.  The 

prevalence of past patient review for all providers was 28 percent.  For trainees and attendings, the prevalence was 31 and 26 percent 

respectively (p=0.004). Median duration of past patient review for trainees and attendings was 4.6 (IQR = 2 – 11) and 4.4 (IQR = 2 – 

8) days respectively (p=0.45) (Fig 1). 

Conclusion: While both trainees and attendings access EHRs of past patients, trainees may be more likely to review charts after 

leaving the care team. The reason for accessing past patient records is assumed to be educational in nature but cannot be determined 

from this study. Additional work is necessary to understand the prevalence patterns observed and establish best practices for this 

behavior. 
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Introduction:  

This study aimed at quantifying the relationship of histological types of lung cancer and smoking 

behavior as well as common biomarkers in Chinese patients using real world data. 

 

Methods:  

Based on National Cancer Big Data Platform of China, all first-hospitalized medical records of lung 

cancer patients during 2011-2018 in the 13 chosen regional central cancer hospitals were 

retrospectively retrieved. Collected data included demographic, clinical, and histological, and 

smoking behavioral information of each patient. Available test results of biomarkers of the retrieved 

patients were collected and categorized as well. 

 

Results:  

We retrieved 38713 patients, of which 26152 (67.6%) were men and 12561 (32.4%) were women. 

The proportion of smoking was 77.1% in men and 13.7% in women. Among all patients with 

available staging data, 1160 (7.9%), 1081 (7.4%), 4084 (27.8%) and 8372 (57.0%) were in stage I, 

II, III and IV, respectively. As for all non-missing histological records, 4330 (23.7%) were small cell 

lung cancer (SCLC), and 13965 (76.3%) were non-small cell lung cancer. Adenocarcinoma patients 

(7840) was 1.45 times as much as squamous cell carcinoma (SCC) patients (5402). Among all 

smoking patients, 2934 (30.3%) had adenocarcinoma and 3906 (40.4%) had SCC, while in non-

smoking patients, the numbers were 3962 (61.0%) and 915 (14.1%), respectively.  

Available test records of biomarker were found for 4791 patients. SCC patients had higher positive 

rates of cytokeratin 5/6 (92.2%), p40 (93.9%), and p63 (94.2%). As for adenocarcinoma patients, 

positive rates of cytokeratin 7 (96.7%), thyroid transcription factor-1 (TFF-1) (83.3%) were higher, 

while SCLC was associated with chromogranin A (66.4%), synaptophysin (84.5%), and TFF-1 

(86.4%). 

 

Conclusions:  

This study provides quantitative real-world evidence on the association of histological types with 

smoking and biomarkers. Tobacco control should be strengthened especially in men. Popularizing 

affordable and reliable biomarker tests may help to achieve more precise histological diagnosis. 
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Introduction 

Practice facilitation is an emerging supportive service that assists practices with implementing changes and with 

developing internal capacity for sustained improvement over time. Our aim was to understand the relationship between 

practice facilitation strategies and QI implementation success in Healthy Hearts in the Heartland (H3), a QI initiative 

to improve cardiovascular care in small- to mid-size practices through practice facilitation. To do so, we applied a 

theoretical framework that classifies practice facilitation activities by the degree to which the practice relies on the 

facilitator versus develops its own process expertise. We enlisted experienced practice facilitators from H3 to 

systematically map H3 activities to a spectrum of practice facilitation strategies based on the framework. We then 

employed regression tree analysis to identify which practice facilitation strategies were most associated with QI 

implementation success. In addition to characterizing the factors that contribute to successful QI in future endeavors, 

we also hope to extend this framework as a common data model to support more rigorous comparison of practice 

facilitation across QI initiatives. 

Methods 

Our study population was comprised of all 226 primary care practices that participated in H3. We chose to include all 

practices, including the 26 practices that eventually withdrew from H3, because we aimed to understand how the 

facilitation activity that still occurred in these practices related to QI implementation success. During the intervention 

period, practice facilitators recorded their activities in standardized text fields in our Facilitation ACtivity and 

Intervention Tracking system (FACIT), a customer relationship management system repurposed to document 

recruitment and facilitation. Each entry for interactions and/or tasks performed by facilitators was defined as an 

activity. At the time of entry, all activities were classified by facilitators as belonging to one or more of 27 standardized 

activity categories that were pre-loaded into FACIT prior to study inception. 4 facilitators independently mapped the 

27 H3 standardized activity categories to the 5 practice facilitation strategies: Doing Tasks, Facilitating, Consulting, 

Teaching, and Coaching. One facilitator was charged with reviewing the facilitators’ individual maps and identified 

conflicts. Conflicts were first resolved through majority vote. If no majority was present, the facilitators conferenced 

until reaching unanimous decision. In addition to standard correlation analyses, we utilized a regression tree, Kruskall-

Wallis tests and Chi squared tests of association to explore whether practice characteristics, number of facilitator visits, 

intervention duration, and study completion differed across segments. 

Results 

Of the 4,485 documented activities, Training strategies were the most prevalent (32.4%), followed by Coaching 

(23.8%), Consulting (19.8%), Facilitating (15.8%), and Doing Tasks (8.2%). Of note, Training also included the 

highest count of H3 activity categories. The total number of activities varied widely among practices, with practices 

receiving a median of 21 activities (interquartile range, IQR 9-44). The number and proportion of strategies also varied 

widely among practices. All practices received some activities, and most (91.1%) practices received activities of every 

strategy. However, approximately two thirds (66.4%) of practices completed any intervention, again with substantial 

variation. Practices completed a median of 10 interventions, ranging from 0 to 35 completed interventions. We found 

no correlation between the total number of practice activities and the number of completed interventions (β = 0.04, r2 

= 0.33, p = 0.47). There was no significant correlation between the proportion of Doing Tasks, Consulting, Training, 

or Coaching activities and completed interventions.   

Conclusion 

The framework has been a helpful guide in our work with practice facilitators in identifying and addressing 

problematic situations concerning the building of capacity within practices. 

References 
Baker, N., A. Lefebvre, and C. Sevin, A framework to guide practice facilitators in building capacity. Journal of Family Medicine and 

Community Health, 2017. 4(6): p. 1126. 

Ciolino JD, Jackson KL, Liss DT, et al. Design of healthy hearts in the heartland (H3): A practice-randomized, comparative effectiveness study. 

Contemp Clin Trials. 2018;71:47-54. 

1975



An Analysis of Diabetes Mobile Apps Feedback Messages  
Focused on the Healthy Coping Principle 

 
Qing Ye, PhD1, Sue Boren, MHA, PhD1, 2, Uzma Khan, MD3,  

Eduardo J. Simoes, MD, MSc, MPH1, 2, Min Soon Kim, PhD1, 2 
1Institute for Data Science and Informatics; 2Department of Health Management and 

Informatics; 3Department of Medicine, University of Missouri, Columbia, MO 
 

Introduction  
Healthy Coping is one of the key components of self-management for people with diabetes. It provides healthy 
suggestions to help people cope with stress, including exercise. Mobile apps are a promising Healthy Coping tool to 
promote self-management behaviors for people with diabetes. Personalized feedback messages are considered a 
strategy for Healthy Coping. However, there is limited research to discuss whether the feedback messages from mobile 
apps provide helpful information. AADE7 Self-Care BehaviorsTM (AADE7TM) is a structured, validated and widely 
accepted patient-centered diabetes self-management behaviors guideline. The purpose of this study was to investigate 
whether diabetes apps generate personalized feedback messages regarding activity and monitoring of diabetes 
measures as part of Healthy Coping principle based on the AADE7TM. 
Methods 
We searched two major app stores of iTunes and Google Play. We used search terms “diabetes,” “blood sugar,” and 
“glucose” to capture a wide range of diabetes apps from August to October 2019. We used unique apps from two 
stores. We included apps if they were (1) designed for people with diabetes, (2) related to self-management on physical 
exercise or diabetes measures, and (3) written in English. We excluded apps if they only provided access to reference 
material, or not functional at the time of study. We installed the eligible apps to tablets, entered a range of normal and 
abnormal values into the apps to generate feedback messages. The values entered were: (1) blood glucose: 60 mg/dL, 
130 mg/dL, 200 mg/dL, (2) blood pressure: 85/55 mmHg, 120/80 mmHg, 180/120 mmHg, (3) HbA1c: 3%, 5%, 10%, 
(4) height: 5.6 feet, weight:100 lbs, 150 lbs, 200 lbs, and (5) physical exercise: 0, 5, 60 minutes of walking. We also 
used reminder settings to review both real-time and delayed messages. We used the codebook based on the AADE7TM, 
evaluated in our previous study to determine occurrence of diabetes education information in the feedback messages.  
Results 
Out of 1303 apps retrieved, there were 142 eligible diabetes apps. There were 93 diabetes apps which provided 364 
feedback messages. The counts of feedback messages that support the AADE7TM were categorized in Table 1. Most 
feedback messages provided information for monitoring. Regarding activity, “Keep track of activities” had the most 
counts. For monitoring of diabetes measures “Monitor blood sugar levels” had the most counts. Considering the 
quality of feedback messages, most of them were short acknowledgments of data entry.  
 

Table 1 The counts of code in feedback messages according to the AADE7TM.  

Conclusions 
This study suggests feedback messages from current diabetes mobile apps do not provide diabetes education regarding 
Healthy Coping principle. More apps focus on blood sugar monitoring and few provide feedback messages regarding 
activity. Activity and monitoring are essential components of Healthy Coping. Future diabetes apps should incorporate 
balanced feedback messages from the Healthy Coping to better support changing self-management behaviors of 
people with diabetes. Future studies on diabetes apps should focus on Healthy Coping feedback messages tailored to 
motivate people to change health behaviors.  

Healthy 
Behavior Code Count 

Activity  
(35) 

Remind to do exercise 8 
Keep track of activities 27 

Monitoring 
(358) 

Learn what the results of blood sugar mean 34 
Learn what to do if the results of blood sugar are off target 13 
Monitor blood sugar levels 219 
Provide knowledge of blood sugar 2 
Monitor lab test results (other than blood sugar, cholesterol, and urine testing) 24 
Monitor heart health (blood pressure, pulse, weight, BMI, and cholesterol level) 66 

Note: The codes are not exclusive. 
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Background: Myanmar’s Chin state is one of the country’s least developed regions and has the highest poverty rate 
(73%).1 The Chin people face multiple cultural, structural, and institutional barriers to accessing adequate healthcare. 
Health and Hope Myanmar (HHM) and Health and Hope UK (HHUK), our community partners in this work, are the 
only providers of healthcare services to the ethnic minority regions of the Chin. HHM strives to improve health and 
wellness in the Chin state.2 However, a current barrier to understanding health needs and implementing new 
programs involves a lack of actionable population-level health surveillance data. Fortunately, Myanmar is one of the 
fastest growing mobile markets in the world with smart phone usage and mobile coverage expanding. 3 Currently 
HHM’s population surveillance is done by using paper forms, which have inaccuracies and can be somewhat 
unreliable. Our goal is to work collaboratively with HHM to create mobile technology-based surveillance forms to 
improve data collection methods and increase accuracy. More accurate surveillance data will help HHM understand 
the state’s greatest health concerns, then implement and evaluate programs to address related issues.  
Objective: To design, develop and evaluate the feasibility of mobile phone-based mobile application to collect 
population surveillance data of patients in Myanmar’s Chin state.   
Methods: 
We are conducting a workflow analysis of existing paper-based data collection 
forms by interviewing the key stakeholders from HHUK and HHM, including 
the midwives, Traditional Birth Attendants (TBAs) and Community Health 
Workers (CHWs). These interviews are carried out over multiple teleconference 
sessions and are currently in progress. We are using CommCare, an open-source 
platform designed by Dimagi, specifically for data collection in low-resource 
settings, to facilitate design of the mobile phone-based application (Figure 1). In 
parallel with our interviews, we are iteratively creating prototype designs of the 
data collection tools. We are employing a user-centered, participatory design 
approach that actively elicits feedback from the stakeholders in the design 
process to help ensure the design meets their requirements and is usable in the 
specific context.4 
 Results: Our discussions with stakeholders to date have revealed the 
importance of considering cognitive processes, workflow requirements, tasks of 
the end-users (local TBAs and CHWs). Our final product will involve a mobile 
health-based application for population health surveillance data collection  
                                                   
                                                                                                        Figure 1. New patient cases added as phone cases 
Conclusion Enacting community-based interventions first requires an understanding of the needs of a community. 
Our work represents a first-step to  
working with HHM to aid them in improving health and wellness in Myanmar’s Chin state. Results obtained from 
this study will inform future mHealth studies geared towards a community-based participatory approach in low-and-
middle-income countries.   
Acknowledgements: We would like to acknowledge the Anna-Maria and Stephen Kellen Foundation (PI-Masterson 
Creber) for providing pilot funding for this work.  
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Background 
Adverse Drug Reactions (ADRs) occur in up to 20% of hospitalized patients, result in 100,000 deaths annually and 
are major contributors to cost, morbidity, and mortality in the United States. Drug-Induced Renal Injury (DIRI) is a 
significant ADR accounting for 27% of Acute Kidney Injury (AKI) in hospitalized patients.1 Detection of DIRI in 
hospitalized patients is a practical challenge due to the ubiquity and complexity of concurrent AKI risk factors. Our 
goal is to develop a probabilistic phenotyping model to identify DIRI cases using Electronic Health Record (EHR) 
data for cohort and genotyping studies. 

Methods 
Determination of Drug Induced Kidney Injury: This is a retrospective analysis of the Rationale and Design of the 
Genetic Contribution to Drug-Induced Renal Injury Study (DIRECT).1 In brief, DIRECT is a prospective study in 
which cases of patients with AKI meeting the Kidney Disease Improving Global Outcomes Stage 2 AKI criteria 
were identified by the principal investigator at 42 sites in 11 countries for enrollment, data collection and 
subsequently adjudication by a panel of international nephrologists as DIRI vs. Not-DIRI. Because the site principal 
investigator referred potential subjects for evaluation, the DIRECT study had a higher prevalence of DIRI compared 
to the general population. To facilitate the adjudication process, AKI risk factors and objective clinical findings 
were documented and evaluated at pre-specified time points: 1) Hospital Admission; 2) Pre-Drug Exposure; 3) Start 
of Drug Exposure; 4) AKI Day; 5) Peak Serum Creatinine; 6) Drug Discontinuation or Dosage Adjustment; 7) 
Nadir Serum Creatinine; 8) Hospital Discharge; 9) 28- or 90-days post-injury. 

Predictor Variables: A total of 211 clinical predictors were evaluated including demographics, laboratory values, 
vital signs, medications, drug concentrations, AKI risk factors, diagnoses, and procedures were evaluated across 
different time points. Additionally, time-dependent variables were constructed to capture the temporal relationship 
between the nephrotoxic drug exposure and the 
development/resolution of AKI.  

Statistical Analysis: Penalized logistic regression 
with the L1 penalty (LASSO regularization) was 
used for variable selection and to construct a 
logistic model with DIRI vs. Not-DIRI as the 
outcome and the aforementioned predictors. Model 
performance was assessed using the Area Under the 
Receiver Operator Characteristic Curve (AUC). 
Internal validation and confidence intervals were generated using tenfold cross-validation. Model calibration was 
evaluated by Hosmer– Lemeshow statistic.  

Results  
A total of 314 subjects met the inclusion criteria. Of these, 271 (86%) were adjudicated as DIRI. The most common 
prescribed nephrotoxic drug was vancomycin (153, 49% of patients) followed by piperacillin/tazobactam (56, 17% 
of patients), and ibuprofen (26, 8.2% of patients).  Final predictors selected by the LASSO procedure and their Odds 
Ratios (ORs) are shown in Table 1. The model achieved an AUC of 0.79 ± 0.03. The Hosmer– Lemeshow P-value 
was 0.94. 

Discussion 
The DIRECT study offers a high-quality retrospective cohort of patients with potential DIRI. To the best of our 
knowledge, this is one of the first endeavors to create a probabilistic phenotyping model to identify cases of DIRI. 
Variables suggestive of alternate AKI etiologies, such as significant proteinuria indicative of primary glomerular 
disease, made DIRI less likely. By utilizing data collected in the EHR, this probabilistic model can be used at 
multiple cut-offs depending on the use case (e.g., a bias towards specificity or sensitivity) for future studies. 

References 
1. Awdishu L, Nievergelt C, Davenport A, Murray P, Macedo E, Cerda J et al. Rationale and Design of the Genetic Contribution 
to Drug Induced Renal Injury (DIRECT) Study. Kidney International Reports. 2016;1(4):288-29. 

Table 1. Predictors of DIRI from multivariable logistic regression model. 
Note: *exposure days was calculated prior to date of AKI 

Predictor OR (95 % CI) 
History of cardiac surgery 0.07 (0.01 - 0.5) 

 2000 mg/dL (4+) proteinuria on dipstick 0.1 (0.03- 0.6) 

Receiving other prescription medications  0.3 (0.1-0.6) 

 5 days of medium nephrotoxic drug exposure*  33 (4-260) 

Vancomycin trough ≥ 20 mcg/dL 11 (3-50) 
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Introduction 

Clinical decision support systems (CDSS) are developed to improve decision-making and quality of healthcare1. 

However, their use in risk assessment of pressure sores in nursing homes is equivocal2. 

Objectives  

To examine use of CDSS for risk assessment of pressure sores in nursing homes in United States.  

Methods  

Secondary analysis was conducted on data abstracted between Q4/2011 and Q1/2015 from the nationwide Minimum 

Data Set 3.0 Frequency Reports managed by CMS. Deidentified data of eligible nursing home active residents at risk 

of pressure sores was used. National and state trends using the state with worst overall ranked nursing homes during 

the study period were compared. Chi-squared test for trend was performed to determine significance of trend between 

using clinical and tool-based assessment for ascertaining pressure sore risk.  

Results  

Use of clinical judgment (mean 86.46%, ±1.58 S.D) was more predominant than use of tool-based assessment (mean 

83.20%, ±0.51 S.D). The trend revealed that while use of clinical judgment to assess risk of developing pressure sores 

increased, use of tool-based assessment decreased (Figure 1). Chi-squared test for trend between using clinical 

judgment only and tool-based assessment only showed decreasing trend between the groups.  

Conclusion  

Clinicians rely more on clinical judgments for pressure sores risk assessment in nursing homes. Application of 

previously underutilized tool-based risk assessments is declining. Combined use of clinical judgment and tool-based 

risk assessment of pressure sores in CDSS as standalone or integrated into EHR may potentially improve decision-

making and quality of care of pressure sores in nursing homes. 

 
Figure 1. Trends in clinical and tool-based pressure sores risk assessment from Q4/2011 to Q1/2015. 
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Introduction 

Nursing orders impact a nurse’s workflow and may be used to estimate patient acuity and nurse staffing needs. Often, 
nursing orders are free text or verbal, and thus not accessible for automated processing. Given that a nurses activities 
are impacted by the tasks specified in nursing orders, our objective was to evaluate orders used across an academic 
health system to identify opportunities to standardize nursing orders for use in an interface and to estimate staffing 
requirements.    

Methods 

We extracted nursing orders from the University of Utah Health (UHealth) electronic health record (EHR) and filtered 
to identify unique orders based on text strings. We defined syntax rules (action, noun and timing if relevant) to 
harmonize orders to create an initial set for review (Figure 1). Next, we used the structure of the Clinical Care 
Classification System (CCC) (1) to group orders into subsets for analysis, and then focused on nutrition-related orders 
(i.e., component = nutrition) to test our approach.    

 

Figure 1. Methods used in analyzing nursing orders. 

Results  

Among 14,246 orders initially identified, only 1,540 orders (10.8%) had unique text strings. Patterns and syntax rules 
may be used to create standardized labels for an order picklist (e.g., “Please remove foley” and “D/C Foley” can 
harmonize to “Discontinue foley”), resulting in 1,466 (10.3%) unique orders for analysis. Among the nutrition-related 
orders, half (47.4%) were related to “Special Diet” and 26.3% included two or more nursing actions/interventions.  

Conclusion 

Our preliminary analysis and use of the CCC identified opportunities for standardization to better document expected 
nursing tasks and project nursing needs. Current nursing orders often include more than one order which may 
underestimate nursing needs. Further analysis will lead to a proposal for standardizing orders within the UHealth EHR. 

Reference 

1. Saba V. Clinical Care Classification (CCC) System Manual: A Guide to Nursing Documentation. 2nd ed. New
York: Springer Publishing Company; 2012.

Nursing order records retrieved from Epic Hyperspace 
  Order types = nursing orders 
  Order name contains text string “Communication” 
  Date range = Oct 10, 2019 to Feb 4, 2020  
(n=14,246) 

Removed non nursing orders that were 
incorrectly classified as nursing orders in 
the EHR (n=1,053) 

Unique nursing orders based on Order Description and 
Order Comments (n=1,540 records) 

Unique nursing orders for analysis (n=1,466) 
 

Subset of nursing orders included: 
“Communication Order MD to Nursing”, 
“Communication Order Nurse to Nurse”,  
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with timing (if relevant) (n=74)
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Abstract 

Drug safety monitoring using the spontaneous reporting system (SRS) is actively performed during pharmacovigilance. 

As large-scale SRS covers various patient backgrounds and observation areas, risk factors for immune-checkpoint 

inhibitor (ICI)-related lethal adverse events can be evaluated in clinical settings. We investigated risk factors for ICI-

related myocarditis using the SRS database. The risk for ICI-related myocarditis was higher in elderly patients, 

females, and with concomitant ICI use. These findings will guide risk assessments for ICI-related myocarditis. 

Introduction 

Lethal myocarditis is an immune-related adverse event associated with immune checkpoint inhibitors (ICIs) (1). 

However, ICI-related myocarditis is rarely observed; thus, differences in risk factors between ICI-related myocarditis 

and general myocarditis remain unknown. This study aimed to clarify the differences in risk factors, including age, 

sex, concomitant ICIs used, and region of patients between ICI-related myocarditis and general myocarditis. 

Methods 

A retrospective observational study was designed using reports from the US Food and Drug Administration Adverse 

Event Reporting System (FAERS) between July 2014 and June 2018. After stratifying by age, sex, and concomitant 

ICIs, fisher’s exact test and multiple logistic regression analysis conducted to evaluate the association between each 

factor and myocarditis incidence. Statistically significant differences were defined as a P-value < .05. 

Results 

We identified 1,979,157 reports including 13,096 cases used ICIs. The myocarditis reporting rate was significantly 

higher in patients using atezolizumab, durvalumab, ipilimumab, nivolumab, or pembrolizumab. Multiple logistic 

regression analysis indicated that the reporting rate was higher in the elderly (adjusted odds ratio, 7.61; 95% CI, 4.29–

13.50; P < .001), females (adjusted odds ratio, 1.92; 95% CI, 1.24–2.97; P = .004), and combinations with ICIs 

(adjusted odds ratio, 1.93; 95% CI, 1.19–3.12; P = .008). 

Conclusion 

Female sex, over 75 years of age, or concomitant ICIs were associated with a higher myocarditis reporting rate in ICI 

users, demonstrating that risk factors for ICI-related myocarditis may differ from those for general myocarditis. 

Therefore, these patient groups distinct from conventional high-risk patients require special attention. 
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Introduction Improving health literacy is critical in enabling people to protect, promote, and manage their cognitive 
health proactively.  In this increasingly digital world, the Internet is instrumental in achieving this goal.  However, 
older adults and their caregivers face challenges to gather, clean, organize, and present cognitive health data; they 
must search in various resources and manually glean from a confusing array of data.  Notably, there are few 
personalized tools designed with full consideration of social determinants and health literacy to enhance users’ 
capacity to gather, share, and apply cognitive health information more effectively. 
Methods To meet the needs of the growing geriatric population, the proposed Personal Cognitive Health Library 
(PCHL) is being developed to use data science approaches to integrate practical, social determinant-related and 
person-specific cognitive health information from scientific literature, social media, and websites with information 
about specialists, clinical trials, cognitive prevention methods, and community resources. PCHL utilizes a rule-based 
method to extract entity, relation, and attribute from these integrated unstructured and semi-structured data. 
Knowledge fusion and processing methods are then be applied to obtain the structured knowledge graph. In order to 
ensure the accuracy of the updated knowledge, PCHL will use the Markov logic network to automatically clean noisy 
knowledge. Then, PCHL updates the knowledge graph 
with the filtered knowledge as new trustworthy 
information. Click-through rate and recall rate are among 
comprehensive metrics to evaluate the effectiveness of 
recommendation algorithm. A questionnaire-based 
usability evaluation will be conducted in an iterative way 
to improve the usability of PCHL for engagement purpose.   
Results PCHL is being designed using dynamic 
knowledge graph that integrates the latest data from 
heterogeneous sources, including guidelines, scientific 
literature databases, discussion boards, social media, and 
advocacy websites. A recommendation algorithm for 
personalized cognitive health information will be 
developed through underlying knowledge graph by incorporating users’ specific interests and social determinants of 
health for user similarity calculation. 
Experts in gerontology, neurology, 
sociology, medicine, information 
technology and data science will help 
validate personalized information 
contents. The user interface will be 
personalized based on users’ 
characteristics to actively engage their 
access to the library. An iterative 
usability testing will be performed 
during the development. A pilot test with end-users will be conducted to validate if and how it improves health literacy 
and user-reported outcomes, including user satisfaction.  To enable the long-term sustainability of PCHL, we will 
offer outreach workshops and develop a standardized guidance for knowledge graph updatin and interaction. 
Discussion and Conclusion PCHL is expected to help older adults and their caregivers to enhance their health literacy 
and ability to access, manage, and share their unique experiences. The health literacy will be measured by a health 
literacy universal precautions toolkit. It will serve as an open-source communication platform for research institutions, 
healthcare providers, and aging communities. The novel contributions of the proposed work include: 1) constructing 
a large-scale knowledge graph to dynamically assign weights and consolidate diverse information with personalized 
recommendation algorithms through graph inference; 2) improving engagement through user-centered principle such 
as iterative usability evaluation; 3) developing open API following FHIR guidance to interact with the underlying 
knowledge graph through standardized means.  
   With the proposed data science methods, PCHL is slated to make novel contributions within consumer health 
informatics to address the needs of older adults and their caregivers in personal cognitive health information. We plan 
to document and share our roadmap for translation to other chronic conditions through a more generalized framework.   

Causal knowledge graphs generated based on the proposed 
causal relation extraction method  

 

Clinical cognitive screen knowledge tree  
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Introduction: Unobserved confounding is a major concern for causal inference from observational data, such as 
administrative claims and electronic health records (EHRs). While “no unobserved confounders” is commonly 
assumed in estimating treatment effect, the medical deconfounder1,2 weakens this assumption by leveraging the 
dependency of multiple treatments to estimate unobserved confounders. While the medical deconfounder can estimate 
treatment effects of multiple causes on a single outcome, we can gain more efficiency in treatment effect estimation 
if we leverage the dependency among multiple outcomes. In this study, we developed the multi-outcome medical 
deconfounder to estimate treatment effects of multiple medications on multiple outcomes. We demonstrated the 
performance of the algorithm on large-scale EHR data from the Observational Health Data Sciences and Informatics 
(OHDSI) network. 

Methods: Data for this study comes from Columbia University Medical Center database that contains de-identified 
patient data in the Observational Health Data Sciences and Informatics (OHDSI) OMOP common data model (CDM) 
format. Prescription records, pre-treatment and post-treatment potassium, urea nitrogen, and creatinine lab 
measurements were extracted. The cohort contains about 1.4 million patients, 313 drugs and 3 laboratory tests. A 
Poisson matrix factorization (PMF) model was fit to the drug matrix to estimate the confounders. The PMF passed the 
posterior predictive check (PPC) with PPC=0.36, indicating adequacy of fit to the data. The outcome model is a 
multivariate Bayesian ridge regression leveraging the dependences among the outcomes for more robust effect 
estimation. Two outcome models were fit, one without adjusting for confounders (no control) and one adjusting for 
the PMF estimated confounders (Deconfounder).  

Results: The medical deconfounder adjusting for the estimated unobserved confounders produced less biased 
treatment effects than those by the no control model (Fig. 1a). The 95% confidence interval reflects our uncertainty in 
the effect estimates from the deconfounder due to our uncertainty in the estimated unobserved confounders. When 
using the treatment effects to assess the correlation among the three renal measures, we found that the Pearson 
correlation between BUN and creatinine increased after deconfounding (Fig. 1b), consistent with the fact that BUN 
and creatinine are more closely related to renal functions than potassium, and thus drugs that are effective on BUN 
are more likely to have an effect on creatinine.   
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a. b.

Figure 1. Performance of the multi-outcome medical deconfounder. (a) The treatment effects of the top 10 most positive and the top 10 most
negative medications for each renal measure. The 95% confidence interval reflects the impact of the uncertainty of estimated confounders on 
the treatment effect estimates. (b) The Pearson correlation heatmap of renal measures based on treatment effect estimates from the no control 
model and the deconfounder. 
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Abstract 
Many clinical trials suffer from poor recruitment. Electronic Health Records (EHRs) are widely recognized for 
their value to assess potential patient cohort for clinical trials, which may help reduce recruiting costs and enhance 
clinical trial efficiency and quality. In this study, we present a visual analytics tool, DxTree, which maps the diseases 
from EHRs and hierarchically compute cohort counts of indications for clinical trials.   
Introduction 
About 46% of clinical trials failed because of insufficient participants [1]. The advances in EHR technology and 
dramatic accumulation of EHR data promise more value and efficiency to define real-world cohorts for clinical 
trials.  Data-driven cohort definition is appealing for clinical trials but requires substantial knowledge of clinical 
terminologies and clinical data representations, which are often complex and heterogeneous. In this study, we built 
a visual analytics tool, DxTree, to visualize the counts of disease cohorts from EHRs using the MeSH hierarchical 
tree structure.  
Method 
The EHRs were from Mount Sinai Data Warehouse, where disease diagnosis was encoded with ICD codes. The 
diseases studied in clinical trials were assigned with Mesh terms. Synonymous disease codes in MeSH and ICD 
were mapped through UMLS, Disease Ontology, and NLM Mapping project [2]. We arrayed patient counts for 
each indication according to MeSH tree structure. A dynamics algorithm was developed to capture the count of 
branches as there were different paths to tree structure (Figure 1A). At last, cohort counts of indications were 
visualized by the tree structure using dynamic and interactive web browsers.  
Result 
There are 7,414 ICD9 codes and 33,222 ICD10 codes applied in clinical practices of Mount Sinai Health System. 
About 2,100 MeSH codes were mapped with 153 ICD9 codes and 2,410 ICD10 codes. The patient counts for 
MeSH terms were organized according to MeSH tree structure and were visualized, as shown in Figure 1. B 

 
Figure1. A: A dynamic algorithm to count patients for each node. B. The hierarchical DxTree for Indication Counts from EHR 

Conclusion 
We built a Visual Analytics tool, Dxtree, to visualize the hierarchical structure of the patient counts clinical 
indications. The dynamic and interactive tool may be used to assess the qualified patient cohorts for clinical trials. 
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Background: The clinical presentation of pulmonary embolism (PE) is nonspecific and as a result providers 

demonstrate a low threshold to perform advanced diagnostic imaging with computed tomography pulmonary 

angiography (CTPA). This test carries risk for contrast-induced nephropathy and radiation-induced malignancy. To 

reduce over-testing, clinical guidelines recommend using a validated risk score like the Wells’ Criteria for 

Pulmonary Embolism to guide CTPA ordering. An automated process to calculate the Wells’ Score would enable 

the creation of usable, real-time clinical decision support (CDS) as well as quality of care monitoring. While an 

automated version of the Wells’ Score based on Epic structured data was previously validated to retrospectively 

assess provider guideline adherence, we aimed to develop and validate an automated process that can be used for 

CDS in the Emergency Department (ED) using data elements using Allscripts. 

 

Methods: The study included all adult ED encounters with a completed CTPA order at a large tertiary-care hospital 

in New York for May-June, 2019. The Well’s Criteria for PE were determined using electronic health record (EHR) 

data elements queried from the Allscripts Sunrise database. To enable use in CDS, we limited our process to data 

present in the EHR at the time of the CTPA order. For detecting clinical signs and symptoms of deep venous 

thrombosis (S/S of DVT), we searched the chief complaint section of the ED triage note, which contains free text 

entered by the triage nurse. We developed a list of 453 search phrases combining anatomic terms such as “leg” or 

“LLE” with descriptors such as “swelling” and “pain.” A similar search was conducted using a list of 7 phrases 

describing hemoptysis. For pulse greater than 100, the maximum value prior to the CTPA order was extracted. For 

immobilization, we searched for ICU stays and operative notes (specifying general anesthesia) within the preceding 

30 days, as well as ICD-10 codes for quadriplegia. For history of PE/DVT and active malignancy, we searched the 

EHR problem list for relevant ICD-10 codes. We assigned three points for clinical gestalt in all cases, assuming high 

concern for PE as CTPA was ordered. Based on the two-tier model of risk stratification, each encounter was 

classified as “PE likely” (Wells score > 4) or “PE unlikely” (Wells score ≤ 4). The accuracy of these classifications 

was compared to those determined by manual chart review by two independent clinicians (NZ and PR) with a 

Cohen’s kappa of 0.93, consistent with a high level of agreement. Discrepancies were resolved by consensus. 

 

Results: A total of 202 ED encounters resulted in a completed CTPA to form the retrospective study cohort. The 

prevalence of PE was 7.4%. Based on chart review, the automated process was able to detect a majority of each of 

the patient characteristics relevant to Well’s Criteria, ranging from 54% sensitivity for S/S of DVT, to 100% for 

pulse greater than 100. With respect to classification of the patient as “PE likely,” the automated process achieved 

an accuracy of 92.1%, with sensitivity, specificity, positive predictive value (PPV) and negative predictive value 

(NPV) of 93.0, 90.5, 94.4, and 88.2% respectively (Table 1). Nine false negatives included five where S/S of DVT 

were described but not mentioned in the triage note, two where history of PE was not documented in the problem list 

but was described by the provider note, and two where patients had recent surgeries which were not captured by 

operative notes in the EHR. Seven false positives included three where a search phrase was present in the triage note 

but was preceded by “denies,” three due to erroneous entries of PE/DVT in the EHR problem list, and one due to an 

erroneous pulse entry. Based on the automated 

process, the guideline concordance rate of the 

CTPA orders was 74.8%, compared to 75.7% 

based on chart review. 

 

Conclusion: This was a successful development 

and validation of an automated process using EHR 

data elements to classify risk for PE in ED visits 

where a CTPA was ordered. We plan to implement 

this process in the design of a CDS tool to reduce 

unnecessary CTPA orders for suspected PE. 
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Introduction 

Rare disease is a global challenge and huge unmet medical needs for these patients exist in China. “Health for all” is 

the national healthcare strategy and improvement of clinical care and drug accessibility for rare diseases patients is a 

key issue to meet the target of “Healthy China”. Policy making rely on data, both at the regional and national level, 

which are absent in China, partially due to the lack of informatics infrastructure, including standards and terminology, 

data sharing mechanism and network and concerns over patient privacy protection. This study aims to introduce 

China's efforts in informatics innovation of rare diseases. 

Methods 

A systemic national strategy has been implemented to build up the informatics infrastructure for rare diseases 

management. With the budget from the Ministry of Science and Technology of China, Peking Union Medical College 

Hospital (PUMCH) has built up a disease registry system, together with more than 70 hospitals, to do more 
comprehensive research information collection, including clinical, genomic and bio-sample data, and support cohort 

studies. With the support of the National Health Committee of China, PUMCH, as the national rare diseases center, 

provides strong support in planning, coordinating, management and technical support, and lead the network of 324 

hospitals around the country to do direct case reporting of the 121 rare diseases included in the first rare disease catalog. 

Manual registry to the website, available to all member hospitals, is complemented by the automatic reporting by the 

member hospitals that can build up connection between the electronic medical record system and the case reporting 

server, provided by the national center. International standards were incorporated to ensure interoperability and future 

multi-national studies, including Human Phenotype Ontology, SNOMED CT and LOINC. Privacy issues were 

addressed fully compliant with HIPAA rules. To increase the coverage and the population representativeness, multi-

stakeholders involvement strategy were incorporated and disease registry data sources were expanded to variable 

sources, including patient advocacy groups, pharmaceutical databases, claims databases and others. 

Results 

The National Rare Diseases Registry System of China (NRDRS) is now covering the registry of 140 rare diseases and 

the total number of registered patients is 45 000. 130 researchers from 77 institutes are collaborating and sharing the 

data. The National Rare Diseases Case Reporting System of China (NRDCRS) now has 366 member hospitals, 

covering all the provinces in China, and 300 000 cases has been reported to the national center since the September, 

2019, when the pilot system was initiated.  Based on the data available in the two systems, the National Center for 

Health Technology Assessment (HTA) of Orphan Medicinal Products (OMP) has been set up and the expert consensus 

on HTA of OMP were produced and published, providing the technical guidance for industry to perform safety, 

efficacy and economics assessment of OMP and provide evidence for OMP market access approval and insurance 

coverage. The largest knowledgebase for rare disease in Chinese has also been produced based on the network, 

including the guidelines for 121 rare diseases, the textbook of rare diseases and the translation of HPO and 
GeneReviews into Chinese. This provide the further base for continued medical education for the healthcare service 

providers around the country for rare diseases. 

Conclusion 

A national strategy and the coordinating mechanism is the key to success in the improvement of clinical care and drug 

accessibility of rare disease in a country with a large population. Application of innovative informatics solutions can 

help accelerate the process, improve quality and increase efficiency. With the registry system for scientific research, 

case reporting system for public health service and policy making, and the related data-driven systems and services, 

China has built the data infrastructure for rare diseases research and management to address the unmet medical needs 

of these patients and achieve the goal of Health for all. 
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Introduction. Direct primary care (DPC) is an ambulatory practice model that seeks to improve preventive care by 
reducing barriers to direct communication with and care by primary care providers. A low-to-no-additional-cost-to-
patients option in traditional health insurance, DPC aims to reduce per capita costs of care through timely intervention 
and prevention. An essential component of this effort is the use of practice analytics to provide insights regarding 
areas of need for resource re-allocation and strategy planning. We illustrate how analysis of de-identified data from a 
DPC practice can provide evidence about patient characteristics associated with preventable Emergency Department 
(ED) utilization among DPC enrollees. 
Methods. De-identified practice data was extracted from a DPC’s (R-Health, New Jersey) electronic health record 
(EHR) system and administrative (Billing/Claims) records about a pool of 5000 enrollees. Data from November 2016 
to June 2019 was examined, including EHR data, concerning patient demographics, appointments, vital signs, problem 
lists, practice billing and external claims. Inclusion criteria for the extraction (“engaged patient”) was at least one 
physical visit to the practice (characterized by at least one set of vital signs in the patient record). External (not 
occurring at R-Health) claims were linked by patient (StudyID) and care event identifiers. 
StudyIDs were grouped and categorized based on whether or not patients received ED care (emergency room (ER) 
visits) during the study period. Those with ER visits were sub-grouped by number of distinct ER visits. Principal 
diagnoses (ICD-9-CM/ICD-10-CM codes) for ER Visits were tabulated for StudyIDs and ranked according to 
frequencies (of Distinct StudyIDs). The mapping between ICD-9-CM and ICD-10-CM codes was performed with 
General Equivalence Mappings (GEM) 2018 version.1 The top 10 ranked diagnoses were recorded for patients with a 
single ER Visit and for those with multiple ER visits. In addition, completed practice patient appointments were 
recorded and total time was calculated. 
Results. During the observation period, of 5726 enrollees (adult and pediatric), 3184 (55.74%) were defined as 
“engaged” (having been to the clinic at least once). Higher proportions of elder patients (defined as patients older than 
age 50 years) are observed in patients with ER visits, compared to those having no ER visit during the study time. 
More patient-healthcare provider interactions and longer total time were observed in patients with more ER visits. 

Ranking 1 visit More than 1 visit Ranking 1 visit More than 1 visit 
1 Chest pain Chest pain 6 Dizziness and giddiness Pneumonia 

2 Low back pain Abdominal pain 7 
Strain of muscle, fascia 
and tendon at neck level 

Syncope and collapse 

3 Headache Headache 8 
Acute upper respiratory 

infection 
Acute bronchitis 

4 
Urinary tract 

infection 
Urinary tract infection 9 Acute pharyngitis 

Acute upper respiratory 
infection 

5 Palpitations 
Influenza due to 

unidentified influenza 
virus 

10 Syncope and collapse 
Noninfective 

gastroenteritis and 
colitis 

Conclusion.  In conclusion, this study is the first to use real world DPC EHR data as evidence to analyze common 
patient characteristics associated with different situations of ER visits. We also found that more and longer patient-
healthcare provider interactions are observed in patients with more ER visits (ER highflyers). The findings are useful 
in identifying potential ER frequent users and may contribute to lowering healthcare costs. 
Future work.  Outcomes after an ER visit need to be checked and annotated to each encounter and should be 
analyzed to collect data on proportions of preventable or primary care interventions to see the possibilities of lowering 
healthcare cost beforehand. More effort would be needed on prediction modeling for healthcare costs based on 
extracted common features of frequent ER service utilizers. 
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Introduction 
With increasing adoption in multiple institutes and research programs, Observational Medical Outcomes Partnership 
(OMOP) common data model (CDM)1 is emerging as a solution to standardize various types of clinical data2. Here, 
we investigate how does data quality, particularly related to data completeness, vary in OMOP-CDM for different 
clinical data cohorts: one derived from a population with advanced cancers and the other from generally healthy and 
diverse volunteers in the All of Us Research Program3 (AoU). 
Methods 
We looked at two cohorts representatives of oncology data and diverse EHR data. The first consisted of participants 
in the Registry and Biobank for the OncoSET Precision Oncology Program at Northwestern Medicine (NM). The 
other consisted of participants in the AoU at NM. Data were driven from EHR data housed within the Northwestern 
Medicine Enterprise Data Warehouse (NMEDW), and mapped to the OMOP-CDM. At the time of this analysis, there 
were 1,298 patients in OncoSET, 4,049 patients in AoU, and 12 patients in both of the cohorts. 
Fifteen CDM tables in standardized clinical data section were selected and only tables that have records in both of the 
cohorts were investigated. For each column that is required in OMOP-CDM but not a table ID column, a check of 
completeness was performed by inspecting missing rate (MR) and dummy entry rate (DR), which are, the number of 
missing cells or dummy entry cells, divided by the total number of records in the table. Dummy entry in this study 
indicates no meaningful entry in a cell that conveys no meaningful information. For instance, concept ID with a value 
of "0", which indicates "No matching concept". Thus, the check was implemented by executing queries to detect 
entries being empty or with such information. Average MR, the average number of all MRs in each table is also 
calculated to present the missingness of the table. Next, studied columns were assigned to five status according to its 
MR and DR: (1) completed (MR=0 and DR=0), (2) completed with dummy entry (MR=0 and DR>0), (3) partially 
completed (MR>0 and DR=0), (4) partially completed with dummy entry (MR>0 and DR>0), and (5) no record 
(MR=1). Finally, differences were detected by comparing and analyzing results between OncoSET and AoU OMOP-
CDM data sets. Values of OncoSET followed by AoU, are denoted below and separated by semicolon in parentheses. 
Results 
The person, observation_period, visit_occurrence, condition_occurrence, drug_exposure, procedure_occurrence, 
measurement, and observation tables were selected, other tables were either not populated or contained no records. 
Excluding table ID columns, there were 39 required columns in studied eight tables. Eighteen completed columns 
were in both of the cohorts. OncoSET contained less columns that were complete with dummy entries (7;8) and 
partially completed columns (4;6), but more partially completed with dummy entry columns (1;0) and no record 
columns (9;7) than AoU.  
In general, measurement and observation_period were the best-mapped tables in terms of completeness for both of 
the cohorts as all required columns were completed. The two cohorts had the same average MRs in person (43%), 
procedure_occurrence (16%), and observation (25%) tables. OncoSET had lower average MRs in visit_occurrence 
(25%;37%) and drug_exposure (6%;12%) tables but a higher average MR in condition_occurrence (50%;17%) table. 
OncoSET has lower DRs than AoU data set in eight columns, while higher in condition_type_concept_id column of 
condition_occurrence table (78%;75%) and procedure_concept_id column of procedure_occurrence table (3%;0%). 
Conclusion 
Above all, this shows consistent number of columns that have not been mapped to OMOP-CDM in OncoSET and 
AoU cohorts. In those mapped columns, dummy entries were reported, and more emerged in the AoU than OncoSET. 
This may be partially explained by the dense information in the population with advanced cancer who had longer 
persistent interactions with the health system. With growth in population size and EHR domains collected in both 
cohorts, more distinct differences and structural contributors to data quality are likely to emerge and should be 
investigated. 
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Objective 
Improving patient safety requires hospitals to rapidly detect, triage, and respond to adverse events (AE). Triaging 
systems should have high sensitivity and make interpretable predictions. Patient safety indicators (PSIs) for 
identifying AEs based on International Classification of Disease (ICD) codes often have low sensitivity [1]. 
Moreover, ICD codes are assigned after discharge, making them unsuitable for real-time AE alerts and triaging. 
Electronic Medical Record (EMR) data contains rich and timely clinical information and is a promising data source 
that can provide real-time solutions. This study proposes a method for detecting and triaging AEs in near-real-time, 
based on free-text EMR clinical notes. 
 
Materials and Methods 
We used the Medical Information Mart for Intensive Care III (MIMIC-III) [2] dataset. The study cohort was 
comprised of all PU cases (N=1778) identified by ICD codes, and twice as many randomly selected non-cases 
(N=3556). We utilized a Hierarchical Attention Network (HAN) [3] structure with Bidirectional Encoder 
Representations from Transformers (BERT) [4] to classify the text in the EMR clinical notes. We fed sentence 
embeddings generated by BERT to another transformer to obtain "document embedding", abstract vectors capturing 
global information about the whole document. Then model predicted PU status based on the document embedding. 
Due to BERT's inherent attention mechanism, we were able to determine the extent to which specific sentences 
contributed to the final classification, resulting in an interpretable model. We evaluated the performance in two 
ways: 1) using ICD codes from MIMIC-III to define the reference standard, and compared against a fine-tuned 
Support Vector Machine (SVM) as well as another deep learning model called CAML [5]; and 2) via manual chart 
review by two registered nurses using 60 discharge summaries randomly picked from the testing set. This review 
overcomes the potentially low sensitivity of the ICD codes and can determine the correctness of key sentences found 
by the model. To test the effect of speeding up triaging, one nurse read discharge summaries where sentences were 
highlighted according to their importance to the model, while the other nurse read raw documents. 
 
Results 
Based on the ICD reference standard, our design achieved an AUC of 0.95 for identifying PU, which outperformed 
the fine-tuned SVM (0.925) and CAML (0.89). When limiting specificity to 99%, our method achieved 60% 
sensitivity, higher than SVM (37%) and CAML (47%). The review showed that 97% of key sentences (the two 
sentences with highest attention scores in each document) were closely related to pressure ulcers for 17 positive 
documents in these 60 summaries. When using the threshold from the previous step, our model reached 100% 
specificity and 94% sensitivity. The nurse with sentence highlighting reviewed 65% faster than the other nurse. 
 
Conclusion 
To our knowledge, this is the first study that applies BERT + HAN to AE analysis. It provides methods to use NLP 
for timely, interpretable AE identification from EMR. This tool has the potential to be implemented as an AE alert 
or triage assistant to help clinicians with timely detection and management of PUs. 
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Introduction 
With the recent availability of large biomedical data, machine learning (ML) and Deep Learning (DL) have been 
increasingly used in disease prediction, drug development, and genomic discovery. The National Institutes of Health 
(NIH) have announced much interest in biomedical research using ML or DL techniques 
(https://www.nibib.nih.gov/research-funding/machine-learning). Yet little is known about NIH’s previously funded 
grants about using machine learning in biomedical research. In this study, we retrieved the data of the machine learning 
projects funded by NIH within the last five years and applied topic modeling to explore the trend of NIH’s funding 
interests. We also created a web-based interactive platform (http://www.zhaojuanwendy.com/nih-machine-learning) 
for data visualization.  
Method  
Data Source: We searched for funding information of NIH through Research Portfolio Online Reporting Tools 
(RePORT)(https://federalreporter.nih.gov/). We used the keywords “machine learning” and “deep learning” and 
restricted the projects within Fiscal Years (FY) from 2014 to 2018 (October 2015–September 2018). For each project, 
we extracted the title, project number, agency, awardee organization, FY, FY total cost, project start date, end date, 
abstract and keywords. Data preprocessing: For each FY, we grouped all the project titles, abstracts and keywords 
into a single document. For each document, we removed stop words and high-frequent words that appears more than 
60% documents (e.g. patient), and tokenized the texts. Topic modeling: We applied a topic modeling approach – 
Latent Dirichlet allocation (LDA) to the corpus. We calculated topic coherence to choose the optimal number of topics. 
We assigned each research project with a dominant topic with the max probability. If the probability < 0.5, we assigned 
the top two ranked topics. We used spaCy and NLTK, and genism python packages for text preprocessing and topic 
modeling. We used d3.js for data visualization.  
Results 
We identified 5736 projects. The mean duration of time is 3.6 years.  The mean annual FY cost is $480,631. The top 
three funding types are R01, R21, and U01. Among agencies, the National Institute of General Medical Sciences 
(11.8 %), National Institute of Mental Health (11.7%), National Cancer Institute (10.6%) and National Institute of 
Neurological Disorders and Stroke (10.5%) contributed nearly half amounts of awards. By applying topic modeling, 
we identified ten topics and showed the 
amounts of grants related to these topics over 
the years (Figure 1). All topics increased and 
have grown most rapidly since 2017. Studies 
about brain function (topic #1) and cell and 
protein structure (#2) were the top two 
supported topics since 2014. Research using 
images to detect cancer (#8) increased 
dramatically since 2017, potentially due to 
the success of  deep learning in computer 
vision. Other topics such as genetic (#6), 
child and mental health (#7), and using EHR 
for risk factors and trials (#10) continuously 
increased. 
Conclusions 
In this study, we fetched the information 
aboutNIH’s funded grants from an open 
public RePORT system. By applying a topic 
modeling approach, we demonstrated the 
funding trends of NIH in the past five years. 

Figure 1. Framework of concatenating CNN 

Figure 1 Top 10 topics (top key terms in each topic) and temporal trend  
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Introduction 

There is a great need for clinicians to interoperate with electronic health records(EHR) in the aspects of                 
clinical decision support(CDS), care workflows of patients, and data integration[1]. An innovative approach, robotic              
process automation(RPA), is prompted to help clinical workers deal with administrative tasks. RPA is also able to                 
interact with online CDS tools, which provides clinicians a historical diagnosis, an alert, and a suggestion of actions                  
to be taken for patients[2]. The main purpose of this study is to test the feasibility, accuracy and reliability of RPA. 
 
Methods 

To reduce clinician’s burden on manipulating massive information and to support them with             
recommendations on prescription, it is helpful to set up a series of processes in RPA system that will automatically                   
extract data from EHR and then populate it into a form to get a CDS.  

 

FiFigure 1. Overall RPA procedure relating to CDS. 
 
 
 
Discussion 

In the overall process, RPA worked successfully. Over a trial of 50 repetitions of an extraction and form 
insertion task the program was 100% accurate in data extraction and data entry. Nevertheless, this research only 
focuses on a particular EHR platform. More tasks on other formats of EHR are needed to evaluate RPA reliability in 
a more general feature.  

With greater control of RPA and an easy setting up process, clinical staff would have a higher efficiency on 
transferring data with less errors and lower cost[3]. This novel technique would allow clinicians to save much more 
energy both physically and mentally on organizing data, and instead to concentrate on their own field of expertise.  
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Introduction 

Tai Chi exercise is gaining in popularity among older adults (65+ years) as it supports to improve cognitive function 
(e.g., visuospatial function), physical health (e.g., strength and balance), mental health (e.g., depression, stress), and 
self-efficacy.1 Although physical exercise, such as Tai Chi, is beneficial, many older adults struggle to find tutors, due 
to limited resources and high tutoring cost. Recent literature indicates humanoid robots are well accepted by older 
adults and have the potential to provide high-quality exercise facilitation with a lower cost compared to human-
administration.2 However, there is a lack of research reported on the feasibility of a robotic Tai Chi tutor. Therefore, 
we conducted an exploratory study to understand if a robot can guide older adults through Tai Chi exercise. 

Methods 

We developed a Tai Chi tutor using a humanoid robot NAO, which is 58 cm high and can smoothly move its limbs, 
hands, feet, and head to mimic human movements and speak predesigned scripts out using a gender-neutral childlike 
voice. During the exercise, the robot started with a warm-up movement with verbal instructions and encouraged the 
subjects to follow. Then the robot demonstrated six movements from the Yang-style Tai Chi for Beginners, such as 
expanding arms, bending knees, and rotating head. Verbal explanations were spoken by the robot along with the 
movements to facilitate the demonstration. Each movement was divided into a few segments, and each segment was 
repeated multiple times. Then, a few segments were combined for practice. This processes continued until all segments 
were linked together, and thus the whole motion was practiced. A break of 2 minutes was given twice during the 
exercise to prevent/reduce fatigue. Study flyers were distributed in local communities in Milwaukee. Twenty older 
adults (avg age: 69.9 years; 7M, 13 FM; 19 Caucasian, 1 Latino) participated in an experiment, and each experienced: 
1) a pre-exercise survey about current health conditions and experience with technology; 2) a 30-min robot-mediated 
Tai Chi exercise with soothing music displayed in the background.; and 3) a post-exercise survey to give feedback on 
the exercise and the robot. Both surveys were designed specifically for this exploratory study and included Likert-
style ratings and questions that the participants could answer in writing or explain to the expeirmenter verbally. 

Results 

In the pre-exercise survey, 15 subjects reported chronic conditions (e.g., hypertension and arthritis) and 9 reported 
comorbidities of at least 2 conditions, 13 reported previous Tai Chi experiences (ranged from decades ago to recent), 
18 reported no experience with assistive technology, and 19 never interacted with a robot before. All participants 
completed the study. Based on recorded experiment videos, two independent coders evaluated movement similarity 
between the robot and the participants by rating from 1 (no similarity) to 5 (the same). The subjects received an average 
score of 3.5 (SD: 0.79). On a scale of 0 (not at all) to 9 (completely), the post-exersice survey showed that on average 
the subjects rated 7.1 (SD: 0.17) and 7.9 (SD: 0.16) on how much they could follow the robot’s postures and speeches. 

Conclusion 

This study indicated participants toleranced the robotic tutor and followed its guidance well. Although the study was 
preliminary and limited by a small sample size, these results promote further investigation on encouraging healthy 
exercise in older adults using robots, including increasing participant diversity and comparing robots to human tutors. 
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Introduction 

Adverse drug reactions (ADRs) are 4th leading cause of death in the US and account for 7,000 deaths. Despite efforts 
of ADRs monitoring through pharmacovigilance and EHR-based tools, recent studies found many ADRs were 
underreported by clinicians but were captured by patients and consumers 1. With the proliferation of social media 
used in consumer health communications, a recent study has identified various adverse events on Twitter, of which 
23% are medication related, suggesting Twitter as a potential data source for consumer reported ADRs 2. However, 
data veracity has been an untapped problem for using social media, which further leads to poor quality of data (i.e., 
inconsistency, incompleteness, ambiguities, and deception) for research. We sought to explore the prevalence and 
characteristics of data veracity for consumer reported ADRs on social media by comparing the ADRs for 
representative drugs identified on Twitter with validated drug-ADR data in SIDER4.1, a database of recorded ADRs 
3. We then demonstrated proof-of-concept of root causes to ADR Tweets with poor veracity. 

Methods 
We studied three representative drugs (validated in SIDER) from Twitter: Orlistat (Xenical), widely used in 
populations; Oseltamivir (Tamiflu), trending or seasonal drugs; and Fluoxetine (Prozac), psychiatric drugs with 
common side effects across different classes of drugs. Using drug-ADR pairs and coded side effects and their 
synonyms retrieved from SIDER, two trained medical professionals developed Twitter search queries to retrieve 
ADR Tweets in English (2006-2020), which resulted in a list of ADRs for each drug, ranked by occurrences of 
ADRs. With the hypothesis that frequency-ranked ADRs on Twitter should be consistent with the ADRs ranked by 
number of referred sources (e.g., EMA, FDA) on Sider, the ranked lists of ADRs from Twitter were compared 
against the lists of ADRs from SIDER using Kendall’s Tau-b correlation test.  

Results and Discussion 

We identified 142 types ADRs for Orlistat, 109 for Oseltamivir, and 478 for Fluoxetine. We found no correlations 
for distributions of ADRs of Orlistat between Twitter and SIDER (t= 0.04, z = 0.55, p = 0.58). For Oseltamivir (t = 
0.34, z = 4.96, p < 0.001) and Fluoxetine (t = 0.31, z = 8.99, p < 0.001), the correlations are significant. We found 
high-profile ADRs with exceedingly high occurrences on Twitter yet nearly no references on SIDER, suggesting 
possible data veracity problems, for which roost causes were summarized by panel discussion (Table 1). These 
critical findings will lead to a systematic assessment of data veracity of ADRs on social media in our next step.  

Table 1. Characteristics and summarized root causes of identified Twitter ADRs of possible low data veracity. 
High-profile ADRs Characteristics on Twitter Characteristics on SIDER Root causes 

Suicide(Tamiflu� Rank = 4 (N = 1,540); 30% retweets Rank NA (no reference) Retweet without validating source Tweets 
Diarrhea (Oseltamivir) Rank = 45 (N = 5); fewer posts (t = 3.387, p < 0.05) Rank = 3 Language gap between consumers and professionals 

Suicide attempt (Prozac) Rank = 28 (N = 104); fewer followings (t = 2.078, p 
< 0.05); 53.8% retweets 

Rank = 139 Misperception between ADRs and symptoms  

Movement disorder (Prozac) 
Rank = 106 (N = 4); fewer Tweets (t = 3.924, p < 
0.001) and following (t = 2.705, p < 0.05) Rank = 378 

Consumers’ complaints are associated with medical 
conditions other than ADRs  

Allergic (Prozac) 
Rank = 25 (N = 136); Fewer posts (t = 5.223, p < 
0.001) and following (t = 3.403, p < 0.05) 

Rank NA (no reference) 
Poor health literacy and language gap between consumers 
and professionals 
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Background 
Karyotyping is the practice of visually examining and recording chromosomal abnormalities and is commonly used 
to diagnose diseases of genetic origin, including cancers. Karyotypes are written in a language known as the 
International System for Human Cytogenomic Nomenclature (ISCN). Analyzing karyotypes is currently done in a 
manual, non-computational manner due to the structure of the ISCN. The ISCN however is computationally 
intractable and there is no mature software that automatically parses karyotypes, thus precluding the potential of 
these genomic data from being fully realized. ISCN standards have been in place for almost half a century and, due 
to its widespread use in the field of medicine (both academia and industry), a tool that can unlock the wealth of 
genomic data from ISCN karyotypes is badly needed. 
 
Software 
We developed a software program, CytoGenetic Pattern Sleuth (CytoGPS), to fill this gap. Built using the tools of 
ANTLR (Another Tool for Language Recognition)1 and Java, CytoGPS first examines the validity of an inputted 
karyotype based on the latest ISCN manual. Our software is designed to automatically suggest a revised karyotype 
when an incorrect but correctible karyotype is entered; for example, incorrect use of brackets and/or commas. This 
effective spell check system is a useful user-friendly feature since human errors and typos are ubiquitous in the 
process of inputting medical files. This form of data quality assurance can aid in both data entry and in processing 
large retrospective data sets.  
 
CytoGPS then extracts important and relevant biological information embedded in the karyotypes. Such information 
includes 1) the number of occurrences of loss, gain, and fusion of each band (or sub-band) on each chromosome, 2) 
detailed systems for characterizing derivative chromosomes, and 3) the relationship of clones in the karyotypes 
composed of multiple related clones. The loss gain fusion (LGF) model is a means of representing a karyotype in 
vector space, enabling downstream computational analysis. Thus, CytoGPS allows cytogeneticists and biomedical 
data scientists access to new analyses using karyotype data. By converting text-based karyotypes into a 
computational format, CytoGPS makes it possible to combine them with complementary clinical and genomic data 
for knowledge discovery purposes. 
 
Deployment 
For the ease of use of the CytoGPS tool, we developed a website (http://www.cytogps.org), which is free to use for 
any nonprofit purpose. We adopted the Ideogram API for data visualization. Users can examine single karyotypes 
for details or upload a text file for batch analysis. Details of our web portal can be found in our recent publication2. 
We believe CytoGPS will gain in popularity among cytogeneticists and biomedical data scientists.  
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Challenge: Midlife mortality rates are rising in the United States (US), while in many other nations, mortality rates
are decreasing. For example, Stein et al. 2017 found that “Deaths of Despair” due to suicide and substance abuse
have increased dramatically amongst white males between the ages of 25-64 particularly in rural America1. The
MortalityMinder (MM) app’s goal is to enable healthcare researchers, providers, payers, and policy makers to gain
actionable insights into how, where, and why midlife mortality rates are rising in the US.

System Description and Purpose: Using county-level data on mortality rates from CDC WONDER3, MM explores
mortality trends for adults ages 25-64 in the US from 2000 to 2017. Using county-level surveillance data from County
Health Rankings4, MM identifies social and economic factors associated with mortality trends at the county level for
the US and individual states. The user selects the region (specific state or US) and the cause of death (All Causes,
Cancer, Cardiovascular, or Deaths of Despair). MM divides counties into mortality risk groups using clustering and
then finds statistical associations between groups and putative risk factors. MM dynamically creates three analysis
and visualization infographics, each addressing a different question: 1) What are the trends in midlife mortality rates
for a selected cause of death across the United States and in a selected State? 2) How do midlife mortality rates for
a selected cause of death vary by county across the selected state and why? and 3) How are county-level social and
economic factors associated with midlife mortality rates for a selected cause of death in a selected State?

Innovation and Deployment: MM’s rigorous analysis of potential community-level determinants of mortality enables
users to find unmet community needs that can lead to development of programs and policies to improve longevity. Mor-
talityMinder was the third-place winner in the 2019 AHRQ “Social Determinants of Health Visualization Challenge”5.
MM dramatically illustrates recently reported mortality rate increases2, while providing greater insights into state-level
variations and their associated factors to help determine remedies. The MM app, http://mortalityminder.idea.rpi.edu,
is an open source project implemented in R and JavaScript available via Github6. We encourage code contributions
from the community to help make MM an ongoing evolving resource for health providers, payers, and decision mak-
ers to find actionable insights into the social determinants of health. We also use the MM framework to understand
disparities and social determinants of COVID-19 mortality, https://covidminder.idea.rpi.edu/.

Acknowledgments: MortalityMinder was created by students in the Rensselaer Data INCITE Lab with support from
the United Health Foundation and the Rensselaer Institute for Data Exploration and Applications (IDEA).
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Background. We aimed to build a standards-based Population Health Management (PHM) platform to identify and 
manage patients who meet National Comprehensive Cancer Network (NCCN) criteria for genetic evaluation of breast 
and colorectal cancer based on family history data from the electronic health record (EHR). 

The PHM platform has been deployed in two clinical settings integrated with Epic® EHR, University of Utah Health 
(UHealth) and New York University (NYU), and is being integrated with Cerner® at Intermountain. In a clinical 
pilot evaluation of the system, genetic counseling assistants (GCAs) outreached to 71 patients who met NCCN 
criteria for genetic testing; 25 (35%) scheduled an appointment, 27 (38%) were unreachable, 10 (14%) declined, 7 
(10%) would consider it in the future, and 2 (3%) did not need genetic counseling, i.e. 44 of 71 (62%) patients 
responded to standard outreach (defined below). Of the 25 patients who scheduled appointments, 13 (52%) 
completed visits, and 2 (15%) tested positive for pathogenic variants in cancer predisposition genes.  
 
Beyond the pilot, the PHM platform identified an additional 5,174 patients who met criteria for genetic testing at 
UHealth and 16,850 at NYU. Starting in Sumer 2020, these patients are receiving outreach as part of a multi-site 
randomized controlled trial (RCT) at UHealth and NYU to investigate a self-directed patient outreach approach that 
reduces the genetic counseling effort currently required for educating patients regarding genetic testing and 
communicating results. Patients were randomized to one of two patient outreach approaches: standard outreach versus 
self-directed outreach. In the standard outreach arm, patients receive a message through their patient portal 
recommending an appointment with a genetic counselor. In the self-directed arm, patients receive a message in their 
patient portal offering access to an interactive educational "chatbot" that helps patients understand their familial cancer 
risk and the benefits and risks of genetic testing. At the end of the chatbot session, patients are offered the option to 
pursue genetic testing. In this arm, the results of negative tests are also communicated via the chatbot. 

Demonstration. The clinical workflow and EHR integration architecture for both the standard and chatbot outreach 
approaches will be demonstrated showing how patients are educated, how their family history is confirmed, how 
they are given the option to express their interest in genetic testing, and how test results are communicated. 

The system architecture will be described with emphasis on the HL7 standards used (FHIR and CDS Hooks) and the 
system-level customizations required for UHealth and NYU, including 1) screening population identification, 2) 
population-based fact extraction, 3) population-based familial cancer risk detection, 4) communications to patients 
meeting genetic testing criteria, 5) PHM tools/components GCAs use to perform and track outreach, follow up, and 
communicate with primary care clinicians, and 6) chatbot integration with the EHR. 

The speakers are national leaders in clinical decision support innovation and will describe ongoing efforts to integrate 
the PHM platform with both Epic® sites UHealth and NYU, and with Cerner® at Intermountain Healthcare. Lastly, 
they will discuss challenges and opportunities for future research leveraging the PHM platform. 

Acknowledgement. Supported by National Cancer Institute grants U24CA204800-01 from the Informatics 
Technology for Cancer Research (ITCR) program and by U01CA232826 from the Cancer Moonshot program. 
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Abstract 

Natural language processing (NLP) applications generally involves multiple component systems, like tokenization, 
de-identification, named entity recognition, etc. Many component systems have been developed for these tasks and 
are publicly available. However, it is frequently not easy for end users to adapt and integrate these existing 
component systems to process their own data. These systems are often developed by different groups with different 
system environments, and therefore not trivial for end users to execute them in their own system environment. Here, 
we present BENTO, a web-based workflow management platform built on top of CodaLab. BENTO mitigates the 
aforementioned challenges to help users effectively build clinical NLP pipeline applications. BENTO comes with a 
number of state-of-the-art NLP systems that are ready to use. BENTO composes customized pipelines through its 
graphical user interface. It also allows users to integrate their own systems (e.g., pre-trained NLP models) into the 
platform. 

Introduction 

Electronic health record (EHR) notes are rich resources1 for clinical research and applications. Natural language 
processing (NLP) technologies are important to unlock information from the narratives. However, NLP development 
is expensive and time consuming. On the other hand, many NLP systems have been built to perform component 
tasks, like tokenization, de-identification, entity recognition, normalization4, and relation extraction, etc, which 
could be integrated and repurposed for other applications such as question answering. However, it usually takes a 
substantial effort and professional knowledge for users to set up the correct environment to reuse these component 
systems to their own data2. To solve this challenge, we developed a user-friendly, cloud-based workflow 
management platform, BENTO, to facilitate the process of building and customizing clinical NLP pipelines. 
Although there are several other publicly available platforms for building NLP pipelines in the clinical domain, 
including Apache cTAKES, NILE, and CLAMP, BENTO is a valuable addition to them. First, BENTO is a cloud-
based platform. Users are able to access the platform anywhere with a browser and customized pipelines through the 
user-friendly web application without a complex installation and configuration. Second, the UIMA framework 
adopted by cTAKES and CLAMP requires a substantial effort to master. Most published NLP systems are written as 
command-line-based programs and not under a uniform framework, which makes them challenging to be integrated 
into cTAKES and CLAMP. BENTO mitigates such a challenge. Each component system can be integrated into 
BENTO by a simple command line and a Docker environment using a simple configuration language. Users can 
readily add their own NLP systems to the BENTO platform without any restriction of frameworks, programming 
languages and libraries. Third, BENTO comes with an intuitive graphical user interface and state-of-the-art clinical 
NLP systems. Users can effortlessly construct NLP pipelines through editing flowcharts and then apply the pipelines 
to their data. 

Degree of Completeness 

The main design and development of the system has been completed. A running demo has been deployed at our 
lab’s website at bio-nlp.org/bentodemo/.  We have also released the containerized BENTO web application and its 
complete source code at GitHub. 
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Abstract 

NLM-Scrubber is the leading non-commercial software application for clinical text de-identification. Unlike most 
other applications, especially experimental ones, NLM-Scrubber does not require training data to produce reliable 
de-identification. Many academic institutions use NLM-Scrubber to process protected health information in their 
repositories, successfully producing de-identified clinical data for scientific use, while protecting patient privacy. 
Following HIPAA Safe Harbor Privacy Rule, NLM-Scrubber can produce fully de-identified clinical text as well as 
user-tailored limited data sets by preserving certain identifiers in the output based on the recognized needs of 
research. NLM-Scrubber is free and simple to use and it also provides a rich set of features to experienced users. It 
is a workhorse, capable of de-identifying millions of records per day. 

We designed NLM-Scrubber with the ordinary clinician with limited technical background in mind, so it is quite easy 
to use. In the default mode, the user needs to provide only two pieces of information: (a) the location of the input 
folder, in which each file contains a single narrative report of a patient, and (b) the location of the output folder, where 
the corresponding de-identified files would be stored. 

Most clinical text de-identification systems are trained by maximizing F-1 score. This approach yields systems with 
high positive predictive values but relatively low sensitivities. Rejecting this approach, we designed NLM-Scrubber 
to de-identify text with high sensitivity and reasonable specificity rates, such that sensitivity ≥ specificity. We define 
reasonable specificity as “readable” de-identified output sufficiently preserving information content for the scientist.  

Personal identifiers unintentionally remaining in the output may breach patient privacy, for which there is no remedy. 
On the other hand, there is a remedy for erroneous redactions of non-identifiers such as gene names: the user can 
prepare a whitelist of terms that NLM-Scrubber would preserve throughout the de-identification process. If NLM-
Scrubber consistently misses certain identifiers that need to be redacted, the user can also provide a blacklist of terms 
that NLM-Scrubber would redact thoroughly and label with [PII] tags. 

If the scientist needs to 
preserve full dates, ages 
above 89, geographic 
information such as city 
and town names (which 
includes full ZIP codes), 
NLM-Scrubber can pre-
serve such information fol-
lowing a provision of 
HIPAA Privacy Rule called 
Limited Data Set. On the 
user interface (see Figure 
1), the user can select the 
desired data elements 
needed to be preserved and 
NLM-Scrubber would de-
identify accordingly. 

 

NLM-Scrubber downloadable from https://scrubber.nlm.nih.gov is developed at the U.S. National Library of 
Medicine, which fully supports this product so that untapped clinical big data can be made available for scientific use 
without financial concerns while protecting patient privacy to the fullest extent possible. 

Funding 
This work was supported by the Intramural Research Program of the National Institutes of Health, National Library of Medicine. 

Figure 1. NLM-Scrubber’s Graphical User Interface 
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Introduction  
Informatics for Integrating Biology and the Bedside (i2b2) is a well-established open-source clinical data warehousing 
and analytics platform in use at over 200 locations worldwide. [1] It was first released in November 2007, and over 
time it has evolved from a single-site cohort identification tool into an enterprise-ready, network-enabled analytics 
platform with a diverse open-science community. Originally funded by the National Institutes of Health, it is now 
maintained by the i2b2-tranSMART foundation, which continues to refine the core software according to users’ needs. 
Its eighth major version, 1.7.12, was released in January 2020.  
Design Goals 
The core i2b2 software offers a customizable, ontology-based data model, an application programming interface for 
patient-centric data retrieval, and a web-based cohort finding tool. A diverse set of community contributions provide 
add-ons and plugins for a wide variety of import, export, and analytics applications.  
i2b2 serves a variety of user needs across the enterprise. The cohort finding tool is frequently used as a self-serve 
clinical research portal for investigators. Its flexible data model makes it ideal for data ingestion and integration across 
a variety of source systems (from EHR to laboratory to gene expression data), and its application programming 
interface (API) allows it to serve as the backbone for large clinical research networks like the CTSA’s 50-site Accrual 
to Clinical Trials (ACT) network. Its extensible design allows independently developed modules that add features 
beyond the core code, which we call “community projects.” Recent examples include integration with data models 
(e.g., OMOP and PCORnet CDM), APIs (e.g., SMART-on-FHIR), and data sources (e.g., gene sequencing files). 
Description of System  
We will focus on two demonstrative major features added to i2b2 in the January 2020 release. The presentation will 
also provide a brief introduction to i2b2 for newcomers and discuss the plans for i2b2 1.7.13. All features we will 
demonstrate are complete at the time of this writing. 
New Term Search. i2b2’s customizable ontology system provides meaning to the data in the repository. i2b2 
ontologies include metadata about every concept in the database, arranged into a hierarchy. As i2b2 (and biomedical 
informatics) has evolved, terminologies have grown dramatically larger. The i2b2 demo ontology developed a decade 
ago had just over 100,000 terms and the current 2019 ACT ontology has 2.5 million. This 25x growth necessitates 
new methods for navigating the terminologies, but the i2b2 ontology browsing and search interface changed very little 
over the years. Therefore, in this release we made a major overhaul to the Find Terms interface to make finding 
concepts more intuitive to the user. Changes were based on user feedback and a usability analysis of other terminology 
browsers. These changes include: a focused hierarchical view, a result-reduction engine to reduce cognitive load by 
strategically reducing result display, and a tool for locating the term in the full Ontology Navigator. 
REDCap Import Integration. Patient Reported Outcomes (PRO) are frequently used in research studies to add context 
and additional detail to the medical record. PRO often take the form of survey questions, such as subjective evaluation 
of quality of life with chronic disease. A widely-used open platform for conducting patient surveys is Research 
Electronic Data Capture (REDCap). It is critical to integrate PROs with clinical data to enable analytics, and the i2b2 
data model is well-suited for this task. Therefore we have developed an integration of i2b2 with REDCap to 
automatically update the data repository as patients complete surveys, and also to automatically build ontology terms 
for survey items (making the survey items directly queryable in i2b2). The extension uses the REDcap and i2b2 APIs 
to create a live connection between a REDcap survey and an i2b2 project.  
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Introduction and Problem Statement 

Social determinants of health are an important root cause of disease progression1. Hence, the Centers for Medicare 

and Medicaid Services (CMS) funded 32 Accountable Health Communities (AHCs) to screen CMS beneficiaries for 

health-related social needs (HRSN)2. However, HRSN screening programs can be difficult to scale since they tend to 

be health-system specific and resource intensive. To address these issues, CMS funded MyHealth – a regional health 

information exchange (HIE) in Oklahoma – and the Route 66 AHC Consortium – a consortium of state stakeholders 

– to create a screen-and-intervene platform focusing upon communities connected to Oklahoma health systems.   

Intervention: System Design and Innovative Features 

MyHealth’s solution uses an HIE-linked consumer smartphone application (Figure 1). At clinical intake, the 

provider’s electronic health record (EHR) sends an HL7 admission-discharge-transfer (ADT) message to MyHealth 

and MyHealth sends to the patient’s smartphone a questionnaire screening for housing instability, food insecurity, 

utility needs, interpersonal violence, and transportation needs. Any patient reporting at least one need receives links 

to resources customized by patient zip code. Whereas, community-dwelling Medicare or Medicaid patients with needs 

and two or more emergency room visits in the preceding 12 months receive resource links and care navigation services. 

This model is innovative in that it (1) creates a standardized platform to analyze community needs; (2) automates 

multiple steps in the care process – including referrals; and (3) uses an HIE to connect patients to community services. 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 1. Our intervention uses the HIE to automate HSRN questionnaire distribution and response processes. 

Deployment Findings  

Since August 2018, MyHealth has enrolled 90 clinical delivery sites in Oklahoma. As of December 2019, MyHealth 

successfully delivered 447,027 questionnaires to patients with smartphones seeking care at participating centers. There 

were 58,480 responses (13% response rate); at least one social need was present in 13,935 (24%) of those responses. 

This project was supported by Funding Opportunity Number CMS- 1P1-17 -001 from the U.S. Department of Health & Human Services, Centers 

for Medicare & Medicaid Services. “The contents provided are solely the responsibility of the authors and do not necessarily represent the official 

views of HHS or any of its agencies.”  The software deployment complies with privacy and security guidelines. 
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Genomic Sequencing : Tracking, Ordering and Collaboration with GNomEx
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GNomEx, a genomic laboratory information management system (LIMS), is a powerful online tool for ordering,
tracking, billing, and reporting for various genomic sequencing systems while making their use readily accessible
to parties internal and external to our organization. In addition, GNomEx provides for data sharing, and it supports
reporting and figures for overall system oversight. Since its initial release in 2002, the system has connected Huntsman
Cancer Institute (HCI) with collaborators around the nation and beyond, simplifying and enabling collaboration while
assisting in minimizing both service cost and machine downtime.

GNomEx is developed by HCI’s Research Informatics Shared Resource to support HCI’s Disease Center model in
which clinicians and researchers focused on specific cancers collaborate on data capture, sharing, joint research, and
translation into clinical practice. To maintain efficiency and cost-effectiveness, this model depends on centralized data
management resources and software like GNomEx, as well as systems for specimen tracking, clinical data capture,
and more. Since GNomEx was first published in 2010,1 we have extended it to provide additional informational
organization, linking, and sharing of related experiments, as well as financial tracking.

Figure 1: GNomEx interactions
Metric name Count
GNomEx users 3243
Experiments tracked 33,924
# Labs receiving monthly GNomEx invoices 158
US universities with experiments 79
Ivy League with experiments 6 (of 8)
International universities with experiments 29
# Continents w/ universities w/ experiments 5

Table 1: GNomEx collaboration metrics (main server)

These features, along with the decision to allow for
external collaborators to access the system, have com-
bined to facilitate collaboration on a scale greater than
expected. The current version, GNomEx 6, replaced
the prior Adobe Flash version in 2019, and is imple-
mented with a new Angular front-end interfacing with
the Java back-end. It is available as open source from
https://github.com/hci-gnomex/gnomex6.

There are four instances of GNomEx at HCI, the largest
of which is used by HCI’s High-Throughput Genomics
and Bioinformatic Analysis (GBA) shared resource to
coordinate work with investigators. GBA receives re-
quests for processing samples and tracks their status
in GNomEx, adding files for the investigators as they
are ready. Through integration with the university’s
email system, GNomEx automatically generates price
estimates and status updates, delivered via email directly
to investigators. GNomEx also prepares invoices for
work completed in a billing period on a per-lab basis
for administration through integration with the univer-
sity’s payment software. Automated feeds from Foun-
dation One and Tempus make raw sequencing data from
clinical genetic testing available for use by researchers.
Investigators access GNomEx directly to download data
files and analysis results, optionally using the CERN lab’s Fast Data Transfer (FDT) client to move large files quickly.
This structure is illustrated in Figure 1. Users and usage are summarized in Table 1.

The organizational structure surrounding GNomEx combined with the communicative and financial roles it fills have
caused it to take on a important role in the collaborative research at HCI.

This work was funded in part by the NCI of the NIH under Award Number P30CA042014.
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Accrual to Clinical Trials (ACT) - a SHRINE User Interface Refresh to 
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Introduction 
Multi-site clinical trials often requires identifying and locating a statistically significant number of patient subjects, 
the majority of which are unable to meet their initial recruitment goals.  The Accrual to Clinical Trials (ACT) is a 
nationwide federation of leading academic research institutions that share aggregate patient counts from electronic 
health record data. Funded by the NIH through the National Center for Advancing Translational Sciences (NCATS) 
and the Clinical and Translational Science Award (CTSA) program, the network consists of local Informatics for 
Integrating Biology at the Bedside (i2b2) EHR data repositories that are linked by the Shared Health Research 
Information Network (SHRINE) platform. The SHRINE platform includes a web-based query tool that allows 
researchers to construct complex Boolean queries to obtain real time aggregate count of patients at participating 
hospitals who meet a given set of inclusion and exclusion criteria.  Within the ACT network, researchers have 
access to patient sets with regional diversity helping with clinical trial cohort discovery and study feasibility.  To 
date, the network connects 41 CTSA sites and contains data on more than 125 million patient records1.  The existing 
SHRINE/ACT user interface (UI) was derived from i2b2 code that is over 12 years old.  The two products are mirror 
images of one another, allowing a seamless transition between local i2b2 queries to federated queries on the 
SHRINE platform.  In order to address the needs of the rapidly expanding SHRINE/ACT network, and to address 
challenges faced by new users who are unfamiliar with i2b2, the SHRINE/ACT team at Harvard Medical School are 
developing a more intuitive, user-friendly UI with modern usability standards of design, look-and-feel, and 
accessibility. 
 
Discussion 
The continued growth of the ACT network to over half of the CTSA consortium, the availability of record number 
of patient records, and the expansion of the user community, necessitates a new UI and user experience for 
SHRINE/ACT to be as intuitive as possible while conveying complex query construction and eliminating the need 

for extensive training.  
Working with the assumptions listed in Figure 1, the 
development team underwent a series of internal and 
external analysis including 1. A review of 100 prescreened 
studies from https://clinicaltrials.gov to categorize the 
degree of difficulty of inclusion and exclusion criteria as it 
relates to constructing Boolean logic; 2. Producing a 
landscape analysis of existing tools, both open source and 
proprietary to learn how other web client projects have 
taken steps to develop modern web user interface and 
includes: transSMART, TriNetx, LEAF (UW) and Glowing 
Bear (Hyve) and 3. Working collaboratively with the 
i2b2/TranSMART Foundation User Interface working 

group, various ACT working groups, and conducting focus 
groups to gain insights into creating a more intuitive 

workflow while ensuring that the resulting web client is positioned to meet SHRINE/ACT’s growing needs.  The 
system demonstration will unveil the new UI developed by iterative prototyping and rapid user feedback.  
 
Conclusion 
Producing a new SHRINE/ACT web client that is well understood by the user community involves collaboration 
with the user base, incorporating feedback, and validating assumptions to encourage adoption across the CTSA. 
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Assumptions* for*new SHRINE/ACT*User*Interface

Build&to&meet&the&use&case&of&ACT:&cohort&discovery&and&study&
feasibility

Focus&on&“novice”& researchers&who
• Are$not$familiar$with$querying$EHR$data
• Understand)Boolean)logic)concepts)(AND,)OR,)AND)NOT)
• Understand)the)purpose)of)SHRINE)and)the)ACT)network

Include)only) functionality)that)is)most)valuable)to)“novice”)users

Follow)the)ACT)Ontology)created)for)the)ACT)Network

Maintain)the)current)user)interface)for)more)experienced)or)
advanced)users)of)ACT

Figure 1: Goals for new SHRINE/ACT User Interface 
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Clinical guidelines and clinical quality measures are two sides of the same coin.  The former are intended to modify 
how particular sets of patients are managed, whether one by one (via clinical decision support, or CDS) or as a 
group (population health management, or PHM).  The latter exist to measure how well particular sets of patients are 
being managed.  These two types of interventions are often implemented by different groups of individuals who 
typically do not directly collaborate with each other.  For example, electronic clinical quality measures (eCQMs) are 
often developed by payors and policymakers who seek to extract the best patient outcomes from limited healthcare 
resources; while CDS and PHM interventions are usually developed by providers and healthcare delivery 
organizations in order to improve and/or standardize the care which is delivered to patients. Ideally, CDS/PHM 
interventions and eCQMs are based on scientific evidence accumulated by a third stakeholder, researchers, who seek 
to understand how a well-defined treatment or process impacts a well-defined population of patients. A common 
element linking evidence to relevant CDS/PHM interventions and eCQMs is the precise specification of the patients 
being targeted.  The better that the inclusion/exclusion criteria of the research studies which generate the evidence 
match those of the measures, and those of the CDS and PHM interventions, the more likely that the interventions 
will have scientific merit and will promote the goals of the measures. Indeed, the alignment of patient cohort 
specifications through the knowledge lifecycle phases of discovery, action, and measurement is a necessary, though 
not sufficient, feature of a learning health system. 
 
The purpose of this submission is to demonstrate how a common approach to define and manage patient cohorts can 
be a key strategy to create a learning health system that integrates research, care, and quality efforts.  We will utilize 
Clinical Knowledge Management System (CKMS) developed by Semedy to show how patient cohort specifications, 
from level 1 (narrative) through 4 (executable)1, can be modelled, authored, revised, utilized, and shared by different 
stakeholders and across different types of knowledge assets, such as eligibility criteria for research studies, 
inclusion/exclusion conditions for CDS rules and population registries, and population criteria for eCQMs.  We will 
demonstrate how Level 4 (executable) cohort specifications can be tested with synthetic patient data, in order to help 
ensure that the inclusion and exclusion criteria are accurate.  And we will show how to query for both structural and 
semantic errors that may be latent within one’s specifications, correct errors while retaining full history and audit 
functionality, and also how to convert queries into validation rules in order to prevent errors going forward. 
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The All of Us (AoU) Research Program is committed to the ambitious mission of 
collecting health data from a million or more participants, with a focus on those 
under-represented in biomedical research, to accelerate discovery in precision medicine.  At 
this scale, downloading a dataset and storing it locally is expensive, impractical, and 
increases security risks.  Moreover, many researchers will not have the necessary 
computational or security infrastructure to perform local analyses on large datasets.  To 
address these challenges, the AoU Data and Research Center aims to “bring researchers to 
the data” by creating a cloud-based analytical platform to help users test hypotheses in 
silico and readily and efficiently work within an environment that meets robust security and 
regulatory requirements.  This platform, the All of Us Researcher Workbench, includes 
layers of functionality to address researcher needs at all stages of research design and 
execution.  

Three important innovations in the Workbench are designed to meet the needs of 
today’s researcher.  First, the access process includes identity verification, ethics training, 
and data use attestation, enabling the first of its kind “passport model” based on researcher 
identity, not a specific research proposal.  Second, custom tools have been built to create 
datasets for analysis, by identifying relevant cohorts and biomedical concepts.  These tools 
enable exploration and characterization in a graphical user interface, allowing researchers 
to focus on their question of interest.  Third, a cloud-based Jupyter notebooks environment 
supporting R and Python provides easy access to powerful compute and seamless sharing 
of analyses for reproducibility and collaboration.  These three key elements are supported 
by an integrated help desk and extensive documentation including a data dictionary, code 
snippets, and a library of tutorial workspaces, pre-implemented phenotypes, and example 
analyses. 

As of the submission of this proposal in March 2020, the Workbench is in the late 
alpha phase of development, during which over 35 demonstration projects have been 
completed by over 170 users showing the utility of tools and validity of data prior to planned 
beta launch this year to a broader research community.  This systems demonstration will 
provide an overview of the initial Workbench analysis suite, including tools for study cohort 
identification and characterization for feasibility testing, data exploration and covariate 
selection, and analysis. 
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Introduction 

Over the past decade, as the health system has grappled with implementation of provider-centric 
electronic health record systems (EHR), the patient voice has largely been omitted from the corpus of 
routinely collected digital health information. Thus, the clinical and research enterprises are beginning to 
incorporate patient-generated health data (PGHD) including patient-reported outcomes (PROs) to define 
endpoints for treatment, for trials, and to measure value. PGHD includes data from smartphones and 
wearables that are  increasingly ubiquitous and equipped with sensors that record vital health indicators 
like physical activity, heart rate, and heart rhythm. Moreover, specialized consumer-grade devices (blood 
pressure monitors, glucometers, seizure-detections) have extended web presence. However, as PGHD 
continues to be validated, to date, EHR integration efforts are disparate and non-standardized, causing 
scalability barriers. Using only open and free SMART on FHIR standards, we released SMART Markers , 1

a software framework–-for rapid development of modern, health system-integrated apps for patient 
generated health data (PGHD) focusing on enhancing patient experiences. The framework has built-in 
modules that facilitate administration of surveys, including computer adaptive PROMIS® generated data 
and sensor generated data. 

Description of the Demonstration 

We demonstrate two apps built using the SMART Markers framework that connect to a simulated EHR’s 
FHIR endpoint. First, a practitioner app that connects to an EHR, list available PGHD instruments and 
dispatch a FHIR based request to a patient for a selected subset of instruments with an associated 
schedule. This will include a live walkthrough of an ambulatory tablet app that can be handed over to 
patients for on-site completion. Second, we demo a patient-facing smartphone app that connects to the 
same endpoint to receive practitioner requests and submit self-generated data. This demonstration will 
highlight the benefits of using healthcare standards to integrate and enable PGHD capture at scale.  We 
will discuss possibilities of leveraging SMART Markers, and its encapsulated functionality, to create a 
general purpose or clinical context-specific, customized apps, with examples and its common technical 
architecture.  Finally, we will discuss current approaches and barriers to full EHR integration, and possible 
strategies to mitigate those challenges. All tools are open-source and available in a github repository. 
 

Conclusion 

Traditionally, institutions have implemented PROs through large vendor-driven projects with tight EHR 
systems integration or dedicated third-party services that reside beyond the usual clinical workflows. This 
demonstration presents a scalable, reusable, vendor-agnostic solution for integrating PGHD using 
standardized endpoints through a common framework. 

1 Sayeed, R., Gottlieb, D. & Mandl, K.D. SMART Markers: collecting patient-generated health data as a standardized property of 
health information technology. npj Digit. Med. 3, 9 (2020). 
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System Purpose 

To run SEADRAGON (Surveillance Estimates Attributed to Drug-Related Adverse events – Generated ONline), a 

web application for querying a drug-related adverse events database, and calculation of national estimates and their 

confidence intervals. The user-friendly and publicly available application will allow real-time results viewing in 

interactive tables, charting, and exporting in industry standard format. Currently, the adverse events database lacks a 

mechanism for public access, despite interest in these safety data from researchers and members of the general public; 

nationally-representative data on medication-related harms can identify trends and prioritize targets for prevention. 

System Description 

The National Electronic Injury Surveillance System - Cooperative Adverse Drug Event Surveillance (NEISS-CADES) 

database resides on a SQL Server instance and is the backend of a .NET client-server application running at the Centers 

for Disease Control and Prevention (CDC). The U.S. Consumer Product Safety Commission (CPSC) provides monthly 

SAS datasets from cases in their National Electronic Injury Surveillance System (NEISS), which are imported and 

processed at CDC, then updated annually with CPSC finalized SAS datasets. Following the annual finalization at 

CDC, data are prepared for public use. The case data preparation consists in transforming its content and structure 

through an ETL process (extract, transform, load) to another storage system, the SQL Server instance for the 

SEADRAGON web database. Only filtering/domain variables (Case Type, Disposition, Treatment Year, Age Group, 

Age) and stratification variables (Strata, Clusters, Weights) are stored in the database, as well as the drug hierarchy 

variables (Group, Subgroup, Category, Active Ingredient), which are based on the Veterans Health Administration 

National Drug File (NDF).  

All text variables are replaced with integer variables and stored in indexed columns. Indexes based on multiple 

columns are created for speeding up retrieval operations and in-memory calculations. After selecting variables, 

domains, and drug products or active ingredients from the available values, the SEADRAGON database is queried 

and only selected stratification values are used for calculating national estimates. The Taylor Series Linearization 

(TSL) method for variance estimation is then used to compute 95% confidence intervals of national estimates. The 

computational algorithm is implemented in Microsoft C# and eliminates unstable estimates according to limitation 

criteria regarding estimate totals, number of observations, and coefficient of variation. We built test cases and 

performed extensive validation using the SURVEYMEANS procedure in SAS 9.4, with SEADRAGON’s middle tier 

calculation engine having superior computational speed. 

SEADRAGON users can perform ad hoc queries or obtain top 20 rankings of drug products or active ingredients and 

then use filtering options to narrow results. The web interface is designed with a responsive web approach, allowing 

access using both desktop and mobile devices such as tablets and smart phones. The application contains 

comprehensive documentation in multiple forms. One simple form of providing user assistance is the presence of 

tooltips for the interface elements. We also document the steps for selecting the query parameters and domains, and 

how to view, chart, and export results. The help system contains a vocabulary of drug-related adverse events 

terminology and other related documents that can be downloaded. Links to SEADRAGON will enable access and 

integration with other web sites and applications at CDC. During our analysis and design phase we did not learn of 

any public system in United States to provide real-time, ad hoc, and top-ranking calculations and charts of variance 

estimates for stratified, clustered, and weighted drug-related data using the TSL method. 

Deployment Status 

As of the date of submitting this System Demonstration Proposal, the functional SEADRAGON web prototype is 

under web infrastructure integration evaluation by the Division of Healthcare Quality Promotion at CDC.
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Design and deployment of a real-time AI-based telehealth system for 
deterioration prediction of critical-care patients in a large children’s hospital 

Fuchiang (Rich) Tsui, PhD1-3, Lingyun Shi, MS1, Victor Ruiz, PhD1, Fan Mi, MS1, Michael Goldsmith, 
MD2,3, Maryam Naim, MD2,3, Jorge Galvez, MD2,3, and Allan Simpao, MD2,3  

 
1Tsui Laboratory, 2Department of Anesthesiology and Critical Care Medicine, Children’s Hospital of 

Philadelphia; 3Department of Anesthesiology and Critical Care, University of Pennsylvania, PA 

Abstract: Given increased challenges in intensive care, there is a critical need to develop real-time systems for remote 
monitoring and early warning of patient deterioration. We built and evaluated the Intensive Care Warning Index (I-WIN) 
at a tertiary-care children’s hospital. I-WIN has key components, including a real-time data acquisition component, a 
distributed AI platform, and a graphical user interface. I-WIN currently provides real-time streaming vital-sign waveform 
monitoring and early prediction of deterioration for patients with single ventricle physiology in intensive care. 
 Overview: Intensive care units (ICUs) 
face several key challenges and needs 
despite continuous investment in medical 
technology and personnel training. 
Common challenges in ICUs include high 
mortality rates compared with other units in 
a hospital (10%-29% in adult ICUs; 2%-6% 
in pediatric ICUs), increased admissions, 
medical errors, intensivist shortage, and 
alert fatigue.1 In the wake of COVID-19 
pandemics, telehealth can be of value to 
hospitals with limited intensivist resources, 
e.g., remote monitoring of streaming vital-
sign waveforms. 
 Extant research is limited in 
implementing machine learning models in clinical practice, although current state-of-the-art approaches demonstrated the 
advantages of using machine learning in intensive care.2 
 In this study, we built and evaluated a real-time AI-based telehealth system, the Intensive Care Warning Index (I-
WIN), at the Children’s Hospital of Philadelphia (CHOP).  
System Components: I-WIN provides real-time view of patients’ streaming vital-sign waveforms with clinical electronic 
health record (EHR) data, and predicts early and accurately deterioration events including extracorporeal membrane 
oxygenation (ECMO) cannulation, cardiac arrest, and emergent endotracheal intubation (EEI). Currently, I-WIN focuses 
on patients with single ventricle physiology prior to stage-II repair in cardiac ICU. Figure 1 shows the key components. 
Data source layer feeds real-time data to I-WIN, which comprises conventional electronic health record system (Epic®), 
and high-speed medical devices (e.g., bedside monitors, ventilators) with data sampling rates ranging 0.5Hz-240Hz. 
Extract-transform-load (ETL) layer manages streaming data acquisition, real-time data transformation, and scalable data 
loading for both (structured and unstructured) EHR data and high-speed medical-device data. 
Distributed AI layer comprises natural language processing (NLP) component for processing unstructured EHR data, a 
signal processing component for extracting waveform features (e.g., ST segments), machine-learning predictive models 
for deterioration prediction, and an inference engine for running the models. We adopted hybrid databases for storing 
waveform and EHR data. We used distributed open-source platforms (e.g., Apache Spark) for efficiency and scalability. 
Presentation layer comprises a secure web-based interface that enables intensivists to remotely monitor their patients. 
System evaluation: We evaluated I-WIN’s accuracy in data collection and deterioration prediction. I-WIN had 100% 
waveform data accuracy measured by mean square errors by comparing with an FDA-approved waveform monitor 
system. We recently evaluated our random-forest predictive model using a cohort of 766 single-ventricle patients at CHOP 
and the average 5-fold the area under the ROC curve (AUC) was 0.93 (95% CI: 0.9-0.96) with four hours before an event. 
Current Status: I-WIN is being deployed at CHOP with pilot clinician users to further improve its usability and system 
interface. We plan to conduct prospective evaluation next after fine tunings. 
1.  Halpern NA. Critical care statistics. https://www.sccm.org/Communications/Critical-Care-Statistics. Accessed March 24, 2020. 
2.  Ruiz VM, et al. Early prediction of critical events for infants with single-ventricle physiology in critical care using routinely collected data. J 

Thorac Cardiovasc Surg. 2019;158(1):234-243 

Figure 1. Architecture of the Intensive care Warning Index (I-WIN) system. 
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LANN: An integrated online annotation tool for information extraction  
 

Yaoyun Zhang, PhD1, Jingqi Wang, MS1, Hua Xu, PhD1 
1Melax Technologies, Inc; Houston, Texas, United States  

Introduction The last few decades have seen an explosion of biomedical text in scientific literature, clinical notes and 
other sources. Extracting useful information from biomedical text is a vital task in natural language processing (NLP). 
There is a great need for an easy-to-use tool that can effectively annotate text and build the state-of-the-art deep 
learning models. Here we introduce LANN, a newly developed online NLP tool for biomedical text annotation and 
deep learning-based information extraction (IE). LANN upgrades the annotation and model training functions in our 
previously developed CLAMP toolkit1. It not only provides online learning strategies and automatic quality control to 
support efficient annotation with high accuracy, but also can train and deploy deep learning-based IE models with 
minimum effort. 

Overview: LANN is designed for efficient text annotation with high-quality, to support IE tasks of named entity 
recognition (NER) and relation extraction (RE). As illustrated in Figure 1, the intuitive workflow of LANN includes 
several steps: data collection, pre-annotation, guideline 
development, formal annotation, model training and 
quality control. 

Features of LANN are as follows: 
  Time saving: (1) online-learning based semi-automatic 
text annotation using dictionaries and machine learning 
methods; (2) automatically define annotation schema 
based on existing annotations; (3) automatically 
structure and index annotation guidelines 

  Multiple formats support: (1) accommodate 
annotation formats of multiple existing annotation tools, 
such as prodigy, MAE, brat, etc (Figure 2); (2) both text 
and PDF files can be annotated; (3) annotation files can 
be uploaded or imported from database tables. 

  Quality control: Interface for (1) progress 
management; (2) inter-annotator agreement check and 
discrepancy resolving; (3) automatically detect and 
report ambiguous, potentially missing and conflicting 
annotations. 

  State-of-the-art algorithms:  advanced deep learning 
models, such as BERT (Bidirectional Encoder 
Representations from Transformers) for both NER and 
RE tasks(Figure 3);  

  API-based model deployment: (1) Docker download 
with detailed implementation document for API 
deployment on local servers; (2) Cloud-based API 
deployment based on AWS. 

Conclusion In summary, LANN is a novel online NLP 
tool providing multiple advanced functions tailored to 
the workflow of biomedical IE. It will be freely 
available to the biomedical research community. 

Reference: 1. Soysal E, Wang J, Jiang M, et al. CLAMP–a toolkit for efficiently building customized clinical natural 
language processing pipelines. Journal of the American Medical Informatics Association. 2017.
 

Figure 1. Workflow of function modules in LANN. 

Figure 2. Data source interface of LANN. 

Figure 3. Deep learning methods in LANN. 
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	132 BCS participated and registered to use the online SCP, of which, 91 logged into the online SCP more than once after registration. 53 BCS completed the online questionnaire. 96% of them reported that they found it to be a useful tool for BC survivo...
	Conclusion
	Overall, participants expressed high levels of satisfaction from using ACESO and indicated that it was a useful tool for BC survivors. The online SCP addresses the several shortcomings of the paper-based SCPs by delivering interactive and customized i...
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	Introduction
	One in five older adults experiences adverse drug events after discharge.1 Discharge instructions improve transitions by communicating critical information ,2 but the quality of instructions varies dramatically. Limited English proficient (LEP) patien...
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	Introduction
	The Health Level Seven (HL7®) Fast Healthcare Interoperability Resources (FHIR®) standard is gaining traction as an interoperability approach with broad-based support from industry, government, payers, and healthcare organizations.   The vision of the...
	Conclusion
	Although we are only in the initial year of the Lab, we are encouraged by the level of engagement by participants and as a group, we are already gaining insights on innovative ways to solve problems using FHIR and ideas on how to enhance the refinemen...
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	Applying phenotypes to operationalize high-yield clinical features derived from a heuristic artificial intelligence model for a rare disease in the EHR
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	Abstract 
	High-yield predictive phenotype combinations derived from an AI algorithm offers opportunities for real-time identification of patients with high probability of a rare disease. We describe the design, development, and EHR-based integration of a complex combination of phenotypic features for the detection of a rare heart disease, Wild-type transthyretin amyloid cardiomyopathy (wtATTR-CM). The features associated with the design of the phenotypes and considerations for integration into an EHR are discussed. 
	Introduction
	Wild-type transthyretin amyloid cardiomyopathy (wtATTR-CM) is a progressive, life threatening disease caused by the formation of  transthyretin (TTR) amyloid fibrils that accumulate in the heart and various tissues.1 Unfortunately, wtATTR-CM is  often misdiagnosed as more common HF etiologies, and delays in diagnosis are associated with significant morbidity and mortality2. A previously developed AI algorithm derived from medical claims data using ICD diagnosis codes delivered robust performance in predicting wtATTR-CM in HF patients with sensitivity/specificity/accuracy of 94/94/91% and AUC 0.973. ICD diagnosis codes included in the AI algorithm were subsequently mapped to phenotypes for easier interpretability and electronic health records (EHR) implementation4,5. 
	 
	Design/Results
	Twenty high yield combinations of 2-6 phenotypic features were identified based on odds ratios and performance characteristics, allowing several functional EHR configurations to be designed for operationalization to identify patients with high risk for wtATTR-CM. EHR implementation strategies were devised based on operational integration within a workflow or retrospective evaluation of relational data. EHR-based build guides were developed to incorporate the best predictive combinations utilizing either a clinical decision support (CDS) notification or a real-time report using the EHR operational hierarchical database (Epic Chronicles). Structured Query Language (SQL) analytical reports were also built for the relational database (Epic Clarity), expanding the data sources to include problem list, visit/encounter diagnosis, financial transactions, and medical history tables. A silent version of the CDS notification was deployed in the EHR production environment in March 2020. After 4-6 weeks of running the CDS notification in the background, final performance metrics were determined to assess the impact of various data sources, various EHR configurations, and phenotypic combinations on the identification of patients at risk for wtATTR-CM within the EHR.
	  
	Conclusion
	Preliminary results reveal multiple options to design EHR implementation of high-yield predictive combinations utilizing phenotypes to identify patients at risk of wtATTR-CM. Limitations with available data sources for each design could impact combination performance and output.  Operational reports, which are accessible to clinicians, are more convenient to build but can pose system performance limitation and may timeout-based on query duration and size. Analytical reports are more difficult to build but offer greater flexibility than operational reports while offering multiple data sources to include for a more robust output of combinations.  
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	Introduction
	Methods
	Post-colectomy patients experiencing complications were retrieved from Cerner’s Health Facts dataset. ICD-10 procedure codes were used to identify patients who underwent colectomy. ICD-10 diagnosis codes were used to identify complications post-colect...
	Results
	We retrieved 4,351 patients that underwent colectomy from 2014-18 in the Health Facts dataset. A total of 109 contrast subgroups were identified. After using the J value and P values to  evaluate and rank the difference between subgroups, we found tha...
	Conclusion.
	Developing ways to intervene early, preventing complications has a significant positive impact on patients and the healthcare system. In this study, we found that patients in the age group 30-69 that underwent open colectomy on descending or sigmoid c...
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The Food and Drug Administration (FDA) Center for Biologics Evaluation and Research (CBER) Biologics Effectiveness and Safety (BEST) Initiative: How Informatics Can Assist the Secondary Use of Electronic Health Records to Inform Regulatory Decisions



Azadeh Shoaibi PhD, MHS1, Hui-Lee Wong PhD1, Christian Reich MD, PhD2, Keran Moll PhD3, Tina Hernandez-Boussard PhD4

1US Food and Drug Administration, Silver Spring, MD USA;

 2IQVIA, Cambridge, MA, USA;

3IBM, Cambridge, MA, USA; 

4Stanford University, Stanford, CA, USA



Abstract

The Food and Drug Administration (FDA)/Center for Biologics Evaluation and Research (CBER) monitors the safety and effectiveness of biologic products, including vaccines, blood and blood derived products and advanced therapeutics. The 21st Century Cures Act in 2016 directs the FDA to use real-world data (RWD) to develop real-world evidence (RWE) to support regulatory decisions. CBER established the Biologics Effectiveness and Safety (BEST) Initiative in 2017 that includes a network of electronic health records (EHR) and linked administrative claims-EHR data sources. 

The panel presents an overview of the BEST Initiative and informatics considerations for the secondary use of EHRs. Using case studies in biologics, the panel will discuss ascertainment of exposures and outcomes in EHRs, development of semi-automated tools for EHR-based chart review and adverse event reporting, and interoperability and portability of computable phenotypes across EHRs. This interactive session will engage participants to understand the goals and challenges of biologics surveillance using EHRs.



After participating in this session, the attendees will:

· become familiar with the FDA biologics surveillance system   

· identify the challenges and opportunities in the secondary use of EHRs to monitor the safety and effectiveness of medical products in general and biologics in particular

· gain insight on methods needed to improve secondary use of EHRs for surveillance purposes including fitness for use, generalizability and external validation.  



Panel Description

The BEST Initiative is an FDA/CBER program that leverages, among others, the promise of EHRs’ capture of clinical information towards generating evidence to support regulatory decisions with respect to safety and effectiveness of medical products. The panel will cover the regulatory considerations and challenges that arise from the use of EHRs given EHR data are routinely collected for clinical and billing purposes and not for surveillance or regulatory decision making. The panelists will a) review ongoing efforts and challenges encountered in the secondary use of EHRs for surveillance and evidence generation, and b) illustrate different considerations and potential approaches employed in transforming RWD to regulatory grade and methods needed to generate the evidence. Subsequently, discussion with the audience will discuss the vision and barriers of using EHRs to advance the CBER’s public health mission of monitoring the safety and effectiveness of biologics. The interactive discussion with the audience will identify novel opportunities, informatics solutions and foster new partnerships to address the challenges.



Moderator: Hui-Lee Wong, PhD

The moderator will set the stage with a brief overview of how the secondary use of EHRs may address certain surveillance needs, including pandemic preparedness, identification of biologics exposure in RWD and near real-time surveillance, that may be available in other existing RWD in a limited scope. Evaluating RWE for informing regulatory decisions relies on the reliability and relevance of EHR data and methods used to generate the evidence. Thus, the moderator will ask the panel to illustrate their experience and challenges in EHRs as RWD. 



Panelists



1. Azadeh Shoaibi, PhD, MHS - FDA CBER BEST Initiative  

The 21st Century Cures Act in 2016 mandates the FDA to explore use of RWD to generate RWE to inform regulatory decisions. In September 2017, CBER launched the BEST Initiative, an expansion of the pre-existing surveillance infrastructure and other evidence generation capabilities, that adds new data sources, including EHRs, administrative claims, and linked claims-EHR data to address unique surveillance features of biologics. 

The panelist will provide an overview of the BEST Initiative and describe opportunities, challenges, and areas of improvement associated with the use of EHRs for surveillance purposes. These include (a) determining and assessing  EHR fitness for use and criteria for reliability (b) the trade-off between ensuring adequate data quality via EHR data curation and timeliness of EHR data for near real-time surveillance of biologics, (c) methods to address limitations of EHRs in capturing comprehensive, longitudinal record of patients’ health care experiences, and other factors that impact completeness of EHR data and, (d) scalability of the network of EHRs as balanced between high touch and automation as well as use of a common data model



2. Christian Reich, MD, PhD - Challenges and Solutions for Establishing High Quality Exposure and Outcomes Data for Blood Components

FDA CBER is tasked to surveil the safety of blood components. RWD are the obvious choice since blood components lack commercial sponsors with the means to run randomized controlled trials (RCT). However, such data must meet two key requirements of data quality: reliable capture (sensitivity and specificity) and correct timing. The performance characteristics of the latter, which is rarely considered in observational research, is very important as many outcomes are severe and acute, and without the right timing it is impossible to attribute an outcome to a transfusion event and estimate its overall risk. Unfortunately, the typical mechanisms for capturing structured data heavily rely on the billing process and codes. Blood components are typically not billed for, and transfusion events are typically not captured in a timely manner. One solution to this problem going beyond medical record review lies in the capture of other data sources such as blood bank databases and their coding systems like International Society of Blood Transfusion ISBT 128.



3. Keran Moll, PhD - Considerations for EHR Interoperability and Portability of Semi-Automated Tools to Facilitate Outcome Validation and Case Reporting

As part of this panel, IBM will discuss the development of an infrastructure that reduces the burden of time-intensive manual medical record review across various contexts. Given the widespread adoption of EHR systems today, in addition to the availability of linked administrative claims-EHR databases, there are numerous opportunities to leverage these data for evidence-based decision-making and rapid generation of clinical insights. This session covers the development and deployment of semi-automated tools to facilitate medical chart reviews for outcome validation and adverse event reporting (Figure 1), in addition to validation of algorithms using EHRs or linked claims-EHR data. To address aspects of portability and flexibility, the application connects directly to Fast Healthcare Interoperability Resources (FHIR) servers within healthcare provider’ systems using the SMART-on-FHIR connection widely available across EHR systems. Specifically, the IBM panelist will share their approach to the design, development and deployment of these flexible semi-automated tools in various contexts, as well as considerations for portability of tools across different healthcare provider systems. Challenges, lessons learned, and the use cases where these tools can be applied will also be discussed throughout the session.



4. Tina Hernandez-Boussard, PhD - Development of New and Innovative Methods for Automated Reporting for CBER-Regulated Biologic Products

The 21st Century Cures Act requires the use of RWE for post-market surveillance. Using EHRs from a tertiary care academic medical center, we have developed an informatics pipeline for the systematic monitoring and surveillance of CBER-regulated products and outcomes. However, the secondary use of EHRs is challenging as these data are often not systematically collected, stored, or formatted and hence there are both technological and algorithmic barriers to overcome before these data can be routinely used for post-market surveillance. We will discuss these barriers and potential solutions to overcome these challenges, including those related to external validation.  The use of electronic biomedical data can improve the monitoring and surveillance of regulated products; yet challenges need to be recognized and addressed upfront.



Why is this timely, urgent, needed, and attention grabbing?

The 21st Century Cures Act mandates the Agency to consider how, among others, data collected during the delivery of routine healthcare (RWD) can be converted to evidence to support regulatory decisions for medical products. EHRs have transformed how medical information is captured and are widely adopted. Thus, EHRs are an attractive candidate for RWD. While the US Department of Health and Human Services/Office of the National Coordinator for Health Information Technology has set standards to create EHRs that “could be used to advance healthcare processes”, exploration of EHRs as RWD has unearthed challenges within EHRs infrastructure for adequate capture of clinical information and evidence generation. Unique to this session, we will describe the areas of improvement to utilization of EHRs that may serve FDA’s mission of surveillance of medical products. To inform FDA’s RWE program under the Cures Act and to help FDA/CBER understand the considerations of EHRs in supporting regulatory decisions regarding safety and effectiveness of biologics, this panel will present the Agency’s challenges to actively engage with the informatics community to brainstorm possible opportunities and solutions for the secondary use of EHRs in the regulatory framework.



Discussion Question List

1. What is the biggest challenge faced in developing these solutions of secondary use of EHRs? What is the most important lesson you learned from the process? 

2. What are the solutions seen in other EHR systems to address data quality, completeness, transparency of study designs and analysis plans, generalizability, timeliness and scalability?

3. Are there solutions in other systems that may serve the issues of interoperability and portability of computable phenotypes across EHRs? 

4. Are these tools transportable to other settings? If not, how can they evolve to become transportable? 

5. Are there aspects of EHR infrastructure which could be used as proxies for event date and time to establish temporality between two events such as an exposure and an outcome?

6. What partnerships are necessary to be forged to develop solutions for secondary use of EHRs to generate RWE and inform regulatory decisions?

7. Are there mechanisms like accreditation and other professional instruments to drive quality reporting into the EHRs?



Organizer Participant Statement: All participants above have agreed to take part on the panel. 
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